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2020 Research and Innovation Programme under Grant Agreement No. 101006689. The
participation involved taking part in the setting up the multi-scale modeling network.
The author was also involved in the ’Research on smart operation control technologies
for offshore wind farms (CONWIND)’ project supported by the Research Council of
Norway, ENERGIX, with grant number 304229.
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Wind speed and direction data at FINO1 were made available by the RAVE (Re-
search at Alpha Ventus) initiative, which was funded by the German Federal Ministry of
Economic Affairs and Energy on the basis of a decision by the German Bundestag and
coordinated by Fraunhofer IWES.
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Abstract

A wind turbine wake is the flow structure formed behind a wind turbine rotor due to the
extraction of kinetic energy from the flow. The resulting flow structure is characterized
by reduced wind speed and increased turbulence intensity. Due to the turbulent mixing,
the wake flow eventually recovers to the free-flow characteristics. Nevertheless, a wake
may reach downstream turbines and affect their inflow. Wakes from several turbines in
a wind farm will combine and form a wind farm wake, which may span longer distances
than a single turbine wake. The arrangement of wind turbines within a wind farm,
including the choice of turbines’ size and type, plays a crucial role in how wind farm
wakes potentially affect the wind resources availability. Estimating wake effects thus
becomes an essential part of wind energy research.

Knowledge of wake behavior is important in several applications, to name a few: esti-
mation of the yearly energy production of a wind farm, short-term forecasts for the wind
turbine control, development of the control strategies for wake deflection, or evaluation of
the wake effect of the nearby farms on a potential construction site. The precision needed
and methods used also vary accordingly. For example, industrial applications prefer fast
and simple-to-run methods for power production estimation and wind turbine control,
provided the accuracy remains adequate for decision-making. Many simplified methods
can be derived from complex equation-solving approaches and assumptions. However,
any new method should be validated prior to application. The validation is hindered
if little observational data are available or the experiment cannot be reproduced on a
smaller scale in a wind tunnel. Thus, building a research framework to select models
and approaches relevant to the task is equally important as performing the study itself.

This thesis approaches wake research from both the modeling and observational per-
spectives. The modeling part considers analytical wake models and numerical simula-
tions, particularly large-eddy simulations (LES). Throughout the thesis papers, a model-
ing chain is demonstrated. The preparatory stage involves selecting the analytical wake
model and verifying the grid refinement in the PALM LES code. Knowing how the grid
refinement improves the model’s flow resolution, a transient event over the North Sea is
simulated over the Alpha Ventus wind farm using mesoscale and microscale simulations.
The dynamic wake field obtained as the simulation output is then analyzed with the pre-
viously selected analytical models to evaluate how well they adapt to rapidly changing
conditions. It was found that the super-Gaussian model estimates the wake shape well
and does not require corrections. Therefore, it should be worth focusing on this model
and implementing it wider in wake research.

Another part of the thesis focuses on observational data. This part tackles an impor-
tant aspect of studying turbine wakes from wind fields measured with a scanning lidar.
While scanning lidars are versatile instruments capable of measuring a two-dimensional
wind field, scan resolution hinders using them for wake analysis. Thus, wake identifica-
tion and characterization methods should consider the case of insufficient resolution or
noise in the data. The thesis suggests a dynamic thresholding method for wake identifi-
cation. The thresholding approach for wake identification selects a value that explicitly
separates a wake from the free flow and allows studying either of them. Although the
thresholding approach is not new in wake research, the existing applications use a fixed
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Awindturbinewakeistheflowstructureformedbehindawindturbinerotorduetothe
extractionofkineticenergyfromtheflow.Theresultingflowstructureischaracterized
byreducedwindspeedandincreasedturbulenceintensity.Duetotheturbulentmixing,
thewakefloweventuallyrecoverstothefree-flowcharacteristics.Nevertheless,awake
mayreachdownstreamturbinesandaffecttheirinflow.Wakesfromseveralturbinesin
awindfarmwillcombineandformawindfarmwake,whichmayspanlongerdistances
thanasingleturbinewake.Thearrangementofwindturbineswithinawindfarm,
includingthechoiceofturbines’sizeandtype,playsacrucialroleinhowwindfarm
wakespotentiallyaffectthewindresourcesavailability.Estimatingwakeeffectsthus
becomesanessentialpartofwindenergyresearch.

Knowledgeofwakebehaviorisimportantinseveralapplications,tonameafew:esti-
mationoftheyearlyenergyproductionofawindfarm,short-termforecastsforthewind
turbinecontrol,developmentofthecontrolstrategiesforwakedeflection,orevaluationof
thewakeeffectofthenearbyfarmsonapotentialconstructionsite.Theprecisionneeded
andmethodsusedalsovaryaccordingly.Forexample,industrialapplicationspreferfast
andsimple-to-runmethodsforpowerproductionestimationandwindturbinecontrol,
providedtheaccuracyremainsadequatefordecision-making.Manysimplifiedmethods
canbederivedfromcomplexequation-solvingapproachesandassumptions.However,
anynewmethodshouldbevalidatedpriortoapplication.Thevalidationishindered
iflittleobservationaldataareavailableortheexperimentcannotbereproducedona
smallerscaleinawindtunnel.Thus,buildingaresearchframeworktoselectmodels
andapproachesrelevanttothetaskisequallyimportantasperformingthestudyitself.

Thisthesisapproacheswakeresearchfromboththemodelingandobservationalper-
spectives.Themodelingpartconsidersanalyticalwakemodelsandnumericalsimula-
tions,particularlylarge-eddysimulations(LES).Throughoutthethesispapers,amodel-
ingchainisdemonstrated.Thepreparatorystageinvolvesselectingtheanalyticalwake
modelandverifyingthegridrefinementinthePALMLEScode.Knowinghowthegrid
refinementimprovesthemodel’sflowresolution,atransienteventovertheNorthSeais
simulatedovertheAlphaVentuswindfarmusingmesoscaleandmicroscalesimulations.
Thedynamicwakefieldobtainedasthesimulationoutputisthenanalyzedwiththepre-
viouslyselectedanalyticalmodelstoevaluatehowwelltheyadapttorapidlychanging
conditions.Itwasfoundthatthesuper-Gaussianmodelestimatesthewakeshapewell
anddoesnotrequirecorrections.Therefore,itshouldbeworthfocusingonthismodel
andimplementingitwiderinwakeresearch.

Anotherpartofthethesisfocusesonobservationaldata.Thisparttacklesanimpor-
tantaspectofstudyingturbinewakesfromwindfieldsmeasuredwithascanninglidar.
Whilescanninglidarsareversatileinstrumentscapableofmeasuringatwo-dimensional
windfield,scanresolutionhindersusingthemforwakeanalysis.Thus,wakeidentifica-
tionandcharacterizationmethodsshouldconsiderthecaseofinsufficientresolutionor
noiseinthedata.Thethesissuggestsadynamicthresholdingmethodforwakeidentifi-
cation.Thethresholdingapproachforwakeidentificationselectsavaluethatexplicitly
separatesawakefromthefreeflowandallowsstudyingeitherofthem.Althoughthe
thresholdingapproachisnotnewinwakeresearch,theexistingapplicationsuseafixed
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threshold value. The fixed threshold value shows good results for wind fields from a
wind tunnel or numerical simulation. However, it may not work as well with lidar data
which may have noise or low spatial resolution. The presented novel method dynamically
selects the threshold, allowing it to adapt to the coarse and noisier lidar data. A subse-
quent procedure to detect the wake centerline, regardless of whether the wind direction
is known, is also suggested, making the method less dependent on the data quality and
supporting time series availability.

The drawback of scanning lidars is that they do not measure the actual wind speed
but only the line-of-sight velocity along the lidar beam. The scanned wind field is the
closest to the original when the lidar’s line of sight is aligned with the wind direction.
A special procedure, so called lidar retrieval, is required to reconstruct the original wind
field. This procedure also allows mapping of the wind speed components and local wind
direction. One of the available methods for the wake field retrieval was validated on a
larger lidar data set and additional time series. The method used was further tested
for the sensitivity to the initial guess and weights used during the optimization process.
During the new validation, it was found that wakes in the regarded lidar scans were wider
and stronger than in the validation of the original algorithm. The more prominent wakes
disrupted the retrieval algorithm so that it returned unnaturally increased wind speed
along the wakes. This effect could be mitigated by masking wakes with the previously
described dynamic thresholding method. Thus, it is shown how different approaches
may be combined to improve the processing of observational data. The validation left
several options for further improvement of the method; the next stage should involve
comparison with the numerical simulation data.

The papers constituting the thesis describe the setting up of the multi-scale modeling
framework and lidar scan processing for the wake analysis. Although they may use
seemingly independent methods, it is shown how the synthesis of the methods benefits
the understanding and analysis of the wake field. While the additional processing codes
produced during the work on this thesis have room for improvement, they have proved
their capability of performing designated tasks for wake identification, lidar retrieval,
and analytical model fitting. The multi-scale modeling framework established during
the studies can then be used for simulating new cases and performing flow analysis in a
similar way.
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thresholdvalue.Thefixedthresholdvalueshowsgoodresultsforwindfieldsfroma
windtunnelornumericalsimulation.However,itmaynotworkaswellwithlidardata
whichmayhavenoiseorlowspatialresolution.Thepresentednovelmethoddynamically
selectsthethreshold,allowingittoadapttothecoarseandnoisierlidardata.Asubse-
quentproceduretodetectthewakecenterline,regardlessofwhetherthewinddirection
isknown,isalsosuggested,makingthemethodlessdependentonthedataqualityand
supportingtimeseriesavailability.

Thedrawbackofscanninglidarsisthattheydonotmeasuretheactualwindspeed
butonlytheline-of-sightvelocityalongthelidarbeam.Thescannedwindfieldisthe
closesttotheoriginalwhenthelidar’slineofsightisalignedwiththewinddirection.
Aspecialprocedure,socalledlidarretrieval,isrequiredtoreconstructtheoriginalwind
field.Thisprocedurealsoallowsmappingofthewindspeedcomponentsandlocalwind
direction.Oneoftheavailablemethodsforthewakefieldretrievalwasvalidatedona
largerlidardatasetandadditionaltimeseries.Themethodusedwasfurthertested
forthesensitivitytotheinitialguessandweightsusedduringtheoptimizationprocess.
Duringthenewvalidation,itwasfoundthatwakesintheregardedlidarscanswerewider
andstrongerthaninthevalidationoftheoriginalalgorithm.Themoreprominentwakes
disruptedtheretrievalalgorithmsothatitreturnedunnaturallyincreasedwindspeed
alongthewakes.Thiseffectcouldbemitigatedbymaskingwakeswiththepreviously
describeddynamicthresholdingmethod.Thus,itisshownhowdifferentapproaches
maybecombinedtoimprovetheprocessingofobservationaldata.Thevalidationleft
severaloptionsforfurtherimprovementofthemethod;thenextstageshouldinvolve
comparisonwiththenumericalsimulationdata.

Thepapersconstitutingthethesisdescribethesettingupofthemulti-scalemodeling
frameworkandlidarscanprocessingforthewakeanalysis.Althoughtheymayuse
seeminglyindependentmethods,itisshownhowthesynthesisofthemethodsbenefits
theunderstandingandanalysisofthewakefield.Whiletheadditionalprocessingcodes
producedduringtheworkonthisthesishaveroomforimprovement,theyhaveproved
theircapabilityofperformingdesignatedtasksforwakeidentification,lidarretrieval,
andanalyticalmodelfitting.Themulti-scalemodelingframeworkestablishedduring
thestudiescanthenbeusedforsimulatingnewcasesandperformingflowanalysisina
similarway.
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Sammendrag

Bak en vindturbin rotor som trekker kinetisk energi ut fra luftstrømmen, blir strømnings-
forholdene endret. Dette området kalles vindturbinens vake. Vaken er karakterisert av
redusert vindhastighet og økt turbulensintensitet. På grunn av den turbulente blandin-
gen med strømningen utenfor vaken, vil vaken etter hvert gjenvinne egenskapene i den frie
vindstrømmen. Likevel kan vaken fra en turbin nå en nedstrøms turbin og påvirke dennes
innstrømningsforhold. Den samlede virkning av flere vaker fra turbiner i en vindpark
vil summeres og danne en vindpark vake. Denne vaken vil kunne ha større utstrekning
enn vaken fra en enkel turbin. Plasseringen av turbiner i en vindpark, inklusive valg av
turbinstørrelse og type, spiller en vesentlig rolle for tilgjengeligheten av vindressursene.
Estimering av vake-effekter er derfor en vesentlig del av vindeenergiforskningen.

Kunnskap om tubin-vaker er viktig i mange sammenhenger, for å nevne noen få:
beregning av årlig energi produksjon, korttids prognoser for vindturbinkontroll, utvikling
av kontrollstrategier for å avbøye vaker, eller evaluering av vake-effekten av nærliggende
vindparker på en potensiell ny vindparks byggeplass. Den nødvendige presisjonen og
metodene som benyttes varierer også. For eksempel vil en i industrielle applikasjoner
foretrekke raske og enkle metoder for kraftproduksjonsestimering og vindturbinkon-
troll, forutsatt at nøyaktigheten forblir tilstrekkelig for beslutninger. Mange forenklede
metoder kan utledes fra komplekse ligningsløsninger og antakelser. Hver ny metode bør
imidlertid valideres før den tas i bruk. Valideringen vanskeliggjøres dersom lite obser-
vasjonsdata er tilgjengelig eller eksperimentet ikke kan reproduseres i mindre skala i en
vindtunnel. Derfor er det viktig å bygge et forskningsrammeverk for å velge modeller og
metode er like viktig som å utføre vakestudiene i seg selv.

Denne avhandlingen tilnærmer seg vake-forskning både fra et modellerings- og et
observasjonsperspektiv. Modelleringsdelen betrakter analytiske vake-modeller og nu-
meriske strømnings-simuleringer, spesielt large-eddy simulation, LES (stor virvelsimuler-
ing). Forskningsartiklene tar for seg ulike aspekter i en modelleringskjede og analyse av
resultater. De forberedende trinnene innebærer å velge egnede analytiske vake-modeller
og verifisere den romlige oppløsning i LES løseren implementert i PALM simuleringsko-
den. Når det er kjent hvordan romlig oppløsning forbedrer modellens oppløsning av
vindstrømningen, simuleres en transient hendelse over Nordsjøen over Alpha Ventus
vindparken ved bruk av simuleringskoder i mesoskala og mikroskala. Det komplekse
vind/vake-feltet som oppnås som simuleringsresultatet blir deretter analysert med de
valgte analytiske vake-modellene for å evaluere hvor godt de tilpasser seg raskt skiftende
vindforhold. Det ble funnet at den supergaussiske modellen estimerer vakens formen
godt og ikke krever korreksjoner. Derfor er det verdt å fokusere på denne modellen og
implementere den bredere i vake-forskningen.

En annen del av avhandlingen fokuserer på observasjonsdata. Denne delen tar for seg
et viktig aspekt ved å studere vake fra vindfelt målt med en skanning lidar. Mens skan-
ning lidarer er allsidige instrumenter som er i stand til å måle todimensjonalt vindfeltet,
begresnser skanneoppløsning bruken i analyse av vaker. Derfor bør en vurdere metoder
for vake-identifikasjon og -karakterisering når en har utilstrekkelig oppløsning eller støy
i dataene. Avhandlingen foreslår en dynamiskterskel metode for vake-identifikasjon.
Terskel-metoder for vake-identifikasjon velger en verdi som eksplisitt skiller en vake fra
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Sammendrag

Bak en vindturbin rotor som trekker kinetisk energi ut fra luftstrømmen, blir strømnings-
forholdene endret. Dette området kalles vindturbinens vake. Vaken er karakterisert av
redusert vindhastighet og økt turbulensintensitet. På grunn av den turbulente blandin-
gen med strømningen utenfor vaken, vil vaken etter hvert gjenvinne egenskapene i den frie
vindstrømmen. Likevel kan vaken fra en turbin nå en nedstrøms turbin og påvirke dennes
innstrømningsforhold. Den samlede virkning av flere vaker fra turbiner i en vindpark
vil summeres og danne en vindpark vake. Denne vaken vil kunne ha større utstrekning
enn vaken fra en enkel turbin. Plasseringen av turbiner i en vindpark, inklusive valg av
turbinstørrelse og type, spiller en vesentlig rolle for tilgjengeligheten av vindressursene.
Estimering av vake-effekter er derfor en vesentlig del av vindeenergiforskningen.

Kunnskap om tubin-vaker er viktig i mange sammenhenger, for å nevne noen få:
beregning av årlig energi produksjon, korttids prognoser for vindturbinkontroll, utvikling
av kontrollstrategier for å avbøye vaker, eller evaluering av vake-effekten av nærliggende
vindparker på en potensiell ny vindparks byggeplass. Den nødvendige presisjonen og
metodene som benyttes varierer også. For eksempel vil en i industrielle applikasjoner
foretrekke raske og enkle metoder for kraftproduksjonsestimering og vindturbinkon-
troll, forutsatt at nøyaktigheten forblir tilstrekkelig for beslutninger. Mange forenklede
metoder kan utledes fra komplekse ligningsløsninger og antakelser. Hver ny metode bør
imidlertid valideres før den tas i bruk. Valideringen vanskeliggjøres dersom lite obser-
vasjonsdata er tilgjengelig eller eksperimentet ikke kan reproduseres i mindre skala i en
vindtunnel. Derfor er det viktig å bygge et forskningsrammeverk for å velge modeller og
metode er like viktig som å utføre vakestudiene i seg selv.

Denne avhandlingen tilnærmer seg vake-forskning både fra et modellerings- og et
observasjonsperspektiv. Modelleringsdelen betrakter analytiske vake-modeller og nu-
meriske strømnings-simuleringer, spesielt large-eddy simulation, LES (stor virvelsimuler-
ing). Forskningsartiklene tar for seg ulike aspekter i en modelleringskjede og analyse av
resultater. De forberedende trinnene innebærer å velge egnede analytiske vake-modeller
og verifisere den romlige oppløsning i LES løseren implementert i PALM simuleringsko-
den. Når det er kjent hvordan romlig oppløsning forbedrer modellens oppløsning av
vindstrømningen, simuleres en transient hendelse over Nordsjøen over Alpha Ventus
vindparken ved bruk av simuleringskoder i mesoskala og mikroskala. Det komplekse
vind/vake-feltet som oppnås som simuleringsresultatet blir deretter analysert med de
valgte analytiske vake-modellene for å evaluere hvor godt de tilpasser seg raskt skiftende
vindforhold. Det ble funnet at den supergaussiske modellen estimerer vakens formen
godt og ikke krever korreksjoner. Derfor er det verdt å fokusere på denne modellen og
implementere den bredere i vake-forskningen.

En annen del av avhandlingen fokuserer på observasjonsdata. Denne delen tar for seg
et viktig aspekt ved å studere vake fra vindfelt målt med en skanning lidar. Mens skan-
ning lidarer er allsidige instrumenter som er i stand til å måle todimensjonalt vindfeltet,
begresnser skanneoppløsning bruken i analyse av vaker. Derfor bør en vurdere metoder
for vake-identifikasjon og -karakterisering når en har utilstrekkelig oppløsning eller støy
i dataene. Avhandlingen foreslår en dynamiskterskel metode for vake-identifikasjon.
Terskel-metoder for vake-identifikasjon velger en verdi som eksplisitt skiller en vake fra
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viii Sammendrag

den frie strømmen og muliggjør å studere hver av dem separat. Selv om terskel-metoder
ikke er nye i vake-forskningen, bruker de eksisterende applikasjoner en fast terskelverdi.
Den faste terskelverdien gir gode resultater på vindfelt fra en vindtunnel eller numerisk
simulering. Men den fungerer ikke så godt på vindfelt fra lidar-skanning som kan ha støy
eller lav romlig oppløsning. Den nye metoden som presenteres velger dynamisk terskelver-
dien, slik at den kan tilpasse seg de grove og mer støyfylte lidardataene. Videre er det
foreslått en prosedyre for å detektere vakens senterlinje, uavhengig av om vindretningen
er kjent, noe som gjør metoden mindre avhengig av datakvaliteten og tilgjengelighet av
ekstra tidsserier.

Ulempen med skanning lidarer er at de ikke måler den faktiske vindhastigheten, men
bare siktlinjehastigheten langs lidarstrålen. Det målte lidar-vindfeltet blir mest likt det
virkelige vindfeltet når lidarens siktlinje er på linje med vindretningen. Likevel krever
lidar-skanninger behandling med så kalte lidar retrieval (lidar-innhenting) prosedyre for
å rekonstruere det originale vindfeltet. Denne prosedyren trenges for å kartlegge detal-
jene i hver av komponentene til vindhastigheten og for å finne lokal vindretning. En av
de lidar-innhenting metodene ble validert på et større lidar-datasett og ekstra tidsserier i
denne avhandlingen. Metoden ble testet for følsomhet for den initielle gjetningen og vek-
tene som ble brukt under optimaliseringsprosessen. I den nye valideringen ble det funnet
at de betraktede lidar-skanningene hadde bredere og sterkere vaker enn det i den originale
valideringen av den samme metoden. De sterkere vakene forstyrret algoritmen slik at
den returnerte unaturlig økt vindhastighet langs vaker. Denne effekten kan dempes ved å
maskere vaker med den foreslåtte dynamiske terskel-metoden. Det ble dermed vist hvor-
dan ulike tilnærminger kan kombineres for å forbedre behandlingen av observasjonsdata.
Valideringsprosessen identifiserte noen muligheter for ytterligere forbedring av metoden;
neste trinn bør innebære sammenligning med de numeriske simuleringsdataene.

Artiklene som utgjør avhandlingen beskriver oppsettet av et rammeverk for fler-
skalamodellering og lidar-skannings prosessering for vake-analyser. Selv om artiklene
bruker tilsynelatende uavhengige metoder, vises det hvordan kombinasjonen av meto-
dene bedrer forståelsen og analysen av vake-feltet. Mens de ekstra prosesseringskodene
utviklet i denne avhandlingen har rom for forbedring, er det demonstrert hvordan de kan
brukes til vake-identifikasjon, bruk av lidar data og analytisk modelltilpasning. Rammev-
erket for flerskalamodellering etablert under studiene kan deretter brukes til å simulere
nye tilfeller og utføre vakeanalyser på tilsvarende måte.
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dien,slikatdenkantilpassesegdegroveogmerstøyfyltelidardataene.Videreerdet
foreslåttenprosedyreforådetekterevakenssenterlinje,uavhengigavomvindretningen
erkjent,noesomgjørmetodenmindreavhengigavdatakvalitetenogtilgjengelighetav
ekstratidsserier.

Ulempenmedskanninglidarereratdeikkemålerdenfaktiskevindhastigheten,men
baresiktlinjehastighetenlangslidarstrålen.Detmåltelidar-vindfeltetblirmestliktdet
virkeligevindfeltetnårlidarenssiktlinjeerpålinjemedvindretningen.Likevelkrever
lidar-skanningerbehandlingmedsåkaltelidarretrieval(lidar-innhenting)prosedyrefor
årekonstrueredetoriginalevindfeltet.Denneprosedyrentrengesforåkartleggedetal-
jeneihveravkomponentenetilvindhastighetenogforåfinnelokalvindretning.Enav
delidar-innhentingmetodeneblevalidertpåetstørrelidar-datasettogekstratidsserieri
denneavhandlingen.Metodenbletestetforfølsomhetfordeninitiellegjetningenogvek-
tenesomblebruktunderoptimaliseringsprosessen.Idennyevalideringenbledetfunnet
atdebetraktedelidar-skanningenehaddebredereogsterkerevakerenndetidenoriginale
valideringenavdensammemetoden.Desterkerevakeneforstyrretalgoritmenslikat
denreturnerteunaturligøktvindhastighetlangsvaker.Denneeffektenkandempesvedå
maskerevakermeddenforeslåttedynamisketerskel-metoden.Detbledermedvisthvor-
danuliketilnærmingerkankombineresforåforbedrebehandlingenavobservasjonsdata.
Valideringsprosessenidentifisertenoenmuligheterforytterligereforbedringavmetoden;
nestetrinnbørinnebæresammenligningmeddenumeriskesimuleringsdataene.

Artiklenesomutgjøravhandlingenbeskriveroppsettetavetrammeverkforfler-
skalamodelleringoglidar-skanningsprosesseringforvake-analyser.Selvomartiklene
brukertilsynelatendeuavhengigemetoder,visesdethvordankombinasjonenavmeto-
denebedrerforståelsenoganalysenavvake-feltet.Mensdeekstraprosesseringskodene
utvikletidenneavhandlingenharromforforbedring,erdetdemonstrerthvordandekan
brukestilvake-identifikasjon,brukavlidardataoganalytiskmodelltilpasning.Rammev-
erketforflerskalamodelleringetablertunderstudienekanderetterbrukestilåsimulere
nyetilfellerogutførevakeanalyserpåtilsvarendemåte.
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1 Introduction

1.1 Overview

Wind energy is an intermittent renewable energy source that is gradually increasing
its share in electricity production (Fig. 1.1). The number and size of wind farms are
growing worldwide, with offshore wind energy steadily increasing the installed capacity.
According to Global WInd Energy Council (2023), the capacity of new offshore wind in-
stallations in 2021−2022 accounts for 34% of the total offshore wind capacity since 2006.
The International Energy Agency (IEA) predicts growth of offshore capacity by 240%
within 2021−2026, reaching the share of 1.5% in electricity produced from renewable
sources (including hydropower) (International Energy Agency , 2021).

Figure 1.1: Renewable electricity generation by technology, 1990-2026 (left) and share by tech-
nology, 1990-2026 (right). Reproduced from the International Energy Agency (2021) report.

General wind energy concepts, e.g., wind power production or flow physics, apply to
both onshore and offshore wind farms. Nevertheless, the offshore conditions bring new
specifics into the research, to name a few:

• The sea surface roughness is generally lower than over the land. Therefore, the wind
flow offshore is less affected by the surface friction. However, the sea surface rough-
ness changes dynamically with the wave conditions (Johnson et al., 1998), causing
dependencies between wind speed, turbulence, and surface roughness, which are
not as pronounced onshore.

• The wind speed profile is affected by whether the wind blows from the land or sea
(Kettle, 2014). Wind profiles over the sea may strongly diverge from logarithmic
and cause differences in wind flows at the top and bottom of a turbine rotor.

• Offshore wind farms alter the flow enough to affect nearby farms. The sea surface
allows a unique usage of satellite data for visualizing the wind farm flow, confirming
the effect (Christiansen and Hasager , 2006; Hasager et al., 2015).
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General wind energy concepts, e.g., wind power production or flow physics, apply to
both onshore and offshore wind farms. Nevertheless, the offshore conditions bring new
specifics into the research, to name a few:

• The sea surface roughness is generally lower than over the land. Therefore, the wind
flow offshore is less affected by the surface friction. However, the sea surface rough-
ness changes dynamically with the wave conditions (Johnson et al., 1998), causing
dependencies between wind speed, turbulence, and surface roughness, which are
not as pronounced onshore.

• The wind speed profile is affected by whether the wind blows from the land or sea
(Kettle, 2014). Wind profiles over the sea may strongly diverge from logarithmic
and cause differences in wind flows at the top and bottom of a turbine rotor.

• Offshore wind farms alter the flow enough to affect nearby farms. The sea surface
allows a unique usage of satellite data for visualizing the wind farm flow, confirming
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2 Introduction

• Meteorological measurements are more scarce offshore than onshore due to the
complications of installing measurement masts and deploying instruments (Hasager
et al., 2008).

Although new concepts for wind energy extraction emerge regularly (Cherubini et al.,
2015; Jamieson, 2018), horizontal-axis wind turbines (HAWT) remain the primary choice
for large-scale wind farms and electricity production. HAWT extracts kinetic energy from
the wind flow that passes through the rotor. The power production is capped at the rated
power specific to each turbine design. The rated power corresponds to the rated wind
speed above which the power production is kept constant. Below the rated wind speed,
the power production depends on the cube of the inflow wind speed U0 as

P =
1
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ρCPAU

3
0 , (1.1)

where ρ is the air density. CP is the power coefficient showing what fraction of the
wind power can be extracted. The power coefficient depends on the wind turbine design
but cannot exceed the Betz limit of 0.59. A = π(D/2)2 is the area of a rotor with
the diameter D. With the modern HAWTs reaching CP = 0.4 − 0.5 during operation
(Dai et al., 2016) and the power coefficient giving only a linear increase (P ∼ CP ), the
improvement in this direction focuses on better control strategies rather than turbine
design. The contribution of the other two terms is the factor to consider before planning
a wind farm. Consequently, HAWTs tend to grow in size (P ∼ D2), and areas with high
mean wind speed are being developed for wind farm construction (P ∼ U3

0 ).
It should be noted that the inflow wind speed U0 is not necessarily the free-flow wind

speed U∞. The inflow may be affected by nearby turbines or local fluctuations caused
by a transient flow. The cubic relationship for the power output in Eq. (1.1) amplifies
any fluctuation or estimation error in the wind speed below rated. Above the rated wind
speed, the power output is kept stable through wind turbine control; hence, the changes
in the inflow wind speed affect energy output less. Still, the loads and turbulence effects
caused by the wind flow should be considered.

The most important influence on the inflow in a wind farm is caused by the wind
turbines themselves. The extraction of kinetic energy from the flow results in an area
downstream of the turbine characterized by decreased wind speed and increased turbu-
lence intensity – namely, the wake effect.

The wind turbine wake is a three-dimensional, horizontally elongated, and highly
dynamic structure in the flow field. The shape of an instantaneous wake is typically
irregular and constantly changes depending on the flow characteristics, which, in turn,
are strongly influenced by atmospheric stability (Larsen et al., 2008; España et al., 2011;
Abkar and Porté-Agel , 2015; Foti et al., 2016). Eventually, the wake flow recovers to the
free flow through mixing caused by turbulent eddies. However, if the wake flow reaches
another wind turbine downstream before full recovery, the inflow speed to this turbine
decreases compared to the free-flow speed. Consequently, a new wake is formed with the
wind speed decreasing again; the wake recovery is delayed. The more wind turbines are
placed along the wind direction, the more persistent are the wake effects.

Due to the low surface friction, offshore conditions usually favor slow wake recovery.
Wakes from individual turbines merge and amplify downstream wakes, forming the wind
farm wake. As shown by Christiansen and Hasager (2005, 2006), wind farm wakes could
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speedU∞.Theinflowmaybeaffectedbynearbyturbinesorlocalfluctuationscaused
byatransientflow.ThecubicrelationshipforthepoweroutputinEq.(1.1)amplifies
anyfluctuationorestimationerrorinthewindspeedbelowrated.Abovetheratedwind
speed,thepoweroutputiskeptstablethroughwindturbinecontrol;hence,thechanges
intheinflowwindspeedaffectenergyoutputless.Still,theloadsandturbulenceeffects
causedbythewindflowshouldbeconsidered.

Themostimportantinfluenceontheinflowinawindfarmiscausedbythewind
turbinesthemselves.Theextractionofkineticenergyfromtheflowresultsinanarea
downstreamoftheturbinecharacterizedbydecreasedwindspeedandincreasedturbu-
lenceintensity–namely,thewakeeffect.

Thewindturbinewakeisathree-dimensional,horizontallyelongated,andhighly
dynamicstructureintheflowfield.Theshapeofaninstantaneouswakeistypically
irregularandconstantlychangesdependingontheflowcharacteristics,which,inturn,
arestronglyinfluencedbyatmosphericstability(Larsenetal.,2008;Españaetal.,2011;
AbkarandPorté-Agel,2015;Fotietal.,2016).Eventually,thewakeflowrecoverstothe
freeflowthroughmixingcausedbyturbulenteddies.However,ifthewakeflowreaches
anotherwindturbinedownstreambeforefullrecovery,theinflowspeedtothisturbine
decreasescomparedtothefree-flowspeed.Consequently,anewwakeisformedwiththe
windspeeddecreasingagain;thewakerecoveryisdelayed.Themorewindturbinesare
placedalongthewinddirection,themorepersistentarethewakeeffects.

Duetothelowsurfacefriction,offshoreconditionsusuallyfavorslowwakerecovery.
Wakesfromindividualturbinesmergeandamplifydownstreamwakes,formingthewind
farmwake.AsshownbyChristiansenandHasager(2005,2006),windfarmwakescould
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reach a length of at least 10−20 km, which exceeded ten rotor diameters of the regarded
turbines. Ahsbahs et al. (2020) observed wind farm wakes of a similar length. Platis
et al. (2018) estimated up to 40% wake deficit and five times higher turbulence levels at
5−10 km downstream of the wind farm. The same paper showed that a wake deficit of
1m/s (10−20% of the free-flow wind speed) and a slight increase in the turbulence levels
could still be seen at 45 km further downstream. With the new wind farms built near
existing ones and producing cluster wakes (Cañadillas et al., 2022), the long-distance
wake effects should be quantified and considered during the planning and operation
(Akhtar et al., 2021; Finserås et al., 2024).

The wake problem could be solved by placing wind turbines far apart to avoid wake
effects completely. However, the wind farm size is limited by the area available for
construction and associated costs, e.g., the price of power cable per meter. Usually,
wind turbines are placed within 6−8 rotor diameters from each other, where wake effects
are weakened but still noticeable. Hence, the wake effects must be adequately quantified
to estimate structural loads and power output deficit. In addition, control strategies can
be utilized to change the rotor angle and deflect the wake in the desired direction – thus,
the wake effect on the downstream turbine is decreased (Adaramola and Å. Krogstad ,
2011; Fleming et al., 2014). Modern wind farms often adopt a staggered layout for the
same purpose of mitigating wake effects: each row is shifted from the previous one so
that the turbines are not aligned in the dominant wind direction (Chamorro et al., 2011;
Stevens et al., 2016). Alternatively, the algorithms to optimize an irregular wind farm
layout are gaining popularity (Tao et al., 2020). The optimization of power production
through turbine control and wind farm layout means that the downstream turbines in
such farms are often exposed to a non-uniform inflow instead of being directly hit by
a wake. The non-uniform flow, in turn, causes asymmetric rotor loads, which affect
the turbine’s lifetime. Therefore, optimizing power production must go in hand with
quantifying wake effects and dynamic loads. With more historical datasets available on
wind farm operation and atmospheric conditions, offshore wind research gains more data
for analysis, development of new methods and improvement of the old ones.

The interest in measuring offshore wind started to rise as the first offshore farms
were deployed in the 1990s (Hasager et al., 2008). Considering this and the difficulties
of installing meteorological equipment offshore, the meteorological measurements over
the sea appear to be much scarcer than over the land. Hence, numerical modeling plays
a prominent role in offshore wind energy research. However, the computational time
required by high-fidelity models renders numerical simulation inapplicable for industrial
applications such as short-term forecasting or wind farm layout optimization. Although
the latter is not performed in real-time, utilizing a fast model allows the comparison
of numerous layout variations within a short period. Thus, the simplifications of wind
flow physics are introduced to obtain fast but reliable models for predicting the wake
effect on loads and power production. Most of these approaches are based on analytical
or engineering models that rely solely on mathematical expressions and root-finding
procedures. Regardless of the simplification level, the models should still be validated
on the observational data or other verified high-fidelity models. Neither models nor
observations may be sufficient as a standalone. Regarding them together helps to increase
the estimation accuracy and improve processing methods (Fig. 1.2).

On a fundamental level, each new method must be first verified and validated with
the observational data. The validation becomes complicated if insufficient observations
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Figure 1.2: Mutual influence of the observational data, modeling approaches, data processing
and analysis.

are available, especially when a complex transient case is regarded. For example, the
low-level jet (LLJ) – a low-altitude maxima of the wind speed. While onshore LLJs
are primarily nocturnal, offshore LLJs behave differently and form at lower heights of
200−300m (Nunalee and Basu , 2014; Wagner et al., 2019; Møller et al., 2020). Consid-
ering the similar order of the modern turbines’ size, the behavior of LLJ raises concerns
for new offshore wind farms. Other challenging events that hinder short-term forecasts
are characterized by rapid changes in wind speed and direction and can be caused by
open cellular convection (OCC) or frontal passages. OCC events belong to transient flow
cases not characteristic of onshore sites (Atkinson and Zhang , 1996).

The scarcity of offshore measurements, particularly those related to LLJ and OCC
events, makes offshore wind research rely on numerical modeling and model coupling to
study complex atmospheric conditions. In this case, a numerical model is first verified
and validated so that the model’s drawbacks in simulating turbulent flows are known and
quantified. Then, a numerical simulation of a more complex flow, e.g., LLJ or OCC, can
be accepted with a certain degree of reliability and used for analysis or as a foundation
to develop simplified models. Generally, a modeling framework is a chain of validating a
model with observational data to use the established model as a high-fidelity reference
for analytical models or complex flows (Fig. 1.3) (Bakhoday-Paskyabi et al., 2022).

Similarly, lidar retrieval methods – algorithms to reconstruct the original wind field
from lidar measurements – should also be validated prior to the application. Verification
using only observations is limited because instruments measuring actual wind character-
istics, e.g., cup and sonic anemometers, provide only point measurements and cannot be
deployed in quantities enough to cover a large area. On the contrary, a numerical wind
flow obtained with a high-fidelity model is commonly used to perform cross-comparison
with lidar data (Chatterjee et al., 2018; Rahlves et al., 2022).
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areavailable,especiallywhenacomplextransientcaseisregarded.Forexample,the
low-leveljet(LLJ)–alow-altitudemaximaofthewindspeed.WhileonshoreLLJs
areprimarilynocturnal,offshoreLLJsbehavedifferentlyandformatlowerheightsof
200−300m(NunaleeandBasu,2014;Wagneretal.,2019;Mølleretal.,2020).Consid-
eringthesimilarorderofthemodernturbines’size,thebehaviorofLLJraisesconcerns
fornewoffshorewindfarms.Otherchallengingeventsthathindershort-termforecasts
arecharacterizedbyrapidchangesinwindspeedanddirectionandcanbecausedby
opencellularconvection(OCC)orfrontalpassages.OCCeventsbelongtotransientflow
casesnotcharacteristicofonshoresites(AtkinsonandZhang,1996).

Thescarcityofoffshoremeasurements,particularlythoserelatedtoLLJandOCC
events,makesoffshorewindresearchrelyonnumericalmodelingandmodelcouplingto
studycomplexatmosphericconditions.Inthiscase,anumericalmodelisfirstverified
andvalidatedsothatthemodel’sdrawbacksinsimulatingturbulentflowsareknownand
quantified.Then,anumericalsimulationofamorecomplexflow,e.g.,LLJorOCC,can
beacceptedwithacertaindegreeofreliabilityandusedforanalysisorasafoundation
todevelopsimplifiedmodels.Generally,amodelingframeworkisachainofvalidatinga
modelwithobservationaldatatousetheestablishedmodelasahigh-fidelityreference
foranalyticalmodelsorcomplexflows(Fig.1.3)(Bakhoday-Paskyabietal.,2022).

Similarly,lidarretrievalmethods–algorithmstoreconstructtheoriginalwindfield
fromlidarmeasurements–shouldalsobevalidatedpriortotheapplication.Verification
usingonlyobservationsislimitedbecauseinstrumentsmeasuringactualwindcharacter-
istics,e.g.,cupandsonicanemometers,provideonlypointmeasurementsandcannotbe
deployedinquantitiesenoughtocoveralargearea.Onthecontrary,anumericalwind
flowobtainedwithahigh-fidelitymodeliscommonlyusedtoperformcross-comparison
withlidardata(Chatterjeeetal.,2018;Rahlvesetal.,2022).
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are available, especially when a complex transient case is regarded. For example, the
low-level jet (LLJ) – a low-altitude maxima of the wind speed. While onshore LLJs
are primarily nocturnal, offshore LLJs behave differently and form at lower heights of
200−300m (Nunalee and Basu , 2014; Wagner et al., 2019; Møller et al., 2020). Consid-
ering the similar order of the modern turbines’ size, the behavior of LLJ raises concerns
for new offshore wind farms. Other challenging events that hinder short-term forecasts
are characterized by rapid changes in wind speed and direction and can be caused by
open cellular convection (OCC) or frontal passages. OCC events belong to transient flow
cases not characteristic of onshore sites (Atkinson and Zhang , 1996).

The scarcity of offshore measurements, particularly those related to LLJ and OCC
events, makes offshore wind research rely on numerical modeling and model coupling to
study complex atmospheric conditions. In this case, a numerical model is first verified
and validated so that the model’s drawbacks in simulating turbulent flows are known and
quantified. Then, a numerical simulation of a more complex flow, e.g., LLJ or OCC, can
be accepted with a certain degree of reliability and used for analysis or as a foundation
to develop simplified models. Generally, a modeling framework is a chain of validating a
model with observational data to use the established model as a high-fidelity reference
for analytical models or complex flows (Fig. 1.3) (Bakhoday-Paskyabi et al., 2022).

Similarly, lidar retrieval methods – algorithms to reconstruct the original wind field
from lidar measurements – should also be validated prior to the application. Verification
using only observations is limited because instruments measuring actual wind character-
istics, e.g., cup and sonic anemometers, provide only point measurements and cannot be
deployed in quantities enough to cover a large area. On the contrary, a numerical wind
flow obtained with a high-fidelity model is commonly used to perform cross-comparison
with lidar data (Chatterjee et al., 2018; Rahlves et al., 2022).
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are available, especially when a complex transient case is regarded. For example, the
low-level jet (LLJ) – a low-altitude maxima of the wind speed. While onshore LLJs
are primarily nocturnal, offshore LLJs behave differently and form at lower heights of
200−300m (Nunalee and Basu , 2014; Wagner et al., 2019; Møller et al., 2020). Consid-
ering the similar order of the modern turbines’ size, the behavior of LLJ raises concerns
for new offshore wind farms. Other challenging events that hinder short-term forecasts
are characterized by rapid changes in wind speed and direction and can be caused by
open cellular convection (OCC) or frontal passages. OCC events belong to transient flow
cases not characteristic of onshore sites (Atkinson and Zhang , 1996).
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Thescarcityofoffshoremeasurements,particularlythoserelatedtoLLJandOCC
events,makesoffshorewindresearchrelyonnumericalmodelingandmodelcouplingto
studycomplexatmosphericconditions.Inthiscase,anumericalmodelisfirstverified
andvalidatedsothatthemodel’sdrawbacksinsimulatingturbulentflowsareknownand
quantified.Then,anumericalsimulationofamorecomplexflow,e.g.,LLJorOCC,can
beacceptedwithacertaindegreeofreliabilityandusedforanalysisorasafoundation
todevelopsimplifiedmodels.Generally,amodelingframeworkisachainofvalidatinga
modelwithobservationaldatatousetheestablishedmodelasahigh-fidelityreference
foranalyticalmodelsorcomplexflows(Fig.1.3)(Bakhoday-Paskyabietal.,2022).

Similarly,lidarretrievalmethods–algorithmstoreconstructtheoriginalwindfield
fromlidarmeasurements–shouldalsobevalidatedpriortotheapplication.Verification
usingonlyobservationsislimitedbecauseinstrumentsmeasuringactualwindcharacter-
istics,e.g.,cupandsonicanemometers,provideonlypointmeasurementsandcannotbe
deployedinquantitiesenoughtocoveralargearea.Onthecontrary,anumericalwind
flowobtainedwithahigh-fidelitymodeliscommonlyusedtoperformcross-comparison
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Figure 1.3: Example of a multi-scale modeling chain that starts with atmospheric processes
simulated at the mesoscale level. The simulation is then down-scaled to micro-levels, allowing
more precise simulation of the turbulence and calculation of rotor loads.

Sometimes, a processing method involves a concept relevant both for observed and
simulated fields, e.g., wake detection – identification of a turbine wake in a wind field
for further characterization. Hence, wake-processing methods should be applicable in
either case. When developed with universality in mind, the processing method can be
first tested on numerical fields, which are generally less noisy than actual measurements.

1.2 Objectives and research questions

The thesis approaches the wake flow problem from several perspectives, each paper
focusing on a different aspect of wake measuring and modeling (Fig. 1.4). The addressed
research questions can be summarized as follows:

1. What are the most relevant measurement techniques and methods to
investigate the wake flow? Are all parameters – wake width and length,
velocity deficit, turbulence intensity, and wake meandering – equally
important, or does their relevance change depending on the study goals?

Due to the wake complexity, wake research utilizes a wide range of measurement
tools and modeling methods. Hence, it is important to know which existing meth-
ods are the most efficient when studying wakes. The general purpose methods
should also be considered, as some may be improved or tuned to the specific tasks
related to wake analysis. Regarding short-term forecasts, the developed routines
must be fast to perform and rely on real-time data. Industrial applications would
prefer techniques that can be seamlessly implemented into established approaches.

Most of the papers in the thesis tackle this question to a certain extent. Paper I
gives a short overview of the Gaussian wake models. Paper II explores an existing
numerical modeling code for the flows at wind speeds characteristic of wind energy
research. Paper V describes and verifies a new algorithm for wake identification
and characterization. The algorithm is subsequently implemented as a sub-routine
in the observational data processing performed in Paper VI.
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Sometimes,aprocessingmethodinvolvesaconceptrelevantbothforobservedand
simulatedfields,e.g.,wakedetection–identificationofaturbinewakeinawindfield
forfurthercharacterization.Hence,wake-processingmethodsshouldbeapplicablein
eithercase.Whendevelopedwithuniversalityinmind,theprocessingmethodcanbe
firsttestedonnumericalfields,whicharegenerallylessnoisythanactualmeasurements.

1.2Objectivesandresearchquestions

Thethesisapproachesthewakeflowproblemfromseveralperspectives,eachpaper
focusingonadifferentaspectofwakemeasuringandmodeling(Fig.1.4).Theaddressed
researchquestionscanbesummarizedasfollows:

1.Whatarethemostrelevantmeasurementtechniquesandmethodsto
investigatethewakeflow?Areallparameters–wakewidthandlength,
velocitydeficit,turbulenceintensity,andwakemeandering–equally
important,ordoestheirrelevancechangedependingonthestudygoals?

Duetothewakecomplexity,wakeresearchutilizesawiderangeofmeasurement
toolsandmodelingmethods.Hence,itisimportanttoknowwhichexistingmeth-
odsarethemostefficientwhenstudyingwakes.Thegeneralpurposemethods
shouldalsobeconsidered,assomemaybeimprovedortunedtothespecifictasks
relatedtowakeanalysis.Regardingshort-termforecasts,thedevelopedroutines
mustbefasttoperformandrelyonreal-timedata.Industrialapplicationswould
prefertechniquesthatcanbeseamlesslyimplementedintoestablishedapproaches.

Mostofthepapersinthethesistacklethisquestiontoacertainextent.PaperI
givesashortoverviewoftheGaussianwakemodels.PaperIIexploresanexisting
numericalmodelingcodefortheflowsatwindspeedscharacteristicofwindenergy
research.PaperVdescribesandverifiesanewalgorithmforwakeidentification
andcharacterization.Thealgorithmissubsequentlyimplementedasasub-routine
intheobservationaldataprocessingperformedinPaperVI.

1.2Objectivesandresearchquestions5

Case selectionCase study

Loads analysis

Validation
and

verification

Turbulent fieldAeroelastic codes

Reanalysis
data

Data
assimilation

Observational
data

In
pu
t d
at
a

Output

Si
m
ul
at
io
n

Microscale modeling
(large-eddy simulation)

Mesoscale modeling
 (numerical weather

prediction)
Nesting

Figure1.3:Exampleofamulti-scalemodelingchainthatstartswithatmosphericprocesses
simulatedatthemesoscalelevel.Thesimulationisthendown-scaledtomicro-levels,allowing
moreprecisesimulationoftheturbulenceandcalculationofrotorloads.

Sometimes,aprocessingmethodinvolvesaconceptrelevantbothforobservedand
simulatedfields,e.g.,wakedetection–identificationofaturbinewakeinawindfield
forfurthercharacterization.Hence,wake-processingmethodsshouldbeapplicablein
eithercase.Whendevelopedwithuniversalityinmind,theprocessingmethodcanbe
firsttestedonnumericalfields,whicharegenerallylessnoisythanactualmeasurements.

1.2Objectivesandresearchquestions

Thethesisapproachesthewakeflowproblemfromseveralperspectives,eachpaper
focusingonadifferentaspectofwakemeasuringandmodeling(Fig.1.4).Theaddressed
researchquestionscanbesummarizedasfollows:

1.Whatarethemostrelevantmeasurementtechniquesandmethodsto
investigatethewakeflow?Areallparameters–wakewidthandlength,
velocitydeficit,turbulenceintensity,andwakemeandering–equally
important,ordoestheirrelevancechangedependingonthestudygoals?

Duetothewakecomplexity,wakeresearchutilizesawiderangeofmeasurement
toolsandmodelingmethods.Hence,itisimportanttoknowwhichexistingmeth-
odsarethemostefficientwhenstudyingwakes.Thegeneralpurposemethods
shouldalsobeconsidered,assomemaybeimprovedortunedtothespecifictasks
relatedtowakeanalysis.Regardingshort-termforecasts,thedevelopedroutines
mustbefasttoperformandrelyonreal-timedata.Industrialapplicationswould
prefertechniquesthatcanbeseamlesslyimplementedintoestablishedapproaches.

Mostofthepapersinthethesistacklethisquestiontoacertainextent.PaperI
givesashortoverviewoftheGaussianwakemodels.PaperIIexploresanexisting
numericalmodelingcodefortheflowsatwindspeedscharacteristicofwindenergy
research.PaperVdescribesandverifiesanewalgorithmforwakeidentification
andcharacterization.Thealgorithmissubsequentlyimplementedasasub-routine
intheobservationaldataprocessingperformedinPaperVI.

1.2 Objectives and research questions 5

Case selection Case study

Loads analysis

Validation
and

verification

Turbulent field Aeroelastic codes

Reanalysis
data

Data
assimilation

Observational
data

Input data

Output

Sim
ulation

Microscale modeling
(large-eddy simulation)

Mesoscale modeling
 (numerical weather

prediction)
Nesting

Figure 1.3: Example of a multi-scale modeling chain that starts with atmospheric processes
simulated at the mesoscale level. The simulation is then down-scaled to micro-levels, allowing
more precise simulation of the turbulence and calculation of rotor loads.

Sometimes, a processing method involves a concept relevant both for observed and
simulated fields, e.g., wake detection – identification of a turbine wake in a wind field
for further characterization. Hence, wake-processing methods should be applicable in
either case. When developed with universality in mind, the processing method can be
first tested on numerical fields, which are generally less noisy than actual measurements.

1.2 Objectives and research questions

The thesis approaches the wake flow problem from several perspectives, each paper
focusing on a different aspect of wake measuring and modeling (Fig. 1.4). The addressed
research questions can be summarized as follows:

1. What are the most relevant measurement techniques and methods to
investigate the wake flow? Are all parameters – wake width and length,
velocity deficit, turbulence intensity, and wake meandering – equally
important, or does their relevance change depending on the study goals?

Due to the wake complexity, wake research utilizes a wide range of measurement
tools and modeling methods. Hence, it is important to know which existing meth-
ods are the most efficient when studying wakes. The general purpose methods
should also be considered, as some may be improved or tuned to the specific tasks
related to wake analysis. Regarding short-term forecasts, the developed routines
must be fast to perform and rely on real-time data. Industrial applications would
prefer techniques that can be seamlessly implemented into established approaches.

Most of the papers in the thesis tackle this question to a certain extent. Paper I
gives a short overview of the Gaussian wake models. Paper II explores an existing
numerical modeling code for the flows at wind speeds characteristic of wind energy
research. Paper V describes and verifies a new algorithm for wake identification
and characterization. The algorithm is subsequently implemented as a sub-routine
in the observational data processing performed in Paper VI.

1.2 Objectives and research questions 5

Case selection Case study

Loads analysis

Validation
and

verification

Turbulent field Aeroelastic codes

Reanalysis
data

Data
assimilation

Observational
data

Input data

Output

Sim
ulation

Microscale modeling
(large-eddy simulation)

Mesoscale modeling
 (numerical weather

prediction)
Nesting

Figure 1.3: Example of a multi-scale modeling chain that starts with atmospheric processes
simulated at the mesoscale level. The simulation is then down-scaled to micro-levels, allowing
more precise simulation of the turbulence and calculation of rotor loads.

Sometimes, a processing method involves a concept relevant both for observed and
simulated fields, e.g., wake detection – identification of a turbine wake in a wind field
for further characterization. Hence, wake-processing methods should be applicable in
either case. When developed with universality in mind, the processing method can be
first tested on numerical fields, which are generally less noisy than actual measurements.

1.2 Objectives and research questions

The thesis approaches the wake flow problem from several perspectives, each paper
focusing on a different aspect of wake measuring and modeling (Fig. 1.4). The addressed
research questions can be summarized as follows:

1. What are the most relevant measurement techniques and methods to
investigate the wake flow? Are all parameters – wake width and length,
velocity deficit, turbulence intensity, and wake meandering – equally
important, or does their relevance change depending on the study goals?

Due to the wake complexity, wake research utilizes a wide range of measurement
tools and modeling methods. Hence, it is important to know which existing meth-
ods are the most efficient when studying wakes. The general purpose methods
should also be considered, as some may be improved or tuned to the specific tasks
related to wake analysis. Regarding short-term forecasts, the developed routines
must be fast to perform and rely on real-time data. Industrial applications would
prefer techniques that can be seamlessly implemented into established approaches.

Most of the papers in the thesis tackle this question to a certain extent. Paper I
gives a short overview of the Gaussian wake models. Paper II explores an existing
numerical modeling code for the flows at wind speeds characteristic of wind energy
research. Paper V describes and verifies a new algorithm for wake identification
and characterization. The algorithm is subsequently implemented as a sub-routine
in the observational data processing performed in Paper VI.

1.2Objectivesandresearchquestions5

Case selectionCase study

Loads analysis

Validation
and

verification

Turbulent fieldAeroelastic codes

Reanalysis
data

Data
assimilation

Observational
data

Input data

Output

Sim
ulation

Microscale modeling
(large-eddy simulation)

Mesoscale modeling
 (numerical weather

prediction)
Nesting

Figure1.3:Exampleofamulti-scalemodelingchainthatstartswithatmosphericprocesses
simulatedatthemesoscalelevel.Thesimulationisthendown-scaledtomicro-levels,allowing
moreprecisesimulationoftheturbulenceandcalculationofrotorloads.

Sometimes,aprocessingmethodinvolvesaconceptrelevantbothforobservedand
simulatedfields,e.g.,wakedetection–identificationofaturbinewakeinawindfield
forfurthercharacterization.Hence,wake-processingmethodsshouldbeapplicablein
eithercase.Whendevelopedwithuniversalityinmind,theprocessingmethodcanbe
firsttestedonnumericalfields,whicharegenerallylessnoisythanactualmeasurements.

1.2Objectivesandresearchquestions

Thethesisapproachesthewakeflowproblemfromseveralperspectives,eachpaper
focusingonadifferentaspectofwakemeasuringandmodeling(Fig.1.4).Theaddressed
researchquestionscanbesummarizedasfollows:

1.Whatarethemostrelevantmeasurementtechniquesandmethodsto
investigatethewakeflow?Areallparameters–wakewidthandlength,
velocitydeficit,turbulenceintensity,andwakemeandering–equally
important,ordoestheirrelevancechangedependingonthestudygoals?

Duetothewakecomplexity,wakeresearchutilizesawiderangeofmeasurement
toolsandmodelingmethods.Hence,itisimportanttoknowwhichexistingmeth-
odsarethemostefficientwhenstudyingwakes.Thegeneralpurposemethods
shouldalsobeconsidered,assomemaybeimprovedortunedtothespecifictasks
relatedtowakeanalysis.Regardingshort-termforecasts,thedevelopedroutines
mustbefasttoperformandrelyonreal-timedata.Industrialapplicationswould
prefertechniquesthatcanbeseamlesslyimplementedintoestablishedapproaches.

Mostofthepapersinthethesistacklethisquestiontoacertainextent.PaperI
givesashortoverviewoftheGaussianwakemodels.PaperIIexploresanexisting
numericalmodelingcodefortheflowsatwindspeedscharacteristicofwindenergy
research.PaperVdescribesandverifiesanewalgorithmforwakeidentification
andcharacterization.Thealgorithmissubsequentlyimplementedasasub-routine
intheobservationaldataprocessingperformedinPaperVI.

1.2Objectivesandresearchquestions5

Case selectionCase study

Loads analysis

Validation
and

verification

Turbulent fieldAeroelastic codes

Reanalysis
data

Data
assimilation

Observational
data

Input data

Output

Sim
ulation

Microscale modeling
(large-eddy simulation)

Mesoscale modeling
 (numerical weather

prediction)
Nesting

Figure1.3:Exampleofamulti-scalemodelingchainthatstartswithatmosphericprocesses
simulatedatthemesoscalelevel.Thesimulationisthendown-scaledtomicro-levels,allowing
moreprecisesimulationoftheturbulenceandcalculationofrotorloads.

Sometimes,aprocessingmethodinvolvesaconceptrelevantbothforobservedand
simulatedfields,e.g.,wakedetection–identificationofaturbinewakeinawindfield
forfurthercharacterization.Hence,wake-processingmethodsshouldbeapplicablein
eithercase.Whendevelopedwithuniversalityinmind,theprocessingmethodcanbe
firsttestedonnumericalfields,whicharegenerallylessnoisythanactualmeasurements.

1.2Objectivesandresearchquestions

Thethesisapproachesthewakeflowproblemfromseveralperspectives,eachpaper
focusingonadifferentaspectofwakemeasuringandmodeling(Fig.1.4).Theaddressed
researchquestionscanbesummarizedasfollows:

1.Whatarethemostrelevantmeasurementtechniquesandmethodsto
investigatethewakeflow?Areallparameters–wakewidthandlength,
velocitydeficit,turbulenceintensity,andwakemeandering–equally
important,ordoestheirrelevancechangedependingonthestudygoals?

Duetothewakecomplexity,wakeresearchutilizesawiderangeofmeasurement
toolsandmodelingmethods.Hence,itisimportanttoknowwhichexistingmeth-
odsarethemostefficientwhenstudyingwakes.Thegeneralpurposemethods
shouldalsobeconsidered,assomemaybeimprovedortunedtothespecifictasks
relatedtowakeanalysis.Regardingshort-termforecasts,thedevelopedroutines
mustbefasttoperformandrelyonreal-timedata.Industrialapplicationswould
prefertechniquesthatcanbeseamlesslyimplementedintoestablishedapproaches.

Mostofthepapersinthethesistacklethisquestiontoacertainextent.PaperI
givesashortoverviewoftheGaussianwakemodels.PaperIIexploresanexisting
numericalmodelingcodefortheflowsatwindspeedscharacteristicofwindenergy
research.PaperVdescribesandverifiesanewalgorithmforwakeidentification
andcharacterization.Thealgorithmissubsequentlyimplementedasasub-routine
intheobservationaldataprocessingperformedinPaperVI.

1.2Objectivesandresearchquestions5

Case selectionCase study

Loads analysis

Validation
and

verification

Turbulent fieldAeroelastic codes

Reanalysis
data

Data
assimilation

Observational
data

Input data

Output

Sim
ulation

Microscale modeling
(large-eddy simulation)

Mesoscale modeling
 (numerical weather

prediction)
Nesting

Figure1.3:Exampleofamulti-scalemodelingchainthatstartswithatmosphericprocesses
simulatedatthemesoscalelevel.Thesimulationisthendown-scaledtomicro-levels,allowing
moreprecisesimulationoftheturbulenceandcalculationofrotorloads.

Sometimes,aprocessingmethodinvolvesaconceptrelevantbothforobservedand
simulatedfields,e.g.,wakedetection–identificationofaturbinewakeinawindfield
forfurthercharacterization.Hence,wake-processingmethodsshouldbeapplicablein
eithercase.Whendevelopedwithuniversalityinmind,theprocessingmethodcanbe
firsttestedonnumericalfields,whicharegenerallylessnoisythanactualmeasurements.

1.2Objectivesandresearchquestions

Thethesisapproachesthewakeflowproblemfromseveralperspectives,eachpaper
focusingonadifferentaspectofwakemeasuringandmodeling(Fig.1.4).Theaddressed
researchquestionscanbesummarizedasfollows:

1.Whatarethemostrelevantmeasurementtechniquesandmethodsto
investigatethewakeflow?Areallparameters–wakewidthandlength,
velocitydeficit,turbulenceintensity,andwakemeandering–equally
important,ordoestheirrelevancechangedependingonthestudygoals?

Duetothewakecomplexity,wakeresearchutilizesawiderangeofmeasurement
toolsandmodelingmethods.Hence,itisimportanttoknowwhichexistingmeth-
odsarethemostefficientwhenstudyingwakes.Thegeneralpurposemethods
shouldalsobeconsidered,assomemaybeimprovedortunedtothespecifictasks
relatedtowakeanalysis.Regardingshort-termforecasts,thedevelopedroutines
mustbefasttoperformandrelyonreal-timedata.Industrialapplicationswould
prefertechniquesthatcanbeseamlesslyimplementedintoestablishedapproaches.

Mostofthepapersinthethesistacklethisquestiontoacertainextent.PaperI
givesashortoverviewoftheGaussianwakemodels.PaperIIexploresanexisting
numericalmodelingcodefortheflowsatwindspeedscharacteristicofwindenergy
research.PaperVdescribesandverifiesanewalgorithmforwakeidentification
andcharacterization.Thealgorithmissubsequentlyimplementedasasub-routine
intheobservationaldataprocessingperformedinPaperVI.

1.2Objectivesandresearchquestions5

Case selectionCase study

Loads analysis

Validation
and

verification

Turbulent fieldAeroelastic codes

Reanalysis
data

Data
assimilation

Observational
data

Input data

Output

Sim
ulation

Microscale modeling
(large-eddy simulation)

Mesoscale modeling
 (numerical weather

prediction)
Nesting

Figure1.3:Exampleofamulti-scalemodelingchainthatstartswithatmosphericprocesses
simulatedatthemesoscalelevel.Thesimulationisthendown-scaledtomicro-levels,allowing
moreprecisesimulationoftheturbulenceandcalculationofrotorloads.

Sometimes,aprocessingmethodinvolvesaconceptrelevantbothforobservedand
simulatedfields,e.g.,wakedetection–identificationofaturbinewakeinawindfield
forfurthercharacterization.Hence,wake-processingmethodsshouldbeapplicablein
eithercase.Whendevelopedwithuniversalityinmind,theprocessingmethodcanbe
firsttestedonnumericalfields,whicharegenerallylessnoisythanactualmeasurements.

1.2Objectivesandresearchquestions

Thethesisapproachesthewakeflowproblemfromseveralperspectives,eachpaper
focusingonadifferentaspectofwakemeasuringandmodeling(Fig.1.4).Theaddressed
researchquestionscanbesummarizedasfollows:

1.Whatarethemostrelevantmeasurementtechniquesandmethodsto
investigatethewakeflow?Areallparameters–wakewidthandlength,
velocitydeficit,turbulenceintensity,andwakemeandering–equally
important,ordoestheirrelevancechangedependingonthestudygoals?

Duetothewakecomplexity,wakeresearchutilizesawiderangeofmeasurement
toolsandmodelingmethods.Hence,itisimportanttoknowwhichexistingmeth-
odsarethemostefficientwhenstudyingwakes.Thegeneralpurposemethods
shouldalsobeconsidered,assomemaybeimprovedortunedtothespecifictasks
relatedtowakeanalysis.Regardingshort-termforecasts,thedevelopedroutines
mustbefasttoperformandrelyonreal-timedata.Industrialapplicationswould
prefertechniquesthatcanbeseamlesslyimplementedintoestablishedapproaches.

Mostofthepapersinthethesistacklethisquestiontoacertainextent.PaperI
givesashortoverviewoftheGaussianwakemodels.PaperIIexploresanexisting
numericalmodelingcodefortheflowsatwindspeedscharacteristicofwindenergy
research.PaperVdescribesandverifiesanewalgorithmforwakeidentification
andcharacterization.Thealgorithmissubsequentlyimplementedasasub-routine
intheobservationaldataprocessingperformedinPaperVI.



6 Introduction

2. What are the drawbacks of the existing approaches for wake modeling
and analysis? Can those drawbacks be mitigated to become negligible,
or should they be accounted for?

This question is addressed in Paper II and explored in Papers V and VI. The latter
two papers suggest solutions for challenges encountered in lidar data processing.

3. What can we learn about a wake from the limited data available?

While numerical simulations can generate a three-dimensional wake field, both
as averaged and instantaneous snapshots, real-world observations have more con-
straints and limitations. Still, observational data are essential for model validation
and verification. Getting as much information about the wake as possible expands
the list of quantities available for comparison between models and measurements.

This question primarily concerns observational data. However, Paper V shows how
a wake-processing method developed for the measured wind flow is also applicable
to the simulated data.

4. How do the established approaches for stationary and non-stationary
wake situations perform in complex flow cases, e.g., transient flow? Is
it possible to predict and quantify the turbine response in these events,
for example, by introducing completely new routines or building up a
special routine upon the existing model?

Rapid changes in the inflow conditions due to a gust, transient, or extreme events
raise the question of whether a model interprets the flow correctly. The transient
flow situation, particularly the OCC event, is explored in Paper III by establishing
a multi-scale modeling chain to simulate wind turbine response in this kind of
event. Paper IV explores the resulting wake field to analyze how simple wake
models react to rapidly changing flow characteristics.
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2 Scientific background

2.1 Wind turbine wakes and observations

2.1.1 Wake structure
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Figure 2.1: Cross-sectional profiles of the velocity deficit at various distances in a simulated
flow upstream and downstream of the wind turbine.

A wind turbine extracts kinetic energy from the wind flow. Consequently, a struc-
ture with decreased wind speed forms behind the turbine rotor – a wind turbine wake
(Fig. 2.1). Upstream of the turbine, a small induction region also shows a decrease in
the wind speed, although not as substantial as in the wake at the same distance from
the rotor (Medici et al., 2011; Simley et al., 2016). Several dynamic streak-like struc-
tures form because of the pressure difference caused by blade rotation: tip vortices at
the blade’s tip (Ivanell et al., 2010) and a hub vortex forming from the nacelle and
blade’s root vortices (Zhang et al., 2012, 2013). The tip vortices persist for several rotor
distances before full dissipation (Sherry et al., 2013) and obstruct mixing with the free
flow, thus slowing down the wake recovery (Lignarolo et al., 2014). Their dissipation
accelerates in a highly turbulent flow (Khan et al., 2017). On the contrary, the hub
vortex is rather unstable; its strongest effect on the flow speed occurs in the near-rotor
region. Still, the fluctuations caused by the hub vortex partially contribute to the wake
speed at further downstream distances (Ashton et al., 2016). The chance for hub vortex
instability increases in the low turbulent flow.

Wakes are the most prominent structures in a wind farm flow field. Hence, their
effect on turbines poses one of the main challenges for predicting structural loads and
wind power output. The wake velocity deficit ∆U describes the difference between the
magnitudes of the free-flow wind speed U∞ and wind speed U behind the rotor:

∆U = U∞ − U. (2.1)

The normalized velocity deficit ∆U characterizes the strength of a wake. ∆U = 1
corresponds to the absence of the flow movement, and ∆U = 0 means the full recovery
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Figure2.1:Cross-sectionalprofilesofthevelocitydeficitatvariousdistancesinasimulated
flowupstreamanddownstreamofthewindturbine.

Awindturbineextractskineticenergyfromthewindflow.Consequently,astruc-
turewithdecreasedwindspeedformsbehindtheturbinerotor–awindturbinewake
(Fig.2.1).Upstreamoftheturbine,asmallinductionregionalsoshowsadecreasein
thewindspeed,althoughnotassubstantialasinthewakeatthesamedistancefrom
therotor(Medicietal.,2011;Simleyetal.,2016).Severaldynamicstreak-likestruc-
turesformbecauseofthepressuredifferencecausedbybladerotation:tipvorticesat
theblade’stip(Ivanelletal.,2010)andahubvortexformingfromthenacelleand
blade’srootvortices(Zhangetal.,2012,2013).Thetipvorticespersistforseveralrotor
distancesbeforefulldissipation(Sherryetal.,2013)andobstructmixingwiththefree
flow,thusslowingdownthewakerecovery(Lignaroloetal.,2014).Theirdissipation
acceleratesinahighlyturbulentflow(Khanetal.,2017).Onthecontrary,thehub
vortexisratherunstable;itsstrongesteffectontheflowspeedoccursinthenear-rotor
region.Still,thefluctuationscausedbythehubvortexpartiallycontributetothewake
speedatfurtherdownstreamdistances(Ashtonetal.,2016).Thechanceforhubvortex
instabilityincreasesinthelowturbulentflow.

Wakesarethemostprominentstructuresinawindfarmflowfield.Hence,their
effectonturbinesposesoneofthemainchallengesforpredictingstructuralloadsand
windpoweroutput.Thewakevelocitydeficit∆Udescribesthedifferencebetweenthe
magnitudesofthefree-flowwindspeedU∞andwindspeedUbehindtherotor:

∆U=U∞−U.(2.1)

Thenormalizedvelocitydeficit∆Ucharacterizesthestrengthofawake.∆U=1
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Figure 2.1: Cross-sectional profiles of the velocity deficit at various distances in a simulated
flow upstream and downstream of the wind turbine.

A wind turbine extracts kinetic energy from the wind flow. Consequently, a struc-
ture with decreased wind speed forms behind the turbine rotor – a wind turbine wake
(Fig. 2.1). Upstream of the turbine, a small induction region also shows a decrease in
the wind speed, although not as substantial as in the wake at the same distance from
the rotor (Medici et al., 2011; Simley et al., 2016). Several dynamic streak-like struc-
tures form because of the pressure difference caused by blade rotation: tip vortices at
the blade’s tip (Ivanell et al., 2010) and a hub vortex forming from the nacelle and
blade’s root vortices (Zhang et al., 2012, 2013). The tip vortices persist for several rotor
distances before full dissipation (Sherry et al., 2013) and obstruct mixing with the free
flow, thus slowing down the wake recovery (Lignarolo et al., 2014). Their dissipation
accelerates in a highly turbulent flow (Khan et al., 2017). On the contrary, the hub
vortex is rather unstable; its strongest effect on the flow speed occurs in the near-rotor
region. Still, the fluctuations caused by the hub vortex partially contribute to the wake
speed at further downstream distances (Ashton et al., 2016). The chance for hub vortex
instability increases in the low turbulent flow.

Wakes are the most prominent structures in a wind farm flow field. Hence, their
effect on turbines poses one of the main challenges for predicting structural loads and
wind power output. The wake velocity deficit ∆U describes the difference between the
magnitudes of the free-flow wind speed U∞ and wind speed U behind the rotor:

∆U = U∞ − U. (2.1)

The normalized velocity deficit ∆U characterizes the strength of a wake. ∆U = 1
corresponds to the absence of the flow movement, and ∆U = 0 means the full recovery
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to the free-flow wind speed:

∆U =
U∞ − U

U∞
= 1− U

U∞
. (2.2)

For wake studies, a local Cartesian coordinate system is typically centered at the
rotor center or wind tower foundation. The x-axis may be fixed or rotate dynamically
with the horizontal wind direction. The y-axis is perpendicular to the x-axis and lies in a
horizontal plane. Depending on the characteristics, a wake can be split into the near and
far wake (Crespo et al., 1999; Vermeer et al., 2003). The near wake is characterized by
strong tip vortices and a possibility of a double peak in the velocity deficit distribution.
The normalized velocity deficit ∆U is the strongest in the near wake and may reach
0.6−0.8 (Fig. 2.1). The criteria for separating near and far wakes vary depending on the
study’s purposes. For example, Vermeer et al. (2003) defined the near wake for x/D ≤ 1,
where the influence from hub vortices is still strong. On the contrary, Crespo et al. (1999)
excluded the near-rotor region at x/D < 2 for the same reasons and regarded the near
wake at 2 ≤ x/D ≤ 5, which is now a more typical range to define the near wake. A short
transitional region may also be defined, where the velocity deficit approaches self-similar
Gaussian distributions of the far wake. The far wake is then defined at x/D > 6− 8 and
spans until the full recovery to the free flow.

wake centerline and wind direction

wake boundary

wind direction

(a) Wake aligned with the wind direction

wake centerline

(b) Deflected wake

Figure 2.2: A schematic of (a) a wake aligned with the wind direction and (b) a wake deflected
by the turbines with the rotor’s yaw angle of 10°.

The longer the wake, the more noticeable its deflection from the rotor axis and
distortion of the circular shape in the cross-section. Weak deflection and divergence from
a regular circular shape always occur due to the effect of the Coriolis force, regardless of
the wind turbine orientation (Abkar and Porté-Agel , 2016; van der Laan and Sørensen ,
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Forwakestudies,alocalCartesiancoordinatesystemistypicallycenteredatthe
rotorcenterorwindtowerfoundation.Thex-axismaybefixedorrotatedynamically
withthehorizontalwinddirection.They-axisisperpendiculartothex-axisandliesina
horizontalplane.Dependingonthecharacteristics,awakecanbesplitintothenearand
farwake(Crespoetal.,1999;Vermeeretal.,2003).Thenearwakeischaracterizedby
strongtipvorticesandapossibilityofadoublepeakinthevelocitydeficitdistribution.
Thenormalizedvelocitydeficit∆Uisthestrongestinthenearwakeandmayreach
0.6−0.8(Fig.2.1).Thecriteriaforseparatingnearandfarwakesvarydependingonthe
study’spurposes.Forexample,Vermeeretal.(2003)definedthenearwakeforx/D≤1,
wheretheinfluencefromhubvorticesisstillstrong.Onthecontrary,Crespoetal.(1999)
excludedthenear-rotorregionatx/D<2forthesamereasonsandregardedthenear
wakeat2≤x/D≤5,whichisnowamoretypicalrangetodefinethenearwake.Ashort
transitionalregionmayalsobedefined,wherethevelocitydeficitapproachesself-similar
Gaussiandistributionsofthefarwake.Thefarwakeisthendefinedatx/D>6−8and
spansuntilthefullrecoverytothefreeflow.
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2017). The deflection can be also affected by altering the rotor’s position. Changing the
rotor’s yaw angle (Fig. 2.2b) causes strong horizontal deflection and helps to decrease the
wake effect on downstream turbines and increase the power production (Adaramola and
Å. Krogstad , 2011; Fleming et al., 2014). Changing the tilt angle increases the vertical
deflection of a wake and leads to the wake’s mirroring from the sea surface; the mirroring
creates a small section downstream where the velocity deficit is slightly lower compared
to a non-deflected wake (Johlas et al., 2022).

The instantaneous wake center oscillates around the averaged wake’s centerline – a
so-called wake meandering (Larsen et al., 2007; España et al., 2011; Foti et al., 2018).
Together with the wake deflection, the wake meandering subjects downwind turbines
to non-uniform loads, complicating the estimation of fatigue and lifetime. The oscil-
lation amplitude increases with the downstream distance, especially in the horizontal
plane (Foti et al., 2018). The oscillations are weaker but still prominent in the verti-
cal plane (España et al., 2011). Although the physics behind the wake meandering is
not fully understood, the dominant hypothesis attributes meandering to vortex shedding
and large-scale turbulence influence (Larsen et al., 2007, 2008; Mao and Sørensen , 2018).
Other factors like wind turbine vibrations may also contribute to the meandering. While
the wake meandering is not important for the long-term estimations of wind energy pro-
duction, it is a crucial factor to consider when studying dynamic loads, as those are
evidently correlated with the behavior of an instantaneous wake (Moens et al., 2019).

2.1.2 Wakes and atmospheric stability

Assuming Cartesian coordinates, the wind speed U can be split into directional compo-
nents u, v, and w:

U2 = u2 + v2 + w2. (2.3)

Each directional wind speed component in a turbulent flow, e.g., u, can be split into
the mean term denoted with an overline, u, and the fluctuating term denoted with prime
symbol, u′. Then for each component:

u = u+ u′, v = v + v′, w = w + w′. (2.4)

The same is valid for the total wind speed U

U = U + U ′. (2.5)

The sum of squared mean speed components corresponds to the flow’s mean kinetic
energy per unit mass E:

E =
1

2
U

2
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1

2

(
u2 + v2 + w2

)
. (2.6)

Similarly, the fluctuating components represent the turbulent kinetic energy e (TKE):

e =
1

2

(
u′2 + v′2 + w′2) . (2.7)

The turbulence intensity I of the flow describes the strength of turbulent fluctua-
tions in comparison to the mean wind. For example, the turbulence intensity of the
u-component of the wind speed is given by

Iu =
σu
u
, (2.8)
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where σu is the standard deviation of u.
The temperature T may be insufficient for use in meteorological studies due to the

effects of atmospheric pressure and humidity. Hence, the potential temperature θ is
introduced to account for the pressure p

θ = T

Å
p0
p

ãk

, (2.9)

where p0 is the standard pressure of 100 kPa or the surface pressure. The exponent k is
typically taken as k = 2/7, assuming the ideal diatomic gas. Additionally, the virtual
potential temperature θv shows the potential temperature θ of dry air with the same
density as moist air. Although the difference between θ and θv may reach only a few
degrees, it must be considered to resolve correctly the turbulence intensity and movement
due to buoyancy.

The turbulence intensity is linked with the atmospheric stability conditions, which
are affected by the wind shear ∂U/∂z and the potential temperature gradient ∂θ/∂z
(Stull , 1988; Churchfield et al., 2012). To classify atmospheric stabilities, the Obukhov
length L is introduced to describe the relation between wind shear and buoyancy:

L = − u3∗ θv

κg w ′θ ′
v
, (2.10)

where κ = 0.4 is the von Karman constant, g = 9.81m/s – the acceleration due to the
Earth’s gravity; u∗ – the friction velocity. w ′θ ′

v – the surface heat flux.
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Figure 2.3: Schematic profiles of mean velocity components and potential temperature for (a)
convective, (b) neutral, and (c) stable boundary layers in a numerical simulation. The vertical
axis is normalized by the respective domain height.

Atmospheric stability of the boundary layer is defined depending on whether the
Obukhov length L is positive or negative:
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2.1 Wind turbine wakes and observations 11

• Unstable or convective boundary layer (CBL), L ≤ 0 (Fig. 2.3a): the adiabatic
lapse rate of a rising air parcel decreases slower than that of the surrounding air.
Hence, the air parcel remains warmer and less dense than its surroundings and
continues to rise because of the buoyancy. The mean wind shear is low. The
variance of velocity components is relatively high and causes strong turbulence
fluctuations (Deardorff , 1972; Schmidt and Schumann , 1989).

• Neutral boundary layer (NBL), |L| → ∞ (Fig. 2.3b): weak to zero potential tem-
perature gradient, the air parcel mainly moves horizontally because of the wind;
the vertical profile of the mean wind speed is close to logarithmic (Stull , 1988).

• Stable boundary layer (SBL), L > 0 (Fig. 2.3c): the air motion is suppressed, the
rising air parcel is colder and denser than its surroundings and tends to return
to its level of origin. Stable atmosphere is characterized by high wind shear and
low turbulence. The mean wind speed vertical profile diverges from logarithmic
and may be distorted with one or more local maxima due to low-level jets (Kettle,
2014).

Table 2.1: Detailed classification of the atmospheric stabilities based on the Obukhov length.
Reproduced from Peña et al. (2010)

Stability class Obukhov length

Unstable

Very unstable −100 < L ≤ −50

Unstable −200 < L ≤ −100

Near neutral/unstable −500 < L ≤ −200

Neutral |L| ≥ 500

Stable

Near neutral/stable 200 ≤ L < 500

Stable 50 ≤ L < 200

Very stable 10 ≤ L < 50

Several intermediate stratifications may be introduced to separate very stable/unsta-
ble conditions from near neutral (Table 2.1) (Wijk et al., 1990; Peña et al., 2010; Rodrigo
et al., 2015). A true neutral atmosphere is a rare case; close to neutral conditions are
usually observed on a cloudy day or during the transition from stable to unstable con-
ditions and vice versa. Diurnal variations in stability are especially pronounced onshore
due to the surface heating and cooling. Unstable conditions onshore can be expected
during the clear sky day when the surface is heated faster than the air. Stable conditions
are often observed at night when the land surface is cooler than the air.

Offshore, diurnal variations in stability are not as prominent compared to seasonal
variations (Sathe et al., 2011; Barthelmie et al., 2015). If any diurnal pattern emerges, it
differs from onshore sites and shows a slight increase of stable conditions occurrence in
the evening (Motta et al., 2005). The hourly and monthly distributions of stabilities are
noticeably affected by the offshore site proximity to the land: winds from the coast or
the open sea bring patterns characteristic to their respective origins (Motta et al., 2005).
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• Unstable or convective boundary layer (CBL), L ≤ 0 (Fig. 2.3a): the adiabatic
lapse rate of a rising air parcel decreases slower than that of the surrounding air.
Hence, the air parcel remains warmer and less dense than its surroundings and
continues to rise because of the buoyancy. The mean wind shear is low. The
variance of velocity components is relatively high and causes strong turbulence
fluctuations (Deardorff , 1972; Schmidt and Schumann , 1989).

• Neutral boundary layer (NBL), |L| → ∞ (Fig. 2.3b): weak to zero potential tem-
perature gradient, the air parcel mainly moves horizontally because of the wind;
the vertical profile of the mean wind speed is close to logarithmic (Stull , 1988).

• Stable boundary layer (SBL), L > 0 (Fig. 2.3c): the air motion is suppressed, the
rising air parcel is colder and denser than its surroundings and tends to return
to its level of origin. Stable atmosphere is characterized by high wind shear and
low turbulence. The mean wind speed vertical profile diverges from logarithmic
and may be distorted with one or more local maxima due to low-level jets (Kettle,
2014).

Table 2.1: Detailed classification of the atmospheric stabilities based on the Obukhov length.
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Several intermediate stratifications may be introduced to separate very stable/unsta-
ble conditions from near neutral (Table 2.1) (Wijk et al., 1990; Peña et al., 2010; Rodrigo
et al., 2015). A true neutral atmosphere is a rare case; close to neutral conditions are
usually observed on a cloudy day or during the transition from stable to unstable con-
ditions and vice versa. Diurnal variations in stability are especially pronounced onshore
due to the surface heating and cooling. Unstable conditions onshore can be expected
during the clear sky day when the surface is heated faster than the air. Stable conditions
are often observed at night when the land surface is cooler than the air.

Offshore, diurnal variations in stability are not as prominent compared to seasonal
variations (Sathe et al., 2011; Barthelmie et al., 2015). If any diurnal pattern emerges, it
differs from onshore sites and shows a slight increase of stable conditions occurrence in
the evening (Motta et al., 2005). The hourly and monthly distributions of stabilities are
noticeably affected by the offshore site proximity to the land: winds from the coast or
the open sea bring patterns characteristic to their respective origins (Motta et al., 2005).
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12 Scientific background

Turbulence intensity offshore strongly depends on the wind speed since it affects
the surface roughness through the wave formation (Türk and Emeis , 2010). However,
turbulence levels are generally lower than over the land due to a lower surface roughness.
Combined, these factors lead to an increased occurrence of very stable conditions for
wind speeds of 8− 15m/s – common rated wind speed for wind turbines; the total SBL
occurrences gradually decrease for winds above 15m/s (Motta et al., 2005; Sathe et al.,
2013; Cheynet et al., 2018; Nybø et al., 2020).

The increased chance of SBL occurrence over the sea is important for wind research
because SBL is usually thin and reaches the order of 300m or even lower in the extremely
stable atmosphere (Smedman et al., 1995). Since modern offshore wind turbines tend
to grow in size, the upper part of a wind turbine rotor may reach the boundary of SBL
and become subjected to a more complex flow even outside extremely stable conditions
(Wagner et al., 2019).

Wakes also recover differently under different stability conditions. The longer and
stronger the wake is, the higher its possibility to affect downstream turbine inflow and
loads. The influence of atmospheric stability on power production was studied for several
European offshore wind farms (Barthelmie and Jensen , 2010; Hansen et al., 2011; Alblas
et al., 2014; Barthelmie et al., 2015) and USA onshore wind farm data (Wharton and
Lundquist , 2012). The results agree upon that a higher velocity deficit and slower wake
recovery are observed during stable conditions leading to decreased power production.
Neutral and convective conditions show less wake losses due to higher turbulence intensity
and better mixing. If compared between very stable and very unstable conditions, the
difference in power production of the wake-affected turbines may reach 10 − 20% of
the free-flow power output. However, when sampled for the same mean wind speed,
the normalized power production in stable, neutral and unstable cases may show less
difference (Barthelmie et al., 2015).

Numerical simulation of stability effects in a large wind farm supports the observa-
tions. It confirms a faster wake recovery in the CBL (Churchfield et al., 2012), although
the wake growth and meandering also became stronger in this case (Abkar and Porté-
Agel , 2015). The effect of stability on the wake decay is also confirmed in wind tunnel
experiments (Zhang et al., 2013; Hancock and Pascheke , 2014). Therefore, slower wake
recovery in the SBL becomes important to consider in offshore wind farms. Single tur-
bine wakes merge and form a wind farm wake, which may span several kilometers and
affect nearby farms. A notable observation of wake effects registered at several tens of
kilometers from a large offshore wind farm was described by Platis et al. (2018).

2.1.3 Measurement instruments and techniques

Field measurements

Measurements of wind speed in a wake provide data for the model validation and case
studies. Since the turbine wake is a three-dimensional structure, not all measurement
instruments can provide enough information about the wake flow. The most widespread
meteorological instruments – cup and sonic anemometers – measure the wind speed and
direction at the point where they are mounted. Usually, the anemometers are used to take
measurements of the free flow or at certain points downstream of the turbine. The time
resolution of a cup anemometer is generally enough to calculate the turbulence intensity
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Turbulence intensity offshore strongly depends on the wind speed since it affects
the surface roughness through the wave formation (Türk and Emeis , 2010). However,
turbulence levels are generally lower than over the land due to a lower surface roughness.
Combined, these factors lead to an increased occurrence of very stable conditions for
wind speeds of 8− 15m/s – common rated wind speed for wind turbines; the total SBL
occurrences gradually decrease for winds above 15m/s (Motta et al., 2005; Sathe et al.,
2013; Cheynet et al., 2018; Nybø et al., 2020).

The increased chance of SBL occurrence over the sea is important for wind research
because SBL is usually thin and reaches the order of 300m or even lower in the extremely
stable atmosphere (Smedman et al., 1995). Since modern offshore wind turbines tend
to grow in size, the upper part of a wind turbine rotor may reach the boundary of SBL
and become subjected to a more complex flow even outside extremely stable conditions
(Wagner et al., 2019).

Wakes also recover differently under different stability conditions. The longer and
stronger the wake is, the higher its possibility to affect downstream turbine inflow and
loads. The influence of atmospheric stability on power production was studied for several
European offshore wind farms (Barthelmie and Jensen , 2010; Hansen et al., 2011; Alblas
et al., 2014; Barthelmie et al., 2015) and USA onshore wind farm data (Wharton and
Lundquist , 2012). The results agree upon that a higher velocity deficit and slower wake
recovery are observed during stable conditions leading to decreased power production.
Neutral and convective conditions show less wake losses due to higher turbulence intensity
and better mixing. If compared between very stable and very unstable conditions, the
difference in power production of the wake-affected turbines may reach 10 − 20% of
the free-flow power output. However, when sampled for the same mean wind speed,
the normalized power production in stable, neutral and unstable cases may show less
difference (Barthelmie et al., 2015).

Numerical simulation of stability effects in a large wind farm supports the observa-
tions. It confirms a faster wake recovery in the CBL (Churchfield et al., 2012), although
the wake growth and meandering also became stronger in this case (Abkar and Porté-
Agel , 2015). The effect of stability on the wake decay is also confirmed in wind tunnel
experiments (Zhang et al., 2013; Hancock and Pascheke , 2014). Therefore, slower wake
recovery in the SBL becomes important to consider in offshore wind farms. Single tur-
bine wakes merge and form a wind farm wake, which may span several kilometers and
affect nearby farms. A notable observation of wake effects registered at several tens of
kilometers from a large offshore wind farm was described by Platis et al. (2018).

2.1.3 Measurement instruments and techniques

Field measurements

Measurements of wind speed in a wake provide data for the model validation and case
studies. Since the turbine wake is a three-dimensional structure, not all measurement
instruments can provide enough information about the wake flow. The most widespread
meteorological instruments – cup and sonic anemometers – measure the wind speed and
direction at the point where they are mounted. Usually, the anemometers are used to take
measurements of the free flow or at certain points downstream of the turbine. The time
resolution of a cup anemometer is generally enough to calculate the turbulence intensity
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with Eq (2.8) using a standard deviation of 1Hz time series and 10-minute wind speed
average. While a single cup anemometer registers only the magnitude of wind speed,
a sonic anemometer can measure all three directional wind speed components. The
time resolution of sonic anemometers reaches up to 100 Hz, allowing to perform high-
frequency measurements and get more precise estimation of the standard deviation of
velocity components and the turbulence intensity.

While it is theoretically possible to mount several anemometers and get a scope of a
two- or three-dimensional wind field through interpolation, the number of instruments
required and unavoidable flow distortions from meteorological masts render this method
infeasible. For the remote wind measurements, a scanning Doppler wind lidar becomes
the primary choice.

A scanning Doppler lidar emits a laser beam and analyzes light energy back-scattered
by small particles moving with the air (Werner , 2005; Bingöl et al., 2010; Trujillo et al.,
2011). The velocities along the lidar’s beam, or line-of-sight velocities, are determined
based on the Doppler shift in the back-scattered signal frequency.

Scanning lidars are versatile and may operate in several modes. Wind profiling takes
advantage of Doppler Beam Swinging (DBS) and Velocity Azimuth Display (VAD) scan
patterns (Lundquist et al., 2008; Drew et al., 2013; Mirocha et al., 2015; Newman et al.,
2016). Two-dimensional wind fields are obtained as continuous radial scans with varying
elevation or azimuth angles. The scanning mode depends on which angle of the lidar
beam is fixed.

• Range Height Indicator (RHI) – the elevation angle is varied, and the azimuth
angle remains constant; the measurements are taken in a vertical plane.

• Plan-Position Indicator (PPI) – the elevation angle is constant, and the azimuth
angle is varied; the measurements are taken in a horizontal or inclined plane.

The RHI scanning mode is suitable for studying the boundary layer (Debnath et al.,
2017; Späth et al., 2022; Duscha et al., 2023) and vertical wake profiles (Barthelmie et al.,
2018). The PPI mode allows capturing wakes at different horizontal levels, preferably at
the hub height, for further characterization (Iungo and Porté-Agel , 2013; Kumer et al.,
2015; Wang and Barthelmie , 2015; Bodini et al., 2017; Krishnamurthy et al., 2017).
However, scanning lidars measure only a radial velocity Vr – a line-of-sight projection
of the actual wind vector. The measured velocity corresponds to the original velocity’s
components as

Vr = u sin θ cosφ+ v cos θ cosφ+ w sinφ, (2.11)

where θ is the azimuth angle, and φ is the elevation angle of the lidar beam.
Often, the radial velocity does not coincide with the actual velocity and may diverge

from it greatly. In wind energy research, a lidar is usually mounted at a fixed location
and scans a specific sector with the possibility to change elevation or azimuth angles
(Bingöl et al., 2010; Trujillo et al., 2011). Therefore, the wakes perpendicular to the
line-of-sight will be seen as weak disturbances in the free flow because their radial ve-
locities approach zero. The problem can be overcome by aligning the lidar with the
dominant wind direction so that the radial velocity would approach the actual velocity
in most scans. Overall, the radial velocity must be processed with a retrieval algorithm
to reconstruct the original wind speed and direction. Although various retrieval algo-
rithms were developed as soon as scanning lidars were put into use, the most common
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velocitycomponentsandtheturbulenceintensity.

Whileitistheoreticallypossibletomountseveralanemometersandgetascopeofa
two-orthree-dimensionalwindfieldthroughinterpolation,thenumberofinstruments
requiredandunavoidableflowdistortionsfrommeteorologicalmastsrenderthismethod
infeasible.Fortheremotewindmeasurements,ascanningDopplerwindlidarbecomes
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AscanningDopplerlidaremitsalaserbeamandanalyzeslightenergyback-scattered
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thehubheight,forfurthercharacterization(IungoandPorté-Agel,2013;Kumeretal.,
2015;WangandBarthelmie,2015;Bodinietal.,2017;Krishnamurthyetal.,2017).
However,scanninglidarsmeasureonlyaradialvelocityVr–aline-of-sightprojection
oftheactualwindvector.Themeasuredvelocitycorrespondstotheoriginalvelocity’s
componentsas
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with Eq (2.8) using a standard deviation of 1Hz time series and 10-minute wind speed
average. While a single cup anemometer registers only the magnitude of wind speed,
a sonic anemometer can measure all three directional wind speed components. The
time resolution of sonic anemometers reaches up to 100 Hz, allowing to perform high-
frequency measurements and get more precise estimation of the standard deviation of
velocity components and the turbulence intensity.

While it is theoretically possible to mount several anemometers and get a scope of a
two- or three-dimensional wind field through interpolation, the number of instruments
required and unavoidable flow distortions from meteorological masts render this method
infeasible. For the remote wind measurements, a scanning Doppler wind lidar becomes
the primary choice.

A scanning Doppler lidar emits a laser beam and analyzes light energy back-scattered
by small particles moving with the air (Werner , 2005; Bingöl et al., 2010; Trujillo et al.,
2011). The velocities along the lidar’s beam, or line-of-sight velocities, are determined
based on the Doppler shift in the back-scattered signal frequency.

Scanning lidars are versatile and may operate in several modes. Wind profiling takes
advantage of Doppler Beam Swinging (DBS) and Velocity Azimuth Display (VAD) scan
patterns (Lundquist et al., 2008; Drew et al., 2013; Mirocha et al., 2015; Newman et al.,
2016). Two-dimensional wind fields are obtained as continuous radial scans with varying
elevation or azimuth angles. The scanning mode depends on which angle of the lidar
beam is fixed.

• Range Height Indicator (RHI) – the elevation angle is varied, and the azimuth
angle remains constant; the measurements are taken in a vertical plane.

• Plan-Position Indicator (PPI) – the elevation angle is constant, and the azimuth
angle is varied; the measurements are taken in a horizontal or inclined plane.

The RHI scanning mode is suitable for studying the boundary layer (Debnath et al.,
2017; Späth et al., 2022; Duscha et al., 2023) and vertical wake profiles (Barthelmie et al.,
2018). The PPI mode allows capturing wakes at different horizontal levels, preferably at
the hub height, for further characterization (Iungo and Porté-Agel , 2013; Kumer et al.,
2015; Wang and Barthelmie , 2015; Bodini et al., 2017; Krishnamurthy et al., 2017).
However, scanning lidars measure only a radial velocity Vr – a line-of-sight projection
of the actual wind vector. The measured velocity corresponds to the original velocity’s
components as

Vr = u sin θ cosφ+ v cos θ cosφ+ w sinφ, (2.11)

where θ is the azimuth angle, and φ is the elevation angle of the lidar beam.
Often, the radial velocity does not coincide with the actual velocity and may diverge

from it greatly. In wind energy research, a lidar is usually mounted at a fixed location
and scans a specific sector with the possibility to change elevation or azimuth angles
(Bingöl et al., 2010; Trujillo et al., 2011). Therefore, the wakes perpendicular to the
line-of-sight will be seen as weak disturbances in the free flow because their radial ve-
locities approach zero. The problem can be overcome by aligning the lidar with the
dominant wind direction so that the radial velocity would approach the actual velocity
in most scans. Overall, the radial velocity must be processed with a retrieval algorithm
to reconstruct the original wind speed and direction. Although various retrieval algo-
rithms were developed as soon as scanning lidars were put into use, the most common
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average.Whileasinglecupanemometerregistersonlythemagnitudeofwindspeed,
asonicanemometercanmeasureallthreedirectionalwindspeedcomponents.The
timeresolutionofsonicanemometersreachesupto100Hz,allowingtoperformhigh-
frequencymeasurementsandgetmorepreciseestimationofthestandarddeviationof
velocitycomponentsandtheturbulenceintensity.

Whileitistheoreticallypossibletomountseveralanemometersandgetascopeofa
two-orthree-dimensionalwindfieldthroughinterpolation,thenumberofinstruments
requiredandunavoidableflowdistortionsfrommeteorologicalmastsrenderthismethod
infeasible.Fortheremotewindmeasurements,ascanningDopplerwindlidarbecomes
theprimarychoice.

AscanningDopplerlidaremitsalaserbeamandanalyzeslightenergyback-scattered
bysmallparticlesmovingwiththeair(Werner,2005;Bingöletal.,2010;Trujilloetal.,
2011).Thevelocitiesalongthelidar’sbeam,orline-of-sightvelocities,aredetermined
basedontheDopplershiftintheback-scatteredsignalfrequency.

Scanninglidarsareversatileandmayoperateinseveralmodes.Windprofilingtakes
advantageofDopplerBeamSwinging(DBS)andVelocityAzimuthDisplay(VAD)scan
patterns(Lundquistetal.,2008;Drewetal.,2013;Mirochaetal.,2015;Newmanetal.,
2016).Two-dimensionalwindfieldsareobtainedascontinuousradialscanswithvarying
elevationorazimuthangles.Thescanningmodedependsonwhichangleofthelidar
beamisfixed.

•RangeHeightIndicator(RHI)–theelevationangleisvaried,andtheazimuth
angleremainsconstant;themeasurementsaretakeninaverticalplane.

•Plan-PositionIndicator(PPI)–theelevationangleisconstant,andtheazimuth
angleisvaried;themeasurementsaretakeninahorizontalorinclinedplane.

TheRHIscanningmodeissuitableforstudyingtheboundarylayer(Debnathetal.,
2017;Späthetal.,2022;Duschaetal.,2023)andverticalwakeprofiles(Barthelmieetal.,
2018).ThePPImodeallowscapturingwakesatdifferenthorizontallevels,preferablyat
thehubheight,forfurthercharacterization(IungoandPorté-Agel,2013;Kumeretal.,
2015;WangandBarthelmie,2015;Bodinietal.,2017;Krishnamurthyetal.,2017).
However,scanninglidarsmeasureonlyaradialvelocityVr–aline-of-sightprojection
oftheactualwindvector.Themeasuredvelocitycorrespondstotheoriginalvelocity’s
componentsas

Vr=usinθcosφ+vcosθcosφ+wsinφ,(2.11)

whereθistheazimuthangle,andφistheelevationangleofthelidarbeam.
Often,theradialvelocitydoesnotcoincidewiththeactualvelocityandmaydiverge

fromitgreatly.Inwindenergyresearch,alidarisusuallymountedatafixedlocation
andscansaspecificsectorwiththepossibilitytochangeelevationorazimuthangles
(Bingöletal.,2010;Trujilloetal.,2011).Therefore,thewakesperpendiculartothe
line-of-sightwillbeseenasweakdisturbancesinthefreeflowbecausetheirradialve-
locitiesapproachzero.Theproblemcanbeovercomebyaligningthelidarwiththe
dominantwinddirectionsothattheradialvelocitywouldapproachtheactualvelocity
inmostscans.Overall,theradialvelocitymustbeprocessedwitharetrievalalgorithm
toreconstructtheoriginalwindspeedanddirection.Althoughvariousretrievalalgo-
rithmsweredevelopedassoonasscanninglidarswereputintouse,themostcommon
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14 Scientific background

algorithms assume a homogeneous wind field. When applied to non-homogeneous fields,
e.g., wakes in a wind farm, such retrieval algorithm may produce erroneous results. Sev-
eral algorithms varying in complexity and application were developed for the retrieval of
non-homogeneous fields (Gao et al., 2006; Nijhuis et al., 2014; Cherukuru et al., 2017;
Fielding and Janisková , 2020; Janisková and Fielding , 2020).
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Figure 2.4: (a) A simulated wake from a single turbine and wake identification performed with
(b) an analytical and (c) thresholding method.

The information about a wake (Fig. 2.4a) can be obtained by performing wake iden-
tification and characterization (Quon et al., 2020). Wake identification is a procedure
to determine which points in the two- or three-dimensional flow data belong to a wake.
After the wake points are identified, it is possible to characterize the wake: define its
boundaries, width, strength, and centerline. The wake characterization has numerous
applications and, depending on the goal, does not always have to be carried out thor-
oughly. For example, the wake centerline poses the most interest in yaw deflection
studies. When it comes to the rotor loads, knowing the velocity deficit distribution and
turbulence intensity becomes the priority.

Wake identification methods can be generally split into analytical and thresholding
methods. Analytical methods set a condition to estimate the wake center and boundaries.
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Figure2.4:(a)Asimulatedwakefromasingleturbineandwakeidentificationperformedwith
(b)ananalyticaland(c)thresholdingmethod.

Theinformationaboutawake(Fig.2.4a)canbeobtainedbyperformingwakeiden-
tificationandcharacterization(Quonetal.,2020).Wakeidentificationisaprocedure
todeterminewhichpointsinthetwo-orthree-dimensionalflowdatabelongtoawake.
Afterthewakepointsareidentified,itispossibletocharacterizethewake:defineits
boundaries,width,strength,andcenterline.Thewakecharacterizationhasnumerous
applicationsand,dependingonthegoal,doesnotalwayshavetobecarriedoutthor-
oughly.Forexample,thewakecenterlineposesthemostinterestinyawdeflection
studies.Whenitcomestotherotorloads,knowingthevelocitydeficitdistributionand
turbulenceintensitybecomesthepriority.

Wakeidentificationmethodscanbegenerallysplitintoanalyticalandthresholding
methods.Analyticalmethodssetaconditiontoestimatethewakecenterandboundaries.
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Typically, a Gaussian function is used for fitting the velocity deficit data (Fig. 2.4b)
(Kumer et al., 2015; Krishnamurthy et al., 2017), although a more complex expression,
e.g., minimum power production within the area, is also viable (Vollmer et al., 2016).
The drawback of the analytical methods is that they require knowing the wind speed
on a spatial grid. Sufficient data resolution is preferable so that fitting a function can
produce meaningful results.

Thresholding methods set a condition to split data into the free-flow and wake points
(Fig. 2.4c). The condition may be as simple as assigning a wake point if the normalized
velocity deficit exceeds a certain value, e.g., 5% (España et al., 2011; Bastine et al., 2015).
Borrowing from more complex techniques used in image processing (Bakhoday-Paskyabi
et al., 2016) allows setting a dynamic criterion for thresholding. The algorithm may
then adapt to the data resolution and quality. Thresholding methods do not necessarily
require exact wind speed values and, therefore, can be also applied to images or photos.
However, the thresholded data identifies only the wake shape; additional processing is
required to characterize the wake centerline.

2.2 Modeling of the atmospheric flow and wakes

Wake modeling splits into the problems of modeling wind flow and a wind turbine rotor
or wind farm. Modern codes utilize a wide range of models and approaches, allowing
to select the one that satisfies the requirements for accuracy, speed and computational
resources (Fig. 2.5). Simple analytical wake models (Sect. 2.2.2) focus on the velocity
deficit and are relatively easy to implement with the possibility of adjustment to the
particular study’s goals. Analytical models also serve as underlying models in fast codes,
e.g., WAsP and PyWake, to estimate annual energy production of a wind farm. Complex
numerical models (Sect. 2.2.3) resolve the wind flow in detail and require a built-in rotor
model to generate wake and analyze its effect on other wind turbines. Depending on the
simulation purposes and code capabilities, the implementation of a wind turbine rotor
varies from an actuator model to a fully resolved surface mesh (Sect. 2.2.5).

Newly developed models or methods often utilize data from wind tunnel experiments
or measurement campaigns for validation. Although a field measurement dataset may
capture various atmospheric conditions at the site, it may not cover different turbines
or terrain type. Additionally, the increasing number of offshore wind farms means that
nearby farms and measurement instruments may be affected by other farms wakes. While
this situation also poses a research interest in its own, it is not suitable for the model val-
idation focused on an unaffected wind farm performance. Several experimental datasets
containing controlled and processed data are made available for model validation. As
of 2017, Breton et al. (2017) lists 36 datasets ranging in terms of access, terrain, scale
and number of the turbines observed. Alternatively, a model may be validated with
a high-fidelity simulation from a numerical code whose drawbacks and advantages are
already documented in detail.

2.2.1 Governing equations of the turbulent flow

Turbulent flows are described by the equation system accounting for the evolution of wind
speed components, temperature, moisture, and scalar quantities within space (x, y, z)
and time t. The wind speeds typical for wind energy research are low. Therefore, the
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2.2 Modeling of the atmospheric flow and wakes 17

compressibility effects can be disregarded unless a fully-resolved wind rotor and blade’s
tip speed are specifically considered (Yan and Archer , 2018). Hence, the governing
equations for turbulent flow can be written in the Boussinesq-approximated form, which
considers air density ρ only in the connection with the buoyancy term. The air density
is then affected solely by the temperature change with height.

1. Conservation of mass or continuity equation

∂uj
∂xj

= 0 (2.12)

Here and in the subsequent equations, indices i, j, and k may take values of 1, 2,
or 3 corresponding to one of the three-dimensional axes: x1 = x, x2 = y, x3 = z.
ui are directional wind speed components with u1 = u, u2 = v, and u3 = w.

2. Conservation of momentum equation

∂ui
∂t

+
∂uiuj
∂xj

= −1

ρ

∂p∗

∂xi
− εijkfjuk + εij3f3ug,j − g

θv − θ0
θ0

δi3 + ν
∂2ui

∂x2j
, (2.13)

where p∗ is the perturbation pressure. f is the Coriolis parameter vector accounting
for the Earth’s rotation (0, 2ω cosφ, 2ω sinφ); the vector’s directional components
depend on the angular velocity of the Earth ω = 0.729 × 10−4 rad/s and latitude
φ. ug,j are the geostrophic wind components. δ is the Kronecker delta. ν is the
kinematic viscosity.

3. Conservation of heat equation

∂θ

∂t
+ uj

∂θ

∂xj
= νθ

∂2θ

∂x2j
+Q, (2.14)

where νθ is the thermal diffusivity, and Q is the source term for the heat.

4. Conservation of moisture equation

∂qT
∂t

+ uj
∂qT
∂xj

= νq
∂2q

∂x2j
+

SqT

ρ
, (2.15)

where the total humidity qT contains vapor q and non-vapor qL components, so
that qT = q + qL. The diffusivity νq is the diffusivity of the water vapor, and SqT

is the source term for processes not already included in the equation.

5. Conservation of a scalar quantity, e.g., concentration C

∂C

∂t
+ uj

∂C

∂xj
= νC

∂2C

∂x2j
+ SC , (2.16)

where νC is the molecular diffusivity, and SC is the source term for processes not
described by the aforementioned equations, e.g., chemical reactions.

The equation system Eq. (2.12)-(2.16) does not have an analytical solution. There-
fore, it is either solved numerically or used as a constraint for analytical models.
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isthenaffectedsolelybythetemperaturechangewithheight.
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wherethetotalhumidityqTcontainsvaporqandnon-vaporqLcomponents,so
thatqT=q+qL.Thediffusivityνqisthediffusivityofthewatervapor,andSqT
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whereνCisthemoleculardiffusivity,andSCisthesourcetermforprocessesnot
describedbytheaforementionedequations,e.g.,chemicalreactions.

TheequationsystemEq.(2.12)-(2.16)doesnothaveananalyticalsolution.There-
fore,itiseithersolvednumericallyorusedasaconstraintforanalyticalmodels.
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where p∗ is the perturbation pressure. f is the Coriolis parameter vector accounting
for the Earth’s rotation (0, 2ω cosφ, 2ω sinφ); the vector’s directional components
depend on the angular velocity of the Earth ω = 0.729 × 10−4 rad/s and latitude
φ. ug,j are the geostrophic wind components. δ is the Kronecker delta. ν is the
kinematic viscosity.
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where the total humidity qT contains vapor q and non-vapor qL components, so
that qT = q + qL. The diffusivity νq is the diffusivity of the water vapor, and SqT

is the source term for processes not already included in the equation.

5. Conservation of a scalar quantity, e.g., concentration C

∂C

∂t
+ uj

∂C

∂xj
= νC

∂2C

∂x2
j

+ SC , (2.16)

where νC is the molecular diffusivity, and SC is the source term for processes not
described by the aforementioned equations, e.g., chemical reactions.

The equation system Eq. (2.12)-(2.16) does not have an analytical solution. There-
fore, it is either solved numerically or used as a constraint for analytical models.
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considersairdensityρonlyintheconnectionwiththebuoyancyterm.Theairdensity
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Figure 2.6: Example of a simulated wake and its interpretation by different analytical models
for the same free-flow wind speed, thrust coefficient, and turbulence intensity.

2.2.2 Analytical wake models

Analytical wake models, also called engineering models, calculate the velocity deficit with
simple mathematical expressions (Fig. 2.6). Since those calculations can be performed
fast, the analytical models or their modifications are widely used for estimation of the
wind energy production (Nygaard et al., 2022) or layout optimization (Tao et al., 2020).
For simplicity, the models assume axisymmetrical self-similar velocity distribution in the
wake unaffected by the wind shear. The incoming flow characteristics are accounted for
by including dependencies on the thrust coefficient CT and turbulence intensity Ia. The
analytical models are primarily far-wake models and focus on accurately estimating the
velocity deficit at a downstream distance of x ≥ 6D relevant for wind farm applications.
Recently, there have been additions of full-wake models exploring double Gaussian and
super-Gaussian distributions to improve the velocity deficit prediction in the near wake.

For uniformity purposes, all models listed in this section are formulated to describe
the normalized velocity deficit ∆U(x, r) (Eq. (2.2)), where x is the downstream distance
along the rotor axis, and r =

√
y2 + (z − zh)2 is the radial distance from the rotor

center located at the hub height zh. The radial distance collapses to a y-coordinate in
the cross-sectional profile or a (z − zh)-coordinate in the vertical profile.

Top-hat models

Top-hat models do not aim to reproduce the velocity distribution in the wake and instead
focus on estimating the energy content. The wake velocity and deficit are then considered
constant within a circle of the wake diameter in each cross-section.

The Jensen model (Fig. 2.6c) assumes that a fully turbulent wake expands linearly
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Figure2.6:Exampleofasimulatedwakeanditsinterpretationbydifferentanalyticalmodels
forthesamefree-flowwindspeed,thrustcoefficient,andturbulenceintensity.

2.2.2Analyticalwakemodels

Analyticalwakemodels,alsocalledengineeringmodels,calculatethevelocitydeficitwith
simplemathematicalexpressions(Fig.2.6).Sincethosecalculationscanbeperformed
fast,theanalyticalmodelsortheirmodificationsarewidelyusedforestimationofthe
windenergyproduction(Nygaardetal.,2022)orlayoutoptimization(Taoetal.,2020).
Forsimplicity,themodelsassumeaxisymmetricalself-similarvelocitydistributioninthe
wakeunaffectedbythewindshear.Theincomingflowcharacteristicsareaccountedfor
byincludingdependenciesonthethrustcoefficientCTandturbulenceintensityIa.The
analyticalmodelsareprimarilyfar-wakemodelsandfocusonaccuratelyestimatingthe
velocitydeficitatadownstreamdistanceofx≥6Drelevantforwindfarmapplications.
Recently,therehavebeenadditionsoffull-wakemodelsexploringdoubleGaussianand
super-Gaussiandistributionstoimprovethevelocitydeficitpredictioninthenearwake.

Foruniformitypurposes,allmodelslistedinthissectionareformulatedtodescribe
thenormalizedvelocitydeficit∆U(x,r)(Eq.(2.2)),wherexisthedownstreamdistance
alongtherotoraxis,andr=

√
y2+(z−zh)2istheradialdistancefromtherotor

centerlocatedatthehubheightzh.Theradialdistancecollapsestoay-coordinatein
thecross-sectionalprofileora(z−zh)-coordinateintheverticalprofile.

Top-hatmodels

Top-hatmodelsdonotaimtoreproducethevelocitydistributioninthewakeandinstead
focusonestimatingtheenergycontent.Thewakevelocityanddeficitarethenconsidered
constantwithinacircleofthewakediameterineachcross-section.

TheJensenmodel(Fig.2.6c)assumesthatafullyturbulentwakeexpandslinearly
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Figure 2.6: Example of a simulated wake and its interpretation by different analytical models
for the same free-flow wind speed, thrust coefficient, and turbulence intensity.

2.2.2 Analytical wake models

Analytical wake models, also called engineering models, calculate the velocity deficit with
simple mathematical expressions (Fig. 2.6). Since those calculations can be performed
fast, the analytical models or their modifications are widely used for estimation of the
wind energy production (Nygaard et al., 2022) or layout optimization (Tao et al., 2020).
For simplicity, the models assume axisymmetrical self-similar velocity distribution in the
wake unaffected by the wind shear. The incoming flow characteristics are accounted for
by including dependencies on the thrust coefficient CT and turbulence intensity Ia. The
analytical models are primarily far-wake models and focus on accurately estimating the
velocity deficit at a downstream distance of x ≥ 6D relevant for wind farm applications.
Recently, there have been additions of full-wake models exploring double Gaussian and
super-Gaussian distributions to improve the velocity deficit prediction in the near wake.

For uniformity purposes, all models listed in this section are formulated to describe
the normalized velocity deficit ∆U(x, r) (Eq. (2.2)), where x is the downstream distance
along the rotor axis, and r =

√
y2 + (z − zh)2 is the radial distance from the rotor

center located at the hub height zh. The radial distance collapses to a y-coordinate in
the cross-sectional profile or a (z − zh)-coordinate in the vertical profile.

Top-hat models

Top-hat models do not aim to reproduce the velocity distribution in the wake and instead
focus on estimating the energy content. The wake velocity and deficit are then considered
constant within a circle of the wake diameter in each cross-section.

The Jensen model (Fig. 2.6c) assumes that a fully turbulent wake expands linearly
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from the rotor diameter D to the wake diameter Dw(x). The normalized velocity deficit
is derived from the conservation principles as
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where Dw is the wake diameter in a cross-section at the downstream distance x:

Dw(x) = D + 2kx. (2.18)

Although Jensen (1983) ties the derivation to the conservation of momentum, it was
later shown that the resulting expression is derived from the conservation of mass alone
(Bastankhah and Porté-Agel , 2014).

The Jensen model does not include the turbulence intensity, only the thrust coef-
ficient. However, the wake expansion coefficient k should be varied depending on the
site conditions (Barthelmie and Jensen , 2010) or modified to account for the turbulence
intensity (Peña et al., 2016). The Park model, a modification of the Jensen model, is
the underlying wake model in the WAsP code for wind resource assessment and provides
a good estimation of the energy production in a wind farm (Barthelmie et al., 2006;
Göçmen et al., 2016).

Another top-hat model, the Frandsen model (Fig. 2.6d), utilizes mass and momentum
conservation principles (Frandsen et al., 2006). Unlike the Jensen model, which takes the
initial wake diameter Dw(0) = D, the Frandsen model assumes an initial wake expansion
from D to D0

Dw(0) = D0 =
√

βD, (2.19)

where the coefficient β is
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1 +
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2
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1− CT
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The wake diameter Dw at the downstream distance x is then calculated as

Dw(x) = D
Ä
βk/2 + αx/D

ä1/k
. (2.21)

The induction factor α is either determined experimentally or obtained from the
Jensen model. Considering the wake diameters, the area of the initial wake is A0 and
the area of the wake at the downstream distance x is Aw. Then the velocity deficit
depends on the wake area change as

∆U =
1

2
− 1

2

…
1− 2

A0

Aw
CT . (2.22)

Since the Frandsen model takes the initial wake size larger than the rotor, it predicts
a wider wake compared to the Jensen model. However, being re-fitted to the data,
both models agree better on the wake expansion (Andersen et al., 2014). Currently,
the slightly modified Frandsen model is used by the IEC standard 61400-1 edition 3
to assess turbulence intensity levels (Nielsen et al., 2009; International Electrotechnical
Commission , 2005).
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Theinductionfactorαiseitherdeterminedexperimentallyorobtainedfromthe
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SincetheFrandsenmodeltakestheinitialwakesizelargerthantherotor,itpredicts
awiderwakecomparedtotheJensenmodel.However,beingre-fittedtothedata,
bothmodelsagreebetteronthewakeexpansion(Andersenetal.,2014).Currently,
theslightlymodifiedFrandsenmodelisusedbytheIECstandard61400-1edition3
toassessturbulenceintensitylevels(Nielsenetal.,2009;InternationalElectrotechnical
Commission,2005).
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a wider wake compared to the Jensen model. However, being re-fitted to the data,
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20 Scientific background

Single Gaussian models

Although it was noticed early, that the velocity deficit in a far wake resembles a Gaussian
distribution (Högström et al., 1988), it was not much incorporated into wake models.
Ainslie (1988) implemented a Gaussian distribution into a numerical model. The primary
analytical model with a non-uniform distribution, the Larsen model (Larsen, 1988, 2009),
however, used a polynomial expression for the velocity deficit. Numerous analytical
Gaussian wake models emerged only recently when more experimental and numerical
data could be obtained for validation and improved prediction of wind farm performance.

A Gaussian wake model can be shortened to a general form of

∆U(x, r) = F (x,CT , Ia) ·G(r, σ(x)), (2.23)

where

• F (x,CT , Ia) is the amplitude function defining the stream-wise changes of the
maximum velocity deficit.

• G(r, σ(x)) is the Gaussian function. A single Gaussian distribution is defined as

G(r, σ(x)) = exp

Å
− r2

2σ(x)2

ã
. (2.24)

• σ(x) is the standard deviation from which the wake half-width is derived as
r1/2(x) = σ(x)

√
2 ln 2 (Bastankhah and Porté-Agel , 2014). The wake half-width

assumes the velocity deficit is half of the maximum velocity deficit of the respective
cross-section.

Bastankhah and Porté-Agel (2014) proposed a basic Gaussian wake model (Fig. 2.6e).
Its underlying equations were derived from mass and momentum conservation principles
assuming Gaussian distribution of the velocity deficit. For brevity, this model is further
referred to as the BPA model.

∆U =

Ç
1−

…
1− CT

8σ2

å
· exp

Å
− r2

2σ2

ã
(2.25)

The BPA model retains the linear expansion of a wake similar to the Jensen model
but applies it to the standard deviation σ instead of the wake diameter. The standard
deviation depends on the downstream distance x as

σ(x) = k∗
x

D0
+ ε. (2.26)

Unlike the wake expansion coefficient k = δrw/δx used in the Jensen model (Eq. (2.18)),
the coefficient k∗ = δσ/δx defines the wake growth rate through the standard deviation
σ(x) of the velocity deficit. In the subsequent modifications, k∗ was split into two
coefficients to provide a dependency on the turbulence intensity (Niayifar and Porté-
Agel , 2016; Abkar et al., 2018)

k∗ = k1 + k2Ia,

k1 = 0.003678, k2 = 0.3837.
(2.27)
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Unlikethewakeexpansioncoefficientk=δrw/δxusedintheJensenmodel(Eq.(2.18)),
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(2.27)
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The parameter ε is derived by equating the total mass flow deficit
∫∞
0

∆UdA cal-
culated at x = 0 with the BPA and Frandsen models. As a result, ε = 0.25
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β with

β defined as in the Frandsen model (Eq. (2.20)). Performing the comparison with nu-
merical simulations, Bastankhah and Porté-Agel (2014) suggested using ε = 0.2

√
β for a

better agreement.
Gao et al. (2016) replaced the top-hat distribution in the Jensen model with the

Gaussian distribution (Fig. 2.6f). The new Jensen-Gaussian model sets the standard
deviation σ so that 99% of the Gaussian distribution lies within the wake radius rw =
Dw/2 as calculated with the Jensen model in Eq. (2.18), i.e., σ = rw/2.58. Optimizing
the model to have the same mass flow as in the Jensen model, leads to the following
velocity deficit:
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where U
∗
(x, kw) is the normalized wake deficit corrected from the Jensen model

Eq. (2.17).
Ishihara and Qian (2018) were the first to propose a single Gaussian model describing

the velocity deficit in the near and far wake – the full-wake model. The model expands
ideas of the old Ishihara model proposed in 2004 (Ishihara et al., 2004) and takes the
BPA original model (Eq. (2.25)) as the starting point. The Ishihara model describes a
two-dimensional wake with the maximum velocity deficit located at a certain distance
downstream of the rotor, unlike the BPA model, where the maximum deficit occurs
directly behind the rotor.
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· exp
Å
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ã
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The model parameters a, b, and c are calculated as functions of CT , Ia, and a set
of coefficients obtained from the data fitting to a numerical simulation by Ishihara and
Qian (2018).

a = 0.93C−0.75
T I0.2a , b = 0.42C0.6

T I0.2a , c = 0.15C−0.25
T I0.7a (2.30)

Double Gaussian models

The distribution of the near-wake velocity deficit in the near wake usually has two
distinctive peaks, which are lost in single Gaussian models. Double Gaussian models
(Keane et al., 2016; Schreiber et al., 2019) are an attempt on developing a full-wake
model that accurately captures the velocity deficit distribution in the near and far wake
at once.

A double Gaussian function G2(r, σ(x)) describes an axisymmetric velocity distribu-
tion with two peaks

G2(r, σ(x)) =
1

2

(
eW+ + eW−

)
, W± = −(r ± r0)

2

2σ2(x)
, (2.31)

where r0 is the radial position of the Gaussian minimum. The function reduces to a single
Gaussian function G(r, σ(x)) in the axisymmetrical model Eq. (2.24) when r0 = 0. The
model proposed by Keane et al. (2016) followed the steps of Bastankhah and Porté-
Agel (2014) to solve the momentum flux equation for a double Gaussian distribution
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thevelocitydeficitinthenearandfarwake–thefull-wakemodel.Themodelexpands
ideasoftheoldIshiharamodelproposedin2004(Ishiharaetal.,2004)andtakesthe
BPAoriginalmodel(Eq.(2.25))asthestartingpoint.TheIshiharamodeldescribesa
two-dimensionalwakewiththemaximumvelocitydeficitlocatedatacertaindistance
downstreamoftherotor,unliketheBPAmodel,wherethemaximumdeficitoccurs
directlybehindtherotor.
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Themodelparametersa,b,andcarecalculatedasfunctionsofCT,Ia,andaset
ofcoefficientsobtainedfromthedatafittingtoanumericalsimulationbyIshiharaand
Qian(2018).
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DoubleGaussianmodels

Thedistributionofthenear-wakevelocitydeficitinthenearwakeusuallyhastwo
distinctivepeaks,whicharelostinsingleGaussianmodels.DoubleGaussianmodels
(Keaneetal.,2016;Schreiberetal.,2019)areanattemptondevelopingafull-wake
modelthataccuratelycapturesthevelocitydeficitdistributioninthenearandfarwake
atonce.

AdoubleGaussianfunctionG2(r,σ(x))describesanaxisymmetricvelocitydistribu-
tionwithtwopeaks
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1

2

(
eW++eW−

)
,W±=−(r±r0)

2

2σ2(x)
,(2.31)

wherer0istheradialpositionoftheGaussianminimum.Thefunctionreducestoasingle
GaussianfunctionG(r,σ(x))intheaxisymmetricalmodelEq.(2.24)whenr0=0.The
modelproposedbyKeaneetal.(2016)followedthestepsofBastankhahandPorté-
Agel(2014)tosolvethemomentumfluxequationforadoubleGaussiandistribution
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wherer0istheradialpositionoftheGaussianminimum.Thefunctionreducestoasingle
GaussianfunctionG(r,σ(x))intheaxisymmetricalmodelEq.(2.24)whenr0=0.The
modelproposedbyKeaneetal.(2016)followedthestepsofBastankhahandPorté-
Agel(2014)tosolvethemomentumfluxequationforadoubleGaussiandistribution
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culated at x = 0 with the BPA and Frandsen models. As a result, ε = 0.25√β with
β defined as in the Frandsen model (Eq. (2.20)). Performing the comparison with nu-
merical simulations, Bastankhah and Porté-Agel (2014) suggested using ε = 0.2√β for a
better agreement.

Gao et al. (2016) replaced the top-hat distribution in the Jensen model with the
Gaussian distribution (Fig. 2.6f). The new Jensen-Gaussian model sets the standard
deviation σ so that 99% of the Gaussian distribution lies within the wake radius rw =
Dw/2 as calculated with the Jensen model in Eq. (2.18), i.e., σ = rw/2.58. Optimizing
the model to have the same mass flow as in the Jensen model, leads to the following
velocity deficit:
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the velocity deficit in the near and far wake – the full-wake model. The model expands
ideas of the old Ishihara model proposed in 2004 (Ishihara et al., 2004) and takes the
BPA original model (Eq. (2.25)) as the starting point. The Ishihara model describes a
two-dimensional wake with the maximum velocity deficit located at a certain distance
downstream of the rotor, unlike the BPA model, where the maximum deficit occurs
directly behind the rotor.
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The model parameters a, b, and c are calculated as functions of CT , Ia, and a set
of coefficients obtained from the data fitting to a numerical simulation by Ishihara and
Qian (2018).
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Double Gaussian models

The distribution of the near-wake velocity deficit in the near wake usually has two
distinctive peaks, which are lost in single Gaussian models. Double Gaussian models
(Keane et al., 2016; Schreiber et al., 2019) are an attempt on developing a full-wake
model that accurately captures the velocity deficit distribution in the near and far wake
at once.

A double Gaussian function G2(r, σ(x)) describes an axisymmetric velocity distribu-
tion with two peaks
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where r0 is the radial position of the Gaussian minimum. The function reduces to a single
Gaussian function G(r, σ(x)) in the axisymmetrical model Eq. (2.24) when r0 = 0. The
model proposed by Keane et al. (2016) followed the steps of Bastankhah and Porté-
Agel (2014) to solve the momentum flux equation for a double Gaussian distribution
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where r0 is the radial position of the Gaussian minimum. The function reduces to a single
Gaussian function G(r, σ(x)) in the axisymmetrical model Eq. (2.24) when r0 = 0. The
model proposed by Keane et al. (2016) followed the steps of Bastankhah and Porté-
Agel (2014) to solve the momentum flux equation for a double Gaussian distribution
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DoubleGaussianmodels

Thedistributionofthenear-wakevelocitydeficitinthenearwakeusuallyhastwo
distinctivepeaks,whicharelostinsingleGaussianmodels.DoubleGaussianmodels
(Keaneetal.,2016;Schreiberetal.,2019)areanattemptondevelopingafull-wake
modelthataccuratelycapturesthevelocitydeficitdistributioninthenearandfarwake
atonce.

AdoubleGaussianfunctionG2(r,σ(x))describesanaxisymmetricvelocitydistribu-
tionwithtwopeaks

G2(r,σ(x))=
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wherer0istheradialpositionoftheGaussianminimum.Thefunctionreducestoasingle
GaussianfunctionG(r,σ(x))intheaxisymmetricalmodelEq.(2.24)whenr0=0.The
modelproposedbyKeaneetal.(2016)followedthestepsofBastankhahandPorté-
Agel(2014)tosolvethemomentumfluxequationforadoubleGaussiandistribution
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and provided further improvement in Keane (2021). Schreiber et al. (2019) proposed a
correction to the original Keane et al. (2016) model to achieve better agreement in the
near-wake area (Fig. 2.6g).

Super-Gaussian model

A different approach alters the Gaussian distribution by varying the power coefficient
n = 2 in G(r, σ, n) = exp (−rn/2σ2). The super-Gaussian model (Blondel and Cathe-
lain, 2020) calculates this coefficient dynamically, depending on the downstream distance
(Fig. 2.6h). Being in active development, the model proposes several ways and correc-
tions for n, all complying with the mass and momentum conservation principles. The
model shows a promising agreement with numerical simulations by approaching a top-
hat distribution in the near wake (n = 4− 4.5) and a single Gaussian distribution in the
far wake (n → 2.5).

2.2.3 Numerical models

Direct numerical simulation (DNS) is the only way to appropriately resolve all turbu-
lence scales in the wind flow. However, DNS requirements for computational resources
increase gradually with the amount of grid points used, rendering the approach imprac-
tical. Hence, various simplifications and assumptions are applied to the equation system
Eq. (2.12)−(2.16) to reduce the requirements for computational resources while retain-
ing accuracy. A numerical simulation gradually speeds up if not every turbulence scale is
resolved directly. Reynolds-Averaged Navier-Stokes (RANS) equations attempt to solve
numerically all kinds of turbulent scales and run in a quasi-steady state (∂ui/∂t = 0).
Although RANS models fall back in resolving large-scale turbulence, they perform well
for the boundary layer of a solid body, e.g., blades (Sørensen et al., 2002). A different
approach is required for turbulent flow studies.

Large-eddy simulation models

Large-eddy simulation (LES) models resolve turbulence scales larger than the grid spac-
ing and approximate the rest. LES allows using fewer grid points than DNS and, there-
fore, requires less computational resources. The requirements gradually decrease further
if the surface layer of a solid body is not resolved (Yang and Griffin , 2020). When
compared to RANS models, LES resolves turbulence anisotropy and large-scale mixing
better, but requires more computational time. Despite the advancement in computa-
tional power, LES is still primarily used in research rather than industrial applications.

In LES, each prognostic variable, e.g., u, is split into resolved (filtered) ũ and unre-
solved (subgrid) u′′ scales so that u = ũ+ u′′. Then, a filtering function is introduced to
separate resolved and unresolved quantities.

ũ(x, t) =

∫
u(ξ, t)G(x− ξ,∆)dξ, (2.32)

where G(x−ξ,∆) is the filter kernel that should satisfy
∫
G(x)dx = 1 for ui = const. ∆

is the filter width, which may be defined in several ways to consider varying grid spacing:
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(Fig.2.6h).Beinginactivedevelopment,themodelproposesseveralwaysandcorrec-
tionsforn,allcomplyingwiththemassandmomentumconservationprinciples.The
modelshowsapromisingagreementwithnumericalsimulationsbyapproachingatop-
hatdistributioninthenearwake(n=4−4.5)andasingleGaussiandistributioninthe
farwake(n→2.5).

2.2.3Numericalmodels

Directnumericalsimulation(DNS)istheonlywaytoappropriatelyresolveallturbu-
lencescalesinthewindflow.However,DNSrequirementsforcomputationalresources
increasegraduallywiththeamountofgridpointsused,renderingtheapproachimprac-
tical.Hence,varioussimplificationsandassumptionsareappliedtotheequationsystem
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AlthoughRANSmodelsfallbackinresolvinglarge-scaleturbulence,theyperformwell
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approachisrequiredforturbulentflowstudies.
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better,butrequiresmorecomputationaltime.Despitetheadvancementincomputa-
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ũ(x,t)=

∫
u(ξ,t)G(x−ξ,∆)dξ,(2.32)

whereG(x−ξ,∆)isthefilterkernelthatshouldsatisfy
∫

G(x)dx=1forui=const.∆
isthefilterwidth,whichmaybedefinedinseveralwaystoconsidervaryinggridspacing:

∆=

®
(∆x∆y∆z)

1/3–representativegridspacing
∆max=max(∆x,∆y,∆z)–maximumgridspacing

(2.33)

22 Scientific background

and provided further improvement in Keane (2021). Schreiber et al. (2019) proposed a
correction to the original Keane et al. (2016) model to achieve better agreement in the
near-wake area (Fig. 2.6g).

Super-Gaussian model

A different approach alters the Gaussian distribution by varying the power coefficient
n = 2 in G(r, σ, n) = exp (−rn/2σ2). The super-Gaussian model (Blondel and Cathe-
lain, 2020) calculates this coefficient dynamically, depending on the downstream distance
(Fig. 2.6h). Being in active development, the model proposes several ways and correc-
tions for n, all complying with the mass and momentum conservation principles. The
model shows a promising agreement with numerical simulations by approaching a top-
hat distribution in the near wake (n = 4− 4.5) and a single Gaussian distribution in the
far wake (n → 2.5).

2.2.3 Numerical models

Direct numerical simulation (DNS) is the only way to appropriately resolve all turbu-
lence scales in the wind flow. However, DNS requirements for computational resources
increase gradually with the amount of grid points used, rendering the approach imprac-
tical. Hence, various simplifications and assumptions are applied to the equation system
Eq. (2.12)−(2.16) to reduce the requirements for computational resources while retain-
ing accuracy. A numerical simulation gradually speeds up if not every turbulence scale is
resolved directly. Reynolds-Averaged Navier-Stokes (RANS) equations attempt to solve
numerically all kinds of turbulent scales and run in a quasi-steady state (∂ui/∂t = 0).
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ũ(x, t) =

∫
u(ξ, t)G(x− ξ,∆)dξ, (2.32)

where G(x−ξ,∆) is the filter kernel that should satisfy
∫
G(x)dx = 1 for ui = const. ∆

is the filter width, which may be defined in several ways to consider varying grid spacing:

∆ = ®(∆x∆y∆z)1/3 – representative grid spacing
∆max = max(∆x,∆y,∆z) – maximum grid spacing

(2.33)

22 Scientific background

and provided further improvement in Keane (2021). Schreiber et al. (2019) proposed a
correction to the original Keane et al. (2016) model to achieve better agreement in the
near-wake area (Fig. 2.6g).

Super-Gaussian model

A different approach alters the Gaussian distribution by varying the power coefficient
n = 2 in G(r, σ, n) = exp (−rn/2σ2). The super-Gaussian model (Blondel and Cathe-
lain, 2020) calculates this coefficient dynamically, depending on the downstream distance
(Fig. 2.6h). Being in active development, the model proposes several ways and correc-
tions for n, all complying with the mass and momentum conservation principles. The
model shows a promising agreement with numerical simulations by approaching a top-
hat distribution in the near wake (n = 4− 4.5) and a single Gaussian distribution in the
far wake (n → 2.5).

2.2.3 Numerical models

Direct numerical simulation (DNS) is the only way to appropriately resolve all turbu-
lence scales in the wind flow. However, DNS requirements for computational resources
increase gradually with the amount of grid points used, rendering the approach imprac-
tical. Hence, various simplifications and assumptions are applied to the equation system
Eq. (2.12)−(2.16) to reduce the requirements for computational resources while retain-
ing accuracy. A numerical simulation gradually speeds up if not every turbulence scale is
resolved directly. Reynolds-Averaged Navier-Stokes (RANS) equations attempt to solve
numerically all kinds of turbulent scales and run in a quasi-steady state (∂ui/∂t = 0).
Although RANS models fall back in resolving large-scale turbulence, they perform well
for the boundary layer of a solid body, e.g., blades (Sørensen et al., 2002). A different
approach is required for turbulent flow studies.

Large-eddy simulation models

Large-eddy simulation (LES) models resolve turbulence scales larger than the grid spac-
ing and approximate the rest. LES allows using fewer grid points than DNS and, there-
fore, requires less computational resources. The requirements gradually decrease further
if the surface layer of a solid body is not resolved (Yang and Griffin , 2020). When
compared to RANS models, LES resolves turbulence anisotropy and large-scale mixing
better, but requires more computational time. Despite the advancement in computa-
tional power, LES is still primarily used in research rather than industrial applications.

In LES, each prognostic variable, e.g., u, is split into resolved (filtered) ũ and unre-
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ũ(x, t) =

∫
u(ξ, t)G(x− ξ,∆)dξ, (2.32)

where G(x−ξ,∆) is the filter kernel that should satisfy
∫
G(x)dx = 1 for ui = const. ∆

is the filter width, which may be defined in several ways to consider varying grid spacing:

∆ = ®(∆x∆y∆z)1/3 – representative grid spacing
∆max = max(∆x,∆y,∆z) – maximum grid spacing

(2.33)

22Scientificbackground

andprovidedfurtherimprovementinKeane(2021).Schreiberetal.(2019)proposeda
correctiontotheoriginalKeaneetal.(2016)modeltoachievebetteragreementinthe
near-wakearea(Fig.2.6g).

Super-Gaussianmodel

AdifferentapproachalterstheGaussiandistributionbyvaryingthepowercoefficient
n=2inG(r,σ,n)=exp(−rn/2σ2).Thesuper-Gaussianmodel(BlondelandCathe-
lain,2020)calculatesthiscoefficientdynamically,dependingonthedownstreamdistance
(Fig.2.6h).Beinginactivedevelopment,themodelproposesseveralwaysandcorrec-
tionsforn,allcomplyingwiththemassandmomentumconservationprinciples.The
modelshowsapromisingagreementwithnumericalsimulationsbyapproachingatop-
hatdistributioninthenearwake(n=4−4.5)andasingleGaussiandistributioninthe
farwake(n→2.5).

2.2.3Numericalmodels

Directnumericalsimulation(DNS)istheonlywaytoappropriatelyresolveallturbu-
lencescalesinthewindflow.However,DNSrequirementsforcomputationalresources
increasegraduallywiththeamountofgridpointsused,renderingtheapproachimprac-
tical.Hence,varioussimplificationsandassumptionsareappliedtotheequationsystem
Eq.(2.12)−(2.16)toreducetherequirementsforcomputationalresourceswhileretain-
ingaccuracy.Anumericalsimulationgraduallyspeedsupifnoteveryturbulencescaleis
resolveddirectly.Reynolds-AveragedNavier-Stokes(RANS)equationsattempttosolve
numericallyallkindsofturbulentscalesandruninaquasi-steadystate(∂ui/∂t=0).
AlthoughRANSmodelsfallbackinresolvinglarge-scaleturbulence,theyperformwell
fortheboundarylayerofasolidbody,e.g.,blades(Sørensenetal.,2002).Adifferent
approachisrequiredforturbulentflowstudies.

Large-eddysimulationmodels

Large-eddysimulation(LES)modelsresolveturbulencescaleslargerthanthegridspac-
ingandapproximatetherest.LESallowsusingfewergridpointsthanDNSand,there-
fore,requireslesscomputationalresources.Therequirementsgraduallydecreasefurther
ifthesurfacelayerofasolidbodyisnotresolved(YangandGriffin,2020).When
comparedtoRANSmodels,LESresolvesturbulenceanisotropyandlarge-scalemixing
better,butrequiresmorecomputationaltime.Despitetheadvancementincomputa-
tionalpower,LESisstillprimarilyusedinresearchratherthanindustrialapplications.

InLES,eachprognosticvariable,e.g.,u,issplitintoresolved(filtered)ũandunre-
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Various filter kernels were developed. The box filter is an implicit filter defined
through a top-hat function; this filter is usually the one applied in finite-difference or
finite-volume codes:
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Filtering turbulent flow equations leads to the new unknown terms that prevent
solving the system analytically. To close the equation system, turbulence closures are
implemented. Various LES codes provide a selection of closure models to use. Most
closures originate from Smagorinsky closure, which was originally suggested with the LES
concept (Smagorinsky , 1963). Lilly (1962) suggested to define Km through a constant
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Although CS was supposed to be a universal constant, its value may be varied depending
on the simulation conditions and estimation methods. Thus, Lilly (1966) demonstrates
how different approaches yield values in a range of CS ∼ 0.17−0.23. Canuto and Cheng
(1997) argues that the coefficient should be lowered to CS ∼ 0.11 in the new SGS model
and leans to a conclusion that CS should be calculated dynamically to improve accuracy.
Martínez-Tossas et al. (2015) confirm that LES using CS = 0.16, which is recommended
for homogeneous isotropic turbulence, captures the wake transition worse than LES with
a smaller value of CS = 0.08.

Numerical Weather Prediction (NWP) – mesoscale models

Mesoscale models simulate large-scale atmospheric processes in the domains spanning
hundreds or thousands of kilometers. Their drawback is a specific pressure-based coor-
dinate system that limits terrain modeling (Lundquist et al., 2008). This limitation is
less crucial for the offshore simulations. Moreover, the wind energy research gains from
the mesoscale models’ capability to use reanalysis data as an input. Reanalysis datasets
are obtained by assimilating available meteorological observations to reconstruct atmo-
spheric processes over large periods and areas. E.g., the publicly available part of the
ERA5 dataset (Hersbach et al., 2020) covers the whole Earth and contains hourly atmo-
spheric and wave data from 1979 onwards with a constant spatial resolution of 31 km.
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∂ũi
∂xj

=−1

ρ

∂p̃

∂xi
+ν

∂2ũi
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+ ũj
∂ũi
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∂ũi
∂t

+ũj
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∂ũj
∂xiãS̃ij.(2.36)

TherateofstraintensorS̃ijisintroducedforbrevityandisdefinedas

S̃ij=
1

2Å∂ũi
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∂xj

+
∂ũj
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Passing temperature, wind speed and direction data to a mesoscale model allows ob-
taining complex wind fields to study atmospheric processes at large distances above and
around the wind farm. The ability of NWP models to simulate large domains allows
capturing wind farm wakes thus making the mesoscale models helpful in studying wake
interactions between wind farms (Jiménez et al., 2015). The common choice of mesoscale
model in offshore wind farm research is the Weather Research and Forecasting model
(WRF) (Michalakes et al., 2005). WRF uses the 3D Smagorinsky or 1.5-order TKE
closure. A typical spatial resolution for mesoscale models is of an order of 1 km or more,
which is not suitable for modeling individual wakes. Hence, a wind farm is approximated
as a whole structure. WRF may approximate a wind farm as a momentum sink (Fitch
et al., 2012), apply explicit wake parameterization (Volker et al., 2015) or, as a recent
development, estimate wake effects with the Jensen model (Ma et al., 2022). If a rotor
model is to be used, then WRF is coupled with an internal LES code and a generalized
actuator disk model (Mirocha et al., 2015).

Model coupling

Another way to reduce computational time and improve accuracy is by coupling models of
different complexity. Coupling LES with RANS to perform a Detached eddy simulation
(DES) combines the advantages of both models. A RANS model resolves the near-surface
boundary layer of a solid body, e.g., a rotor blade. LES is then run for the rest of the
computational domain to resolve the separated turbulent flow (Spalart , 2009).

Coupling LES with WRF (WRF-LES) within the WRF framework or an external
LES model allows the simulation of complex large-scale atmospheric conditions with
WRF. The resulting dynamic field is then passed to LES to refine the solution in the
area of interest. Consequently, LES resolves the complex flow in a wind farm more
precisely than the WRF approximations would allow.

2.2.4 LES code: PALM Model System

The PALM Model System is the Fortran LES code developed at the University of Hanover
(Maronga et al., 2015, 2020). Besides the base code, PALM utilizes a modular structure
that allows switching on and off specific processes or adding new equations via user code.
PALM solves an equation system for up to six prognostic quantities: directional wind
speed components ui, potential temperature θ, water vapor mixing ratio qv, and passive
scalar s. Since qv and s quantities were not relevant for the wake LESs performed in
this thesis, the humidity and passive scalar modules were switched off, their respective
equations were not solved during simulations. Since the air density changes little at
near-surface levels, the prognostic equations solved in PALM assumed that the density
of dry air ρ remained constant regardless of the height.

After the simplifications and filtering, the system of Boussinesq-approximated equa-
tions Eq. (2.12)−(2.16) reduces to the following three equations for mass, momentum,
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speedcomponentsui,potentialtemperatureθ,watervapormixingratioqv,andpassive
scalars.SinceqvandsquantitieswerenotrelevantforthewakeLESsperformedin
thisthesis,thehumidityandpassivescalarmoduleswereswitchedoff,theirrespective
equationswerenotsolvedduringsimulations.Sincetheairdensitychangeslittleat
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modelistobeused,thenWRFiscoupledwithaninternalLEScodeandageneralized
actuatordiskmodel(Mirochaetal.,2015).

Modelcoupling

Anotherwaytoreducecomputationaltimeandimproveaccuracyisbycouplingmodelsof
differentcomplexity.CouplingLESwithRANStoperformaDetachededdysimulation
(DES)combinestheadvantagesofbothmodels.ARANSmodelresolvesthenear-surface
boundarylayerofasolidbody,e.g.,arotorblade.LESisthenrunfortherestofthe
computationaldomaintoresolvetheseparatedturbulentflow(Spalart,2009).

CouplingLESwithWRF(WRF-LES)withintheWRFframeworkoranexternal
LESmodelallowsthesimulationofcomplexlarge-scaleatmosphericconditionswith
WRF.TheresultingdynamicfieldisthenpassedtoLEStorefinethesolutioninthe
areaofinterest.Consequently,LESresolvesthecomplexflowinawindfarmmore
preciselythantheWRFapproximationswouldallow.

2.2.4LEScode:PALMModelSystem

ThePALMModelSystemistheFortranLEScodedevelopedattheUniversityofHanover
(Marongaetal.,2015,2020).Besidesthebasecode,PALMutilizesamodularstructure
thatallowsswitchingonandoffspecificprocessesoraddingnewequationsviausercode.
PALMsolvesanequationsystemforuptosixprognosticquantities:directionalwind
speedcomponentsui,potentialtemperatureθ,watervapormixingratioqv,andpassive
scalars.SinceqvandsquantitieswerenotrelevantforthewakeLESsperformedin
thisthesis,thehumidityandpassivescalarmoduleswereswitchedoff,theirrespective
equationswerenotsolvedduringsimulations.Sincetheairdensitychangeslittleat
near-surfacelevels,theprognosticequationssolvedinPALMassumedthatthedensity
ofdryairρremainedconstantregardlessoftheheight.

Afterthesimplificationsandfiltering,thesystemofBoussinesq-approximatedequa-
tionsEq.(2.12)−(2.16)reducestothefollowingthreeequationsformass,momentum,
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and heat conservation:
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The filtered momentum equation Eq. (2.35) is rearranged in PALM to introduce the
modified perturbation pressure π̃∗:

π̃∗ = p̃∗ +
2

3
ρe = p̃∗ +

1

3
ρ · fiu′′i u′′i (2.40)

and include SGS turbulence kinetic energy (SGS-TKE) e:

e =
1

2
fiu′′i u′′i . (2.41)

The Coriolis parameter f is defined by the input parameters: angular velocity ω and
latitude φ. The default value of the latter is set to φ = 55° – slightly to the north of
the FINO1 platform in the North Sea. The angular velocity can be set to any value if
needed and assumes Earth rotation of ω = 0.729× 10−4 rad/s by default. If the Coriolis
effect is switched off (ω = 0), the horizontal forcing may be added by setting the pressure
gradient components ∂p/∂x and ∂p/∂y to compensate for the friction losses because of
the surface roughness. θv,ref is the temperature of the reference state that can be either
an initial state θ0(x, 0), horizontal average θv, or a fixed value.

When solved for a true neutral case, the temperature gradient is explicitly set to zero,
∂θ/∂z = 0, and no heat flux is present. The system Eq. (2.39) reduces to two equations:

∂ũj
∂x̃j

= 0,

∂ũi
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Since the heat conservation equation for ∂θ̃/∂t is not solved in the true neutral mode,
less computational time is spent compared to the same simulation with the temperature
gradient present.

PALM utilizes a 1.5-order TKE closure developed by Deardorff (1980) and modified
later by Moeng and Wyngaard (1988) and Saiki et al. (2000). This closure assumes that
SGS eddies transport energy proportional to the local gradients of the mean quantities.fiu′′i u′′j =

2

3
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Å
∂ui
∂xj

+
∂uj
∂xi

ã
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(2.44)

2.2Modelingoftheatmosphericflowandwakes25

andheatconservation:

∂ũj
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ThefilteredmomentumequationEq.(2.35)isrearrangedinPALMtointroducethe
modifiedperturbationpressureπ̃∗:
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andincludeSGSturbulencekineticenergy(SGS-TKE)e:

e=
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2
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TheCoriolisparameterfisdefinedbytheinputparameters:angularvelocityωand
latitudeφ.Thedefaultvalueofthelatterissettoφ=55°–slightlytothenorthof
theFINO1platformintheNorthSea.Theangularvelocitycanbesettoanyvalueif
neededandassumesEarthrotationofω=0.729×10−4rad/sbydefault.IftheCoriolis
effectisswitchedoff(ω=0),thehorizontalforcingmaybeaddedbysettingthepressure
gradientcomponents∂p/∂xand∂p/∂ytocompensateforthefrictionlossesbecauseof
thesurfaceroughness.θv,refisthetemperatureofthereferencestatethatcanbeeither
aninitialstateθ0(x,0),horizontalaverageθv,orafixedvalue.

Whensolvedforatrueneutralcase,thetemperaturegradientisexplicitlysettozero,
∂θ/∂z=0,andnoheatfluxispresent.ThesystemEq.(2.39)reducestotwoequations:
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(2.42)

Sincetheheatconservationequationfor∂θ̃/∂tisnotsolvedinthetrueneutralmode,
lesscomputationaltimeisspentcomparedtothesamesimulationwiththetemperature
gradientpresent.

PALMutilizesa1.5-orderTKEclosuredevelopedbyDeardorff(1980)andmodified
laterbyMoengandWyngaard(1988)andSaikietal.(2000).Thisclosureassumesthat
SGSeddiestransportenergyproportionaltothelocalgradientsofthemeanquantities. fiu′′iu′′j=
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TheCoriolisparameterfisdefinedbytheinputparameters:angularvelocityωand
latitudeφ.Thedefaultvalueofthelatterissettoφ=55°–slightlytothenorthof
theFINO1platformintheNorthSea.Theangularvelocitycanbesettoanyvalueif
neededandassumesEarthrotationofω=0.729×10−4rad/sbydefault.IftheCoriolis
effectisswitchedoff(ω=0),thehorizontalforcingmaybeaddedbysettingthepressure
gradientcomponents∂p/∂xand∂p/∂ytocompensateforthefrictionlossesbecauseof
thesurfaceroughness.θv,refisthetemperatureofthereferencestatethatcanbeeither
aninitialstateθ0(x,0),horizontalaverageθv,orafixedvalue.

Whensolvedforatrueneutralcase,thetemperaturegradientisexplicitlysettozero,
∂θ/∂z=0,andnoheatfluxispresent.ThesystemEq.(2.39)reducestotwoequations:
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Sincetheheatconservationequationfor∂θ̃/∂tisnotsolvedinthetrueneutralmode,
lesscomputationaltimeisspentcomparedtothesamesimulationwiththetemperature
gradientpresent.

PALMutilizesa1.5-orderTKEclosuredevelopedbyDeardorff(1980)andmodified
laterbyMoengandWyngaard(1988)andSaikietal.(2000).Thisclosureassumesthat
SGSeddiestransportenergyproportionaltothelocalgradientsofthemeanquantities. fiu′′iu′′j=
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The filtered momentum equation Eq. (2.35) is rearranged in PALM to introduce the
modified perturbation pressure π̃∗:

π̃∗ = p̃∗ + 2

3
ρe = p̃∗ + 1

3
ρ · fiu′′i u′′i (2.40)

and include SGS turbulence kinetic energy (SGS-TKE) e:

e =
1

2fiu′′i u′′i . (2.41)

The Coriolis parameter f is defined by the input parameters: angular velocity ω and
latitude φ. The default value of the latter is set to φ = 55° – slightly to the north of
the FINO1 platform in the North Sea. The angular velocity can be set to any value if
needed and assumes Earth rotation of ω = 0.729× 10−4 rad/s by default. If the Coriolis
effect is switched off (ω = 0), the horizontal forcing may be added by setting the pressure
gradient components ∂p/∂x and ∂p/∂y to compensate for the friction losses because of
the surface roughness. θv,ref is the temperature of the reference state that can be either
an initial state θ0(x, 0), horizontal average θv, or a fixed value.

When solved for a true neutral case, the temperature gradient is explicitly set to zero,
∂θ/∂z = 0, and no heat flux is present. The system Eq. (2.39) reduces to two equations:

∂ũj
∂x̃j

= 0,

∂ũi
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Since the heat conservation equation for ∂θ̃/∂t is not solved in the true neutral mode,
less computational time is spent compared to the same simulation with the temperature
gradient present.

PALM utilizes a 1.5-order TKE closure developed by Deardorff (1980) and modified
later by Moeng and Wyngaard (1988) and Saiki et al. (2000). This closure assumes that
SGS eddies transport energy proportional to the local gradients of the mean quantities.
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∂ũiũj
∂xj −

1

ρ

∂π̃∗
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The filtered momentum equation Eq. (2.35) is rearranged in PALM to introduce the
modified perturbation pressure π̃∗:

π̃∗ = p̃∗ + 2
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ρ · fiu′′i u′′i (2.40)

and include SGS turbulence kinetic energy (SGS-TKE) e:

e =
1

2fiu′′i u′′i . (2.41)

The Coriolis parameter f is defined by the input parameters: angular velocity ω and
latitude φ. The default value of the latter is set to φ = 55° – slightly to the north of
the FINO1 platform in the North Sea. The angular velocity can be set to any value if
needed and assumes Earth rotation of ω = 0.729× 10−4 rad/s by default. If the Coriolis
effect is switched off (ω = 0), the horizontal forcing may be added by setting the pressure
gradient components ∂p/∂x and ∂p/∂y to compensate for the friction losses because of
the surface roughness. θv,ref is the temperature of the reference state that can be either
an initial state θ0(x, 0), horizontal average θv, or a fixed value.

When solved for a true neutral case, the temperature gradient is explicitly set to zero,
∂θ/∂z = 0, and no heat flux is present. The system Eq. (2.39) reduces to two equations:
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Since the heat conservation equation for ∂θ̃/∂t is not solved in the true neutral mode,
less computational time is spent compared to the same simulation with the temperature
gradient present.

PALM utilizes a 1.5-order TKE closure developed by Deardorff (1980) and modified
later by Moeng and Wyngaard (1988) and Saiki et al. (2000). This closure assumes that
SGS eddies transport energy proportional to the local gradients of the mean quantities.
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∂ũiũj
∂xj−

1

ρ

∂π̃∗
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ThefilteredmomentumequationEq.(2.35)isrearrangedinPALMtointroducethe
modifiedperturbationpressureπ̃∗:
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andincludeSGSturbulencekineticenergy(SGS-TKE)e:
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TheCoriolisparameterfisdefinedbytheinputparameters:angularvelocityωand
latitudeφ.Thedefaultvalueofthelatterissettoφ=55°–slightlytothenorthof
theFINO1platformintheNorthSea.Theangularvelocitycanbesettoanyvalueif
neededandassumesEarthrotationofω=0.729×10−4rad/sbydefault.IftheCoriolis
effectisswitchedoff(ω=0),thehorizontalforcingmaybeaddedbysettingthepressure
gradientcomponents∂p/∂xand∂p/∂ytocompensateforthefrictionlossesbecauseof
thesurfaceroughness.θv,refisthetemperatureofthereferencestatethatcanbeeither
aninitialstateθ0(x,0),horizontalaverageθv,orafixedvalue.

Whensolvedforatrueneutralcase,thetemperaturegradientisexplicitlysettozero,
∂θ/∂z=0,andnoheatfluxispresent.ThesystemEq.(2.39)reducestotwoequations:
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Sincetheheatconservationequationfor∂θ̃/∂tisnotsolvedinthetrueneutralmode,
lesscomputationaltimeisspentcomparedtothesamesimulationwiththetemperature
gradientpresent.

PALMutilizesa1.5-orderTKEclosuredevelopedbyDeardorff(1980)andmodified
laterbyMoengandWyngaard(1988)andSaikietal.(2000).Thisclosureassumesthat
SGSeddiestransportenergyproportionaltothelocalgradientsofthemeanquantities.
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ThefilteredmomentumequationEq.(2.35)isrearrangedinPALMtointroducethe
modifiedperturbationpressureπ̃∗:
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TheCoriolisparameterfisdefinedbytheinputparameters:angularvelocityωand
latitudeφ.Thedefaultvalueofthelatterissettoφ=55°–slightlytothenorthof
theFINO1platformintheNorthSea.Theangularvelocitycanbesettoanyvalueif
neededandassumesEarthrotationofω=0.729×10−4rad/sbydefault.IftheCoriolis
effectisswitchedoff(ω=0),thehorizontalforcingmaybeaddedbysettingthepressure
gradientcomponents∂p/∂xand∂p/∂ytocompensateforthefrictionlossesbecauseof
thesurfaceroughness.θv,refisthetemperatureofthereferencestatethatcanbeeither
aninitialstateθ0(x,0),horizontalaverageθv,orafixedvalue.

Whensolvedforatrueneutralcase,thetemperaturegradientisexplicitlysettozero,
∂θ/∂z=0,andnoheatfluxispresent.ThesystemEq.(2.39)reducestotwoequations:
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Sincetheheatconservationequationfor∂θ̃/∂tisnotsolvedinthetrueneutralmode,
lesscomputationaltimeisspentcomparedtothesamesimulationwiththetemperature
gradientpresent.

PALMutilizesa1.5-orderTKEclosuredevelopedbyDeardorff(1980)andmodified
laterbyMoengandWyngaard(1988)andSaikietal.(2000).Thisclosureassumesthat
SGSeddiestransportenergyproportionaltothelocalgradientsofthemeanquantities.
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TheCoriolisparameterfisdefinedbytheinputparameters:angularvelocityωand
latitudeφ.Thedefaultvalueofthelatterissettoφ=55°–slightlytothenorthof
theFINO1platformintheNorthSea.Theangularvelocitycanbesettoanyvalueif
neededandassumesEarthrotationofω=0.729×10−4rad/sbydefault.IftheCoriolis
effectisswitchedoff(ω=0),thehorizontalforcingmaybeaddedbysettingthepressure
gradientcomponents∂p/∂xand∂p/∂ytocompensateforthefrictionlossesbecauseof
thesurfaceroughness.θv,refisthetemperatureofthereferencestatethatcanbeeither
aninitialstateθ0(x,0),horizontalaverageθv,orafixedvalue.

Whensolvedforatrueneutralcase,thetemperaturegradientisexplicitlysettozero,
∂θ/∂z=0,andnoheatfluxispresent.ThesystemEq.(2.39)reducestotwoequations:
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Sincetheheatconservationequationfor∂θ̃/∂tisnotsolvedinthetrueneutralmode,
lesscomputationaltimeisspentcomparedtothesamesimulationwiththetemperature
gradientpresent.

PALMutilizesa1.5-orderTKEclosuredevelopedbyDeardorff(1980)andmodified
laterbyMoengandWyngaard(1988)andSaikietal.(2000).Thisclosureassumesthat
SGSeddiestransportenergyproportionaltothelocalgradientsofthemeanquantities.

fiu′′iu′′j=
2

3
eδij−KmÅ∂ui

∂xj
+

∂uj
∂xiã(2.43)

fiu′′iθ′′=−Kh
∂θ

∂xi
(2.44)

2.2Modelingoftheatmosphericflowandwakes25

andheatconservation:

∂ũj
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The respective closures for humidity and scalar quantity are omitted since they are not
relevant for this thesis. Kh is the SGS diffusivity of heat which depends on the SGS
diffusivity of momentum Km as
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Km is defined similarly to the Smagorinsky SGS closure in Eq. (2.38):

Km = CS · l√e, (2.46)

where CS = 0.1 and l in both equations is the SGS mixing length, which is defined
depending on the temperature gradient and grid spacing
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Here, θv,0 is either a reference value θv,ref or the local value of θ̃.
The Deardorff closure scheme is completed with the prognostic equation for TKE
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where ε is the SGS dissipation rate calculated as
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PALM provides several options for the boundary conditions depending on the vari-
able and boundary (Table 2.2). The choice of the top-bottom boundary condition may
be restricted by other parameters of the simulation. For example, a CBL is defined in
PALM with a constant heat flux. Hence, the bottom boundary should use the Neumann
condition for CBL simulations. Otherwise, the prescribed heat flux may not remain con-
stant as the contributions from the resolved scales will be accounted for in the solution.
Applying the heat flux is not recommended for defining an SBL in LES, as the model
may simulate near-neutral conditions instead of stable (Basu et al., 2008). Therefore, an
SBL simulation should use surface cooling. In this case, the bottom boundary condition
for the potential temperature θ should be set to the Dirichlet condition to consider the
surface temperature change ∆θ due to the cooling. For the top boundary, the potential
temperature has a special option of constraining via the constant initial temperature
gradient: the equations are solved numerically up to θk=N so that the top point value
is θk=N+1 = θk=N + dθ/dz ·∆zk=N . The top boundary condition for temperature does
not have stability-specific restrictions.

The simultaneous use of Neumann conditions for pressure at top-bottom boundaries
is allowed. However, it becomes mutually exclusive in the case of non-cyclic lateral
boundary conditions due to the mandatory use of certain solvers. For non-cyclic bound-
aries, the Neumann condition is preferable at the bottom boundary; consequently, the
top boundary has to use the Dirichlet condition.
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PALMprovidesseveraloptionsfortheboundaryconditionsdependingonthevari-
ableandboundary(Table2.2).Thechoiceofthetop-bottomboundaryconditionmay
berestrictedbyotherparametersofthesimulation.Forexample,aCBLisdefinedin
PALMwithaconstantheatflux.Hence,thebottomboundaryshouldusetheNeumann
conditionforCBLsimulations.Otherwise,theprescribedheatfluxmaynotremaincon-
stantasthecontributionsfromtheresolvedscaleswillbeaccountedforinthesolution.
ApplyingtheheatfluxisnotrecommendedfordefininganSBLinLES,asthemodel
maysimulatenear-neutralconditionsinsteadofstable(Basuetal.,2008).Therefore,an
SBLsimulationshouldusesurfacecooling.Inthiscase,thebottomboundarycondition
forthepotentialtemperatureθshouldbesettotheDirichletconditiontoconsiderthe
surfacetemperaturechange∆θduetothecooling.Forthetopboundary,thepotential
temperaturehasaspecialoptionofconstrainingviatheconstantinitialtemperature
gradient:theequationsaresolvednumericallyuptoθk=Nsothatthetoppointvalue
isθk=N+1=θk=N+dθ/dz·∆zk=N.Thetopboundaryconditionfortemperaturedoes
nothavestability-specificrestrictions.

ThesimultaneoususeofNeumannconditionsforpressureattop-bottomboundaries
isallowed.However,itbecomesmutuallyexclusiveinthecaseofnon-cycliclateral
boundaryconditionsduetothemandatoryuseofcertainsolvers.Fornon-cyclicbound-
aries,theNeumannconditionispreferableatthebottomboundary;consequently,the
topboundaryhastousetheDirichletcondition.
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Here, θv,0 is either a reference value θv,ref or the local value of θ̃.
The Deardorff closure scheme is completed with the prognostic equation for TKE
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be restricted by other parameters of the simulation. For example, a CBL is defined in
PALM with a constant heat flux. Hence, the bottom boundary should use the Neumann
condition for CBL simulations. Otherwise, the prescribed heat flux may not remain con-
stant as the contributions from the resolved scales will be accounted for in the solution.
Applying the heat flux is not recommended for defining an SBL in LES, as the model
may simulate near-neutral conditions instead of stable (Basu et al., 2008). Therefore, an
SBL simulation should use surface cooling. In this case, the bottom boundary condition
for the potential temperature θ should be set to the Dirichlet condition to consider the
surface temperature change ∆θ due to the cooling. For the top boundary, the potential
temperature has a special option of constraining via the constant initial temperature
gradient: the equations are solved numerically up to θk=N so that the top point value
is θk=N+1 = θk=N + dθ/dz ·∆zk=N . The top boundary condition for temperature does
not have stability-specific restrictions.

The simultaneous use of Neumann conditions for pressure at top-bottom boundaries
is allowed. However, it becomes mutually exclusive in the case of non-cyclic lateral
boundary conditions due to the mandatory use of certain solvers. For non-cyclic bound-
aries, the Neumann condition is preferable at the bottom boundary; consequently, the
top boundary has to use the Dirichlet condition.
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Here,θv,0iseitherareferencevalueθv,reforthelocalvalueofθ̃.
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PALMprovidesseveraloptionsfortheboundaryconditionsdependingonthevari-
ableandboundary(Table2.2).Thechoiceofthetop-bottomboundaryconditionmay
berestrictedbyotherparametersofthesimulation.Forexample,aCBLisdefinedin
PALMwithaconstantheatflux.Hence,thebottomboundaryshouldusetheNeumann
conditionforCBLsimulations.Otherwise,theprescribedheatfluxmaynotremaincon-
stantasthecontributionsfromtheresolvedscaleswillbeaccountedforinthesolution.
ApplyingtheheatfluxisnotrecommendedfordefininganSBLinLES,asthemodel
maysimulatenear-neutralconditionsinsteadofstable(Basuetal.,2008).Therefore,an
SBLsimulationshouldusesurfacecooling.Inthiscase,thebottomboundarycondition
forthepotentialtemperatureθshouldbesettotheDirichletconditiontoconsiderthe
surfacetemperaturechange∆θduetothecooling.Forthetopboundary,thepotential
temperaturehasaspecialoptionofconstrainingviatheconstantinitialtemperature
gradient:theequationsaresolvednumericallyuptoθk=Nsothatthetoppointvalue
isθk=N+1=θk=N+dθ/dz·∆zk=N.Thetopboundaryconditionfortemperaturedoes
nothavestability-specificrestrictions.

ThesimultaneoususeofNeumannconditionsforpressureattop-bottomboundaries
isallowed.However,itbecomesmutuallyexclusiveinthecaseofnon-cycliclateral
boundaryconditionsduetothemandatoryuseofcertainsolvers.Fornon-cyclicbound-
aries,theNeumannconditionispreferableatthebottomboundary;consequently,the
topboundaryhastousetheDirichletcondition.
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PALMprovidesseveraloptionsfortheboundaryconditionsdependingonthevari-
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aries,theNeumannconditionispreferableatthebottomboundary;consequently,the
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Table 2.2: Boundary conditions for different quantities in PALM with k being the index of a
cell starting from the surface and N – the total number of cells in the vertical direction

Quantity Dirichlet Neumann Default

Bottom boundary

Velocity, u, v uk=0 = 0 (du/dz)k=0 = 0 Dirichlet

vk=0 = 0 (dv/dz)k=0 = 0 Dirichlet

Pressure, p pk=0 = 0 (dp/dz)k=0 = 0 Neumann

Temperature, θ θk=0 = θs +∆θ(t) (dθ/dz)k=0 = 0 Dirichlet

Top boundary

Velocity, u, v uk=N+1 = ug,k=n+1 (du/dz)k=N = 0 Dirichlet

vk=N+1 = vg,k=n+1 (dv/dz)k=N = 0 Dirichlet

Pressure, p pk=N+1 = 0 (dp/dz)k=N = 0 Dirichlet

Temperature, θ θk=N+1 = const (dθ/dz)k=N = 0 Initial gradient

The flow type dictates the choice of velocity boundary conditions. An atmospheric
boundary layer would have the Dirichlet no-slip condition u = v = 0 at the bottom
boundary and constrain the flow to the geostrophic wind at the top boundary u =
ug, v = vg. Closed-channel flow requires a no-slip condition for both top and bottom
boundaries.

Lateral boundary conditions are prescribed based on the type of a flow and simulation
goals. A cyclic boundary is a common choice for a homogeneous flow simulation. Non-
homogeneous flows should run with a non-cyclic boundary. Otherwise, the affected flow,
e.g., the flow disturbed by wakes, would constantly return to the domain as an inflow and
alter the prescribed free flow. Non-cyclic conditions are defined by assigning a radiation
condition to the inflow plane

utr = −
Å
∂ui
∂t

ãÅ
∂ui
∂n

ã−1

≤ ∆x

∆t
, (2.50)

where utr is the transport velocity, and n denotes the normal to the flow, e.g., n = x1 = x
for the inflow coming from the left boundary. The opposing boundary is then assigned
with the Dirichlet condition, making it the outflow boundary; the other two lateral
boundaries use cyclic conditions.

While a turbulent flow in a cyclic domain develops quickly in terms of computational
time, the flow in a non-cyclic domain may stay laminar and produce a weakly turbulent
wake that does not represent the behavior of real wakes (Witha et al., 2014). The laminar
inflow may develop turbulence in a non-cyclic domain, provided that the domain is long
enough in the flow direction. However, the required length would make wind turbine
and farm simulations unfeasible. Hence, a turbulent inflow is usually generated for non-
cyclic domains with the precursor-main run approach. A simulation in a precursor cyclic
domain is run until a fully turbulent flow develops and reaches a steady state. The
resulting flow is passed as an inflow to the main simulation with a larger domain and
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Table2.2:BoundaryconditionsfordifferentquantitiesinPALMwithkbeingtheindexofa
cellstartingfromthesurfaceandN–thetotalnumberofcellsintheverticaldirection

QuantityDirichletNeumannDefault

Bottomboundary

Velocity,u,vuk=0=0(du/dz)k=0=0Dirichlet

vk=0=0(dv/dz)k=0=0Dirichlet

Pressure,ppk=0=0(dp/dz)k=0=0Neumann

Temperature,θθk=0=θs+∆θ(t)(dθ/dz)k=0=0Dirichlet

Topboundary

Velocity,u,vuk=N+1=ug,k=n+1(du/dz)k=N=0Dirichlet

vk=N+1=vg,k=n+1(dv/dz)k=N=0Dirichlet

Pressure,ppk=N+1=0(dp/dz)k=N=0Dirichlet

Temperature,θθk=N+1=const(dθ/dz)k=N=0Initialgradient

Theflowtypedictatesthechoiceofvelocityboundaryconditions.Anatmospheric
boundarylayerwouldhavetheDirichletno-slipconditionu=v=0atthebottom
boundaryandconstraintheflowtothegeostrophicwindatthetopboundaryu=
ug,v=vg.Closed-channelflowrequiresano-slipconditionforbothtopandbottom
boundaries.

Lateralboundaryconditionsareprescribedbasedonthetypeofaflowandsimulation
goals.Acyclicboundaryisacommonchoiceforahomogeneousflowsimulation.Non-
homogeneousflowsshouldrunwithanon-cyclicboundary.Otherwise,theaffectedflow,
e.g.,theflowdisturbedbywakes,wouldconstantlyreturntothedomainasaninflowand
altertheprescribedfreeflow.Non-cyclicconditionsaredefinedbyassigningaradiation
conditiontotheinflowplane
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whereutristhetransportvelocity,andndenotesthenormaltotheflow,e.g.,n=x1=x
fortheinflowcomingfromtheleftboundary.Theopposingboundaryisthenassigned
withtheDirichletcondition,makingittheoutflowboundary;theothertwolateral
boundariesusecyclicconditions.

Whileaturbulentflowinacyclicdomaindevelopsquicklyintermsofcomputational
time,theflowinanon-cyclicdomainmaystaylaminarandproduceaweaklyturbulent
wakethatdoesnotrepresentthebehaviorofrealwakes(Withaetal.,2014).Thelaminar
inflowmaydevelopturbulenceinanon-cyclicdomain,providedthatthedomainislong
enoughintheflowdirection.However,therequiredlengthwouldmakewindturbine
andfarmsimulationsunfeasible.Hence,aturbulentinflowisusuallygeneratedfornon-
cyclicdomainswiththeprecursor-mainrunapproach.Asimulationinaprecursorcyclic
domainisrununtilafullyturbulentflowdevelopsandreachesasteadystate.The
resultingflowispassedasaninflowtothemainsimulationwithalargerdomainand
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Table 2.2: Boundary conditions for different quantities in PALM with k being the index of a
cell starting from the surface and N – the total number of cells in the vertical direction

Quantity Dirichlet Neumann Default

Bottom boundary

Velocity, u, v uk=0 = 0 (du/dz)k=0 = 0 Dirichlet

vk=0 = 0 (dv/dz)k=0 = 0 Dirichlet

Pressure, p pk=0 = 0 (dp/dz)k=0 = 0 Neumann

Temperature, θ θk=0 = θs +∆θ(t) (dθ/dz)k=0 = 0 Dirichlet

Top boundary
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vk=N+1 = vg,k=n+1 (dv/dz)k=N = 0 Dirichlet

Pressure, p pk=N+1 = 0 (dp/dz)k=N = 0 Dirichlet

Temperature, θ θk=N+1 = const (dθ/dz)k=N = 0 Initial gradient

The flow type dictates the choice of velocity boundary conditions. An atmospheric
boundary layer would have the Dirichlet no-slip condition u = v = 0 at the bottom
boundary and constrain the flow to the geostrophic wind at the top boundary u =
ug, v = vg. Closed-channel flow requires a no-slip condition for both top and bottom
boundaries.

Lateral boundary conditions are prescribed based on the type of a flow and simulation
goals. A cyclic boundary is a common choice for a homogeneous flow simulation. Non-
homogeneous flows should run with a non-cyclic boundary. Otherwise, the affected flow,
e.g., the flow disturbed by wakes, would constantly return to the domain as an inflow and
alter the prescribed free flow. Non-cyclic conditions are defined by assigning a radiation
condition to the inflow plane
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where utr is the transport velocity, and n denotes the normal to the flow, e.g., n = x1 = x
for the inflow coming from the left boundary. The opposing boundary is then assigned
with the Dirichlet condition, making it the outflow boundary; the other two lateral
boundaries use cyclic conditions.

While a turbulent flow in a cyclic domain develops quickly in terms of computational
time, the flow in a non-cyclic domain may stay laminar and produce a weakly turbulent
wake that does not represent the behavior of real wakes (Witha et al., 2014). The laminar
inflow may develop turbulence in a non-cyclic domain, provided that the domain is long
enough in the flow direction. However, the required length would make wind turbine
and farm simulations unfeasible. Hence, a turbulent inflow is usually generated for non-
cyclic domains with the precursor-main run approach. A simulation in a precursor cyclic
domain is run until a fully turbulent flow develops and reaches a steady state. The
resulting flow is passed as an inflow to the main simulation with a larger domain and
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where utr is the transport velocity, and n denotes the normal to the flow, e.g., n = x1 = x
for the inflow coming from the left boundary. The opposing boundary is then assigned
with the Dirichlet condition, making it the outflow boundary; the other two lateral
boundaries use cyclic conditions.

While a turbulent flow in a cyclic domain develops quickly in terms of computational
time, the flow in a non-cyclic domain may stay laminar and produce a weakly turbulent
wake that does not represent the behavior of real wakes (Witha et al., 2014). The laminar
inflow may develop turbulence in a non-cyclic domain, provided that the domain is long
enough in the flow direction. However, the required length would make wind turbine
and farm simulations unfeasible. Hence, a turbulent inflow is usually generated for non-
cyclic domains with the precursor-main run approach. A simulation in a precursor cyclic
domain is run until a fully turbulent flow develops and reaches a steady state. The
resulting flow is passed as an inflow to the main simulation with a larger domain and
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Theflowtypedictatesthechoiceofvelocityboundaryconditions.Anatmospheric
boundarylayerwouldhavetheDirichletno-slipconditionu=v=0atthebottom
boundaryandconstraintheflowtothegeostrophicwindatthetopboundaryu=
ug,v=vg.Closed-channelflowrequiresano-slipconditionforbothtopandbottom
boundaries.

Lateralboundaryconditionsareprescribedbasedonthetypeofaflowandsimulation
goals.Acyclicboundaryisacommonchoiceforahomogeneousflowsimulation.Non-
homogeneousflowsshouldrunwithanon-cyclicboundary.Otherwise,theaffectedflow,
e.g.,theflowdisturbedbywakes,wouldconstantlyreturntothedomainasaninflowand
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conditiontotheinflowplane

utr=−Å∂ui
∂tãÅ∂ui

∂nã−1

≤
∆x

∆t
,(2.50)

whereutristhetransportvelocity,andndenotesthenormaltotheflow,e.g.,n=x1=x
fortheinflowcomingfromtheleftboundary.Theopposingboundaryisthenassigned
withtheDirichletcondition,makingittheoutflowboundary;theothertwolateral
boundariesusecyclicconditions.

Whileaturbulentflowinacyclicdomaindevelopsquicklyintermsofcomputational
time,theflowinanon-cyclicdomainmaystaylaminarandproduceaweaklyturbulent
wakethatdoesnotrepresentthebehaviorofrealwakes(Withaetal.,2014).Thelaminar
inflowmaydevelopturbulenceinanon-cyclicdomain,providedthatthedomainislong
enoughintheflowdirection.However,therequiredlengthwouldmakewindturbine
andfarmsimulationsunfeasible.Hence,aturbulentinflowisusuallygeneratedfornon-
cyclicdomainswiththeprecursor-mainrunapproach.Asimulationinaprecursorcyclic
domainisrununtilafullyturbulentflowdevelopsandreachesasteadystate.The
resultingflowispassedasaninflowtothemainsimulationwithalargerdomainand
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non-cyclic boundaries (Witha et al., 2014). Alternatively, a turbulent inflow may be
provided using a synthetic turbulence generator (Gronemeier et al., 2015) or a dynamic
driver obtained from mesoscale models (Lin et al., 2021). The dynamic driver input
allows the simulation of complex atmospheric conditions, including transient events, via
WRF-LES coupling (Vollmer et al., 2017; Wagner et al., 2019).

As shown in Eq. (2.32)−(2.34), the turbulent scales resolved by LES strongly depend
on the grid spacing. The global refinement of the simulation domain often results in a
gradually increased simulation time. Hence, a local refinement is performed via the
nesting interface. In this case, the inner domains’ lateral boundaries are considered
nested. The flow quantities passing through the nested boundaries are interpolated
to the new grid, and prognostic equations are solved for the refined nested domain.
PALM implements one- and two-way nesting modes. For the one-way nesting mode, the
solution for the current time step ends here and moves to the next one. In the case of
two-way nesting, the solution from the nested domain is interpolated back to the coarse
domain, thus allowing to correct its solution. However, the interpolation procedures also
introduce a new source of uncertainties which may alter the final solution. A study of
CBL simulation under low wind speed reported a secondary circulation developing in the
case of a two-way nested domain (Hellsten et al., 2021). Overall, the two-way nesting
mode should be used cautiously despite the advantages it provides over the one-way
nesting.

2.2.5 Wind turbine models

Modeling a wind turbine rotor as a moving solid body gradually increases computational
time, especially in wind farm simulations. Unless the wind turbine is the focus of a
detailed simulation, the rotor can be approximated with one of the available models.
Usually, neither a wind tower nor a nacelle are modeled, and their effect is included via
an approximation. Attempts to model the nacelle and improve LES predictions were
nevertheless performed showing the improvement of TKE and near wake predictions
(Martinez et al., 2016; Yang and Sotiropoulos , 2018).

Blade Element Momentum method (BEM)

The Blade Element Momentum (BEM) method is a long-established approach in rotor
design (Burton et al., 2011). Originally suggested by Glauert (1935), it undergone ex-
tensive development to improve accuracy for applications in rotorcraft and wind turbine
design. BEM allows a simple estimation of the rotor loads by splitting each blade into
smaller elements that are assumed to be independent. The approach also assumes that
the pressure loss behind the rotor is caused by the wind flow acting upon the blade ele-
ments. From these assumptions, the induced velocities and resulting forces acting upon
each element are calculated. The total force acting on the rotor is the sum of the forces
acting upon each element.

Implementing this approach requires knowledge of the blade geometry and, partic-
ularly, airfoils used along the blade. The BEM method assumes a static axisymmetric
flow and thus does not account for dynamic effects observed in experiments, such as the
response lag of the airfoil (Snel and Schepers , 1995). Various corrections are introduced
to compensate for the limitations. The set of corrections may vary from code to code

28Scientificbackground

non-cyclicboundaries(Withaetal.,2014).Alternatively,aturbulentinflowmaybe
providedusingasyntheticturbulencegenerator(Gronemeieretal.,2015)oradynamic
driverobtainedfrommesoscalemodels(Linetal.,2021).Thedynamicdriverinput
allowsthesimulationofcomplexatmosphericconditions,includingtransientevents,via
WRF-LEScoupling(Vollmeretal.,2017;Wagneretal.,2019).
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graduallyincreasedsimulationtime.Hence,alocalrefinementisperformedviathe
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domain,thusallowingtocorrectitssolution.However,theinterpolationproceduresalso
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caseofatwo-waynesteddomain(Hellstenetal.,2021).Overall,thetwo-waynesting
modeshouldbeusedcautiouslydespitetheadvantagesitprovidesovertheone-way
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2.2.5Windturbinemodels

Modelingawindturbinerotorasamovingsolidbodygraduallyincreasescomputational
time,especiallyinwindfarmsimulations.Unlessthewindturbineisthefocusofa
detailedsimulation,therotorcanbeapproximatedwithoneoftheavailablemodels.
Usually,neitherawindtowernoranacellearemodeled,andtheireffectisincludedvia
anapproximation.AttemptstomodelthenacelleandimproveLESpredictionswere
neverthelessperformedshowingtheimprovementofTKEandnearwakepredictions
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TheBladeElementMomentum(BEM)methodisalong-establishedapproachinrotor
design(Burtonetal.,2011).OriginallysuggestedbyGlauert(1935),itundergoneex-
tensivedevelopmenttoimproveaccuracyforapplicationsinrotorcraftandwindturbine
design.BEMallowsasimpleestimationoftherotorloadsbysplittingeachbladeinto
smallerelementsthatareassumedtobeindependent.Theapproachalsoassumesthat
thepressurelossbehindtherotoriscausedbythewindflowactinguponthebladeele-
ments.Fromtheseassumptions,theinducedvelocitiesandresultingforcesactingupon
eachelementarecalculated.Thetotalforceactingontherotoristhesumoftheforces
actinguponeachelement.

Implementingthisapproachrequiresknowledgeofthebladegeometryand,partic-
ularly,airfoilsusedalongtheblade.TheBEMmethodassumesastaticaxisymmetric
flowandthusdoesnotaccountfordynamiceffectsobservedinexperiments,suchasthe
responselagoftheairfoil(SnelandSchepers,1995).Variouscorrectionsareintroduced
tocompensateforthelimitations.Thesetofcorrectionsmayvaryfromcodetocode
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where BEM is implemented. For example, the AeroDyn library (Moriarty and Hansen ,
2005) used in the NREL FAST code for aero-elastic analysis applies the Glauert correc-
tion for induction factors higher than 0.4 to avoid instability (Shen et al., 2005a) and
the skewed wake correction to account for the effect from non-axisymmetrical wake (Pitt
and Peters , 1981).

Actuator models

Figure 2.7: Actuator disk sectioning for ADM-R and forces acting upon an airfoil. Reproduced
from Dörenkämper et al. (2015) by CC BY-NC-ND 4.0.

The actuator disk model (ADM) also takes originates from long-established princi-
ples of the momentum theory. Theorized by Rankine (1865) as a link between thrust
and momentum, the theory was later expanded by Froude (1889) to consider the flow
difference in front and behind the rotor disk. In the modern approach, the forces acting
upon a rotor are averaged over the rotor disk and explicitly added to the momentum
equation. Considering the simplifications, ADM is accurate enough and is cost-effective
to use in turbulent-flow simulations instead of a fully-resolved rotor (Réthoré et al., 2014;
Troldborg et al., 2015). However, the uniform distribution of forces across the disk does
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ALM can potentially hold a good agreement to the experimental data even when run on
the coarse grid (Martinez et al., 2016).

Further expansion of the actuator line approach is replacing the blade with an actu-
ator surface model (ASM) defined by chord lines at several radial locations (Shen et al.,
2007). ASM allows for improved prediction of flow behavior near blade tips and resolves
tip vortices shed along the blade but requires additional airfoil data, such as pressure
and friction distribution over the surface.

Due to associated computational costs and complexity, ASM has yet to be widely
implemented in numerical simulation codes. Hence, most codes use either ADM or
ALM and their modifications. A compromise between ADM and ALM is the actuator
disk model with rotation (ADM-R) (Fig. 2.7). ADM-R considers a non-uniform force
distribution and disk rotation, effectively mitigating the drawbacks of both ADM and
ALM: unresolved tip vortices and longer computational time, respectively (Porté-Agel
et al., 2011; Dörenkämper et al., 2015). Instead of distributing the forces uniformly,
ADM-R splits the rotor disk into annular areas and calculates forces per unit rotor area
for each. The lift and drag forces are then calculated using BEM theory (Sect. 2.2.5),
with each blade element assuming a two-dimensional airfoil of the corresponding blade
section.

A comparison between ADM, ADM-R, and ALM shows that regular ADM leads to
an underprediction of the velocity deficit. Accounting for the rotation effects in ADM-R
or using ALM returns better agreement with wind tunnel experiments and wind farm
measurements (Porté-Agel et al., 2011; Wu and Porté-Agel , 2011).

Reference wind turbines

Several reference wind turbines exist for numerical simulations as well as validation and
verification of new rotor models (Table 2.3).

Table 2.3: Parameters of the reference wind turbines

Name
Size, m Wind speed, m/s

Source
Rotor diameter Hub height Cut-in Rated Cut-out

DTU 10MW 178.3 119 4 11.4 25 Bak et al. (2013)

LEANWIND 8MW 164 110 4 12.5 25 Desmond et al. (2016)

NREL 5MW 126 90 3 11.4 25 Jonkman et al. (2009)

NREL 15MW 240 150 3 10.6 25 Gaertner et al. (2020)

The NREL 5MW wind turbine is implemented into most numerical simulation codes
(HAWC2, SOWFA, LESGO, PALM); the NREL 15MW turbine is also being added
to allow simulation of large modern wind turbines. The DTU 10MW reference wind
turbine is included in codes developed by DTU Wind Energy (HAWC2, Ellipsys3D).
Several codes, e.g., PALM, allow changing parameter files to include a particular turbine
provided that its blade geometry and generator characteristics are known.
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2007).ASMallowsforimprovedpredictionofflowbehaviornearbladetipsandresolves
tipvorticesshedalongthebladebutrequiresadditionalairfoildata,suchaspressure
andfrictiondistributionoverthesurface.

Duetoassociatedcomputationalcostsandcomplexity,ASMhasyettobewidely
implementedinnumericalsimulationcodes.Hence,mostcodesuseeitherADMor
ALMandtheirmodifications.AcompromisebetweenADMandALMistheactuator
diskmodelwithrotation(ADM-R)(Fig.2.7).ADM-Rconsidersanon-uniformforce
distributionanddiskrotation,effectivelymitigatingthedrawbacksofbothADMand
ALM:unresolvedtipvorticesandlongercomputationaltime,respectively(Porté-Agel
etal.,2011;Dörenkämperetal.,2015).Insteadofdistributingtheforcesuniformly,
ADM-Rsplitstherotordiskintoannularareasandcalculatesforcesperunitrotorarea
foreach.TheliftanddragforcesarethencalculatedusingBEMtheory(Sect.2.2.5),
witheachbladeelementassumingatwo-dimensionalairfoilofthecorrespondingblade
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LEANWIND8MW164110412.525Desmondetal.(2016)

NREL5MW12690311.425Jonkmanetal.(2009)

NREL15MW240150310.625Gaertneretal.(2020)

TheNREL5MWwindturbineisimplementedintomostnumericalsimulationcodes
(HAWC2,SOWFA,LESGO,PALM);theNREL15MWturbineisalsobeingadded
toallowsimulationoflargemodernwindturbines.TheDTU10MWreferencewind
turbineisincludedincodesdevelopedbyDTUWindEnergy(HAWC2,Ellipsys3D).
Severalcodes,e.g.,PALM,allowchangingparameterfilestoincludeaparticularturbine
providedthatitsbladegeometryandgeneratorcharacteristicsareknown.
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platform is located in the southern North Sea at 54° 00′ 53.5′′N, 6° 35′ 15.5′′E, 45 km
north of the German island of Borkum. The nearby Alpha Ventus wind farm consists of
12 wind turbines arranged in a 4× 3 rectangular pattern. The turbines are abbreviated
as AV plus index of the turbine. Six turbines in two top rows (AV1−AV6) are of the
type Repower 5M with a hub height of 92m and a rotor diameter of 126m; six turbines
in two bottom rows (AV7−AV12) are of the type AREVA M5000 with a hub height of
91.5m and a rotor diameter of 116m. The AV4 turbine is the closest to the FINO1
platform and is located at 400m to the east.

The FINO1 mast has cup anemometers installed at 33, 40, 50, 60, 70, 80, 90, and
100m above sea level and vanes installed at 33, 40, 50, 60, 70, 80, and 90m above sea
level (Fischer , 2006; Beeken, 2008). Wind speed and direction times series are averaged
to 10-minute periods. The gaps encountered in the regarded periods are filled with linear
interpolation.

A scanning Doppler wind lidar (Leosphere WindCube 100S) was installed at the
FINO1 platform at 23.5m above sea level and was oriented towards the Alpha Ventus
wind farm. Operating in the PPI mode, the lidar took scans in the inclined plane so
that wind turbines AV7, AV10, and AV11 were captured in a scan. The elevation angle
of the scanning plane varied with time. On August 31, 2016, the lidar performed scans
under the constant elevation angle of 0.5° and scanned a sector between 100° and 180°
azimuth angles. The elevation pattern was changed after August 31, 20:00 UTC+0 to
the following: during the first 20 minutes of each hour, the lidar scanned at a constant
elevation angle of 4.6° so that AV7 is scanned near the hub height; for the remaining
40 minutes, the lidar performed alternating scans at three elevation angles of 0.5°, 4.6°,
and 9.0°. The scanned sector was also decreased to the range of 131.5° and 180° azimuth
angles. This pattern remained unchanged during September 2016.

Several papers used additional datasets. The LES in Paper II was set up to generate
mean wind speed and turbulence profiles similar to 1Hz sonic anemometer time series
processed by Nybø et al. (2019, 2020). Lidar retrieval results described in Paper VI
required verification with the observational data. Besides FINO1 series, data from the
Supervisory Control and Data Acquisition (SCADA) system were also utilized, partic-
ularly, wind speed and direction time series from the AV7 turbine. SCADA series were
recorded with a higher frequency than 10-minuted averaged FINO1 series and contained
longer gaps of up to one day. Therefore, no gap filling was performed for the SCADA se-
ries; the cross-comparison considered only those entries that had FINO1, SCADA data,
and a successful lidar retrieval.

The comparison between wind direction measured at FINO1 and the estimated AV7
wake direction (Paper V) or AV7 SCADA data (Paper VI) revealed a consistent offset
of approximately 10°. The offset is seemingly unaffected by the wind direction and
is too large to be attributed solely to the measurement uncertainty. The comparison
of wind direction recorded by SCADA system for other turbines revealed different but
also consistent offset values. Therefore, it is plausible that the offset is partially caused
by flow rotation and partially by technical reasons, e.g., an orientation error of the
measurement instruments. With the data available, it is impossible to separate the
effects of atmospheric stability, Coriolis force, wind turbine control and instrumental
errors. Therefore, the observed offset was only reported in the respective papers but has
yet to be analyzed thoroughly.

32Dataandmodels

platformislocatedinthesouthernNorthSeaat54°00′53.5′′N,6°35′15.5′′E,45km
northoftheGermanislandofBorkum.ThenearbyAlphaVentuswindfarmconsistsof
12windturbinesarrangedina4×3rectangularpattern.Theturbinesareabbreviated
asAVplusindexoftheturbine.Sixturbinesintwotoprows(AV1−AV6)areofthe
typeRepower5Mwithahubheightof92mandarotordiameterof126m;sixturbines
intwobottomrows(AV7−AV12)areofthetypeAREVAM5000withahubheightof
91.5mandarotordiameterof116m.TheAV4turbineistheclosesttotheFINO1
platformandislocatedat400mtotheeast.

TheFINO1masthascupanemometersinstalledat33,40,50,60,70,80,90,and
100mabovesealevelandvanesinstalledat33,40,50,60,70,80,and90mabovesea
level(Fischer,2006;Beeken,2008).Windspeedanddirectiontimesseriesareaveraged
to10-minuteperiods.Thegapsencounteredintheregardedperiodsarefilledwithlinear
interpolation.

AscanningDopplerwindlidar(LeosphereWindCube100S)wasinstalledatthe
FINO1platformat23.5mabovesealevelandwasorientedtowardstheAlphaVentus
windfarm.OperatinginthePPImode,thelidartookscansintheinclinedplaneso
thatwindturbinesAV7,AV10,andAV11werecapturedinascan.Theelevationangle
ofthescanningplanevariedwithtime.OnAugust31,2016,thelidarperformedscans
undertheconstantelevationangleof0.5°andscannedasectorbetween100°and180°
azimuthangles.TheelevationpatternwaschangedafterAugust31,20:00UTC+0to
thefollowing:duringthefirst20minutesofeachhour,thelidarscannedataconstant
elevationangleof4.6°sothatAV7isscannednearthehubheight;fortheremaining
40minutes,thelidarperformedalternatingscansatthreeelevationanglesof0.5°,4.6°,
and9.0°.Thescannedsectorwasalsodecreasedtotherangeof131.5°and180°azimuth
angles.ThispatternremainedunchangedduringSeptember2016.

Severalpapersusedadditionaldatasets.TheLESinPaperIIwassetuptogenerate
meanwindspeedandturbulenceprofilessimilarto1Hzsonicanemometertimeseries
processedbyNybøetal.(2019,2020).LidarretrievalresultsdescribedinPaperVI
requiredverificationwiththeobservationaldata.BesidesFINO1series,datafromthe
SupervisoryControlandDataAcquisition(SCADA)systemwerealsoutilized,partic-
ularly,windspeedanddirectiontimeseriesfromtheAV7turbine.SCADAserieswere
recordedwithahigherfrequencythan10-minutedaveragedFINO1seriesandcontained
longergapsofuptooneday.Therefore,nogapfillingwasperformedfortheSCADAse-
ries;thecross-comparisonconsideredonlythoseentriesthathadFINO1,SCADAdata,
andasuccessfullidarretrieval.

ThecomparisonbetweenwinddirectionmeasuredatFINO1andtheestimatedAV7
wakedirection(PaperV)orAV7SCADAdata(PaperVI)revealedaconsistentoffset
ofapproximately10°.Theoffsetisseeminglyunaffectedbythewinddirectionand
istoolargetobeattributedsolelytothemeasurementuncertainty.Thecomparison
ofwinddirectionrecordedbySCADAsystemforotherturbinesrevealeddifferentbut
alsoconsistentoffsetvalues.Therefore,itisplausiblethattheoffsetispartiallycaused
byflowrotationandpartiallybytechnicalreasons,e.g.,anorientationerrorofthe
measurementinstruments.Withthedataavailable,itisimpossibletoseparatethe
effectsofatmosphericstability,Coriolisforce,windturbinecontrolandinstrumental
errors.Therefore,theobservedoffsetwasonlyreportedintherespectivepapersbuthas
yettobeanalyzedthoroughly.
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platform is located in the southern North Sea at 54° 00′ 53.5′′N, 6° 35′ 15.5′′E, 45 km
north of the German island of Borkum. The nearby Alpha Ventus wind farm consists of
12 wind turbines arranged in a 4× 3 rectangular pattern. The turbines are abbreviated
as AV plus index of the turbine. Six turbines in two top rows (AV1−AV6) are of the
type Repower 5M with a hub height of 92m and a rotor diameter of 126m; six turbines
in two bottom rows (AV7−AV12) are of the type AREVA M5000 with a hub height of
91.5m and a rotor diameter of 116m. The AV4 turbine is the closest to the FINO1
platform and is located at 400m to the east.

The FINO1 mast has cup anemometers installed at 33, 40, 50, 60, 70, 80, 90, and
100m above sea level and vanes installed at 33, 40, 50, 60, 70, 80, and 90m above sea
level (Fischer , 2006; Beeken, 2008). Wind speed and direction times series are averaged
to 10-minute periods. The gaps encountered in the regarded periods are filled with linear
interpolation.

A scanning Doppler wind lidar (Leosphere WindCube 100S) was installed at the
FINO1 platform at 23.5m above sea level and was oriented towards the Alpha Ventus
wind farm. Operating in the PPI mode, the lidar took scans in the inclined plane so
that wind turbines AV7, AV10, and AV11 were captured in a scan. The elevation angle
of the scanning plane varied with time. On August 31, 2016, the lidar performed scans
under the constant elevation angle of 0.5° and scanned a sector between 100° and 180°
azimuth angles. The elevation pattern was changed after August 31, 20:00 UTC+0 to
the following: during the first 20 minutes of each hour, the lidar scanned at a constant
elevation angle of 4.6° so that AV7 is scanned near the hub height; for the remaining
40 minutes, the lidar performed alternating scans at three elevation angles of 0.5°, 4.6°,
and 9.0°. The scanned sector was also decreased to the range of 131.5° and 180° azimuth
angles. This pattern remained unchanged during September 2016.

Several papers used additional datasets. The LES in Paper II was set up to generate
mean wind speed and turbulence profiles similar to 1Hz sonic anemometer time series
processed by Nybø et al. (2019, 2020). Lidar retrieval results described in Paper VI
required verification with the observational data. Besides FINO1 series, data from the
Supervisory Control and Data Acquisition (SCADA) system were also utilized, partic-
ularly, wind speed and direction time series from the AV7 turbine. SCADA series were
recorded with a higher frequency than 10-minuted averaged FINO1 series and contained
longer gaps of up to one day. Therefore, no gap filling was performed for the SCADA se-
ries; the cross-comparison considered only those entries that had FINO1, SCADA data,
and a successful lidar retrieval.

The comparison between wind direction measured at FINO1 and the estimated AV7
wake direction (Paper V) or AV7 SCADA data (Paper VI) revealed a consistent offset
of approximately 10°. The offset is seemingly unaffected by the wind direction and
is too large to be attributed solely to the measurement uncertainty. The comparison
of wind direction recorded by SCADA system for other turbines revealed different but
also consistent offset values. Therefore, it is plausible that the offset is partially caused
by flow rotation and partially by technical reasons, e.g., an orientation error of the
measurement instruments. With the data available, it is impossible to separate the
effects of atmospheric stability, Coriolis force, wind turbine control and instrumental
errors. Therefore, the observed offset was only reported in the respective papers but has
yet to be analyzed thoroughly.
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azimuthangles.TheelevationpatternwaschangedafterAugust31,20:00UTC+0to
thefollowing:duringthefirst20minutesofeachhour,thelidarscannedataconstant
elevationangleof4.6°sothatAV7isscannednearthehubheight;fortheremaining
40minutes,thelidarperformedalternatingscansatthreeelevationanglesof0.5°,4.6°,
and9.0°.Thescannedsectorwasalsodecreasedtotherangeof131.5°and180°azimuth
angles.ThispatternremainedunchangedduringSeptember2016.

Severalpapersusedadditionaldatasets.TheLESinPaperIIwassetuptogenerate
meanwindspeedandturbulenceprofilessimilarto1Hzsonicanemometertimeseries
processedbyNybøetal.(2019,2020).LidarretrievalresultsdescribedinPaperVI
requiredverificationwiththeobservationaldata.BesidesFINO1series,datafromthe
SupervisoryControlandDataAcquisition(SCADA)systemwerealsoutilized,partic-
ularly,windspeedanddirectiontimeseriesfromtheAV7turbine.SCADAserieswere
recordedwithahigherfrequencythan10-minutedaveragedFINO1seriesandcontained
longergapsofuptooneday.Therefore,nogapfillingwasperformedfortheSCADAse-
ries;thecross-comparisonconsideredonlythoseentriesthathadFINO1,SCADAdata,
andasuccessfullidarretrieval.

ThecomparisonbetweenwinddirectionmeasuredatFINO1andtheestimatedAV7
wakedirection(PaperV)orAV7SCADAdata(PaperVI)revealedaconsistentoffset
ofapproximately10°.Theoffsetisseeminglyunaffectedbythewinddirectionand
istoolargetobeattributedsolelytothemeasurementuncertainty.Thecomparison
ofwinddirectionrecordedbySCADAsystemforotherturbinesrevealeddifferentbut
alsoconsistentoffsetvalues.Therefore,itisplausiblethattheoffsetispartiallycaused
byflowrotationandpartiallybytechnicalreasons,e.g.,anorientationerrorofthe
measurementinstruments.Withthedataavailable,itisimpossibletoseparatethe
effectsofatmosphericstability,Coriolisforce,windturbinecontrolandinstrumental
errors.Therefore,theobservedoffsetwasonlyreportedintherespectivepapersbuthas
yettobeanalyzedthoroughly.
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a turbulent flow was first simulated in a precursor domain until a steady state. Although
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a turbulent flow was first simulated in a precursor domain until a steady state. Although
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The scripts require Python 3.8 with Jupyter notebook support. Standard libraries
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PALM high-frequency data processing

The repository contains PALM high-frequency output for Paper II and routines to re-
produce the plots from it. The code is strongly optimized for the specific output and
simulations, so it is not recommended to run it as a standalone program.

Repository: Krutova, M. (2023). PALM v21.10 self-nested LES for three stability
conditions (1.1.1). Zenodo. https://doi.org/10.5281/zenodo.7886678

Analytical wake model fitting

The repository contains functions to run several analytical wake models provided that
the thrust coefficient CT and ambient turbulence intensity Ia are known. The main code
fits the selected models to wind field before and during the OCC event described in
Paper III and Paper IV. The code allows selection of the fitting modes not mentioned
in Paper IV, such as perform fitting only for one wake and ignore merging; alter wake
length and width for which the fitting is performed or select models not mentioned in
Paper IV. The results visualization is optimized for three models regarded at once.

Repository: Krutova, M. (2023). Gaussian wake model fitting to a transient
event simulated with WRF-LES (1.0.1). Zenodo. https://doi.org/10.5281/zenodo.
8139536

Wake identification and characterization via automatic thresholding method

The repository contains codes from Paper V to perform wake identification via thresh-
olding and wake characterization from the thresholded shapes. Supplementary codes
allow comparing the result to wake characterization via fitting a Gaussian function. The
provided data provided contain LES and lidar wind fields as examples.

Additional Python libraries: sklearn (for finding the wake centerline via linear
regression), scikit-image (for pre-processing), holoviews, panel, param (interactive
dashboard for the manual threshold selection, not required to run the main script).

Repository: Krutova, M. (2022). Adaptive Thresholding Segmentation (ATS) for
wake identification and characterization (0.5.1). Zenodo. https://doi.org/10.5281/
zenodo.6997975 (Access by request due to the usage of unpublished lidar data)

2D-VAR method for elevated scans

The repository contains code implementing 2D-VAR method as described in Cherukuru
et al. (2017); Cherukuru (2017) and corrections introduced in Paper VI. The SCADA
data are excluded because of the non-disclosure agreement.
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Paper I: Evaluation of Gaussian wake models under different atmospheric
stability conditions: Comparison with large eddy simulation results

Krutova, M., Bakhoday-Paskyabi, M., Nielsen, F. G., and Reuder, J., Journal of
Physics: Conference Series, 1669(1), 012016 (2020)

Objectives

1. Provide an overview of the Gaussian wake models available at the time the study
was conducted.

2. Explore the accuracy of the models in the near and far wake against a single turbine
wake simulated with the LES code PALM.

Summary
Currently, there exist numerous Gaussian wake models, and new ones are continu-

ously being proposed. Some models approximate the far wake better than the near wake,
while others aim to resolve the full wake. This paper compares how existing Gaussian
models perform on wakes from a high-fidelity simulation.

Main findings
Single Gaussian models estimate the far wake (x/D > 6) better than the near wake.

This observation is in line with the primary application of the analytical models – esti-
mate the wake effect on the downstream turbine. The double Gaussian models are still
in early development and are not consistent enough.

The number of tunable coefficients in models varies. Although the coefficients of
some models, e.g., Ishihara and Qian (2018), are found by fitting, they are sensitive to
attempts to re-fit their values.
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Paper II: Self-nested large-eddy simulations in PALM model system v21.10
for offshore wind prediction under different atmospheric stability conditions

Krutova, M., Bakhoday-Paskyabi, M., Reuder, J., and Nielsen, F. G., Geoscientific
Model Development, 16(12), 3553–3564 (2023)

Objectives

1. Perform LES with the PALM model system under different stability conditions
and nesting modes at the wind speed typical for wind power production.

2. Explore the effect of the nesting modes on the simulated flow depending on the
stability conditions.

3. Evaluate simulations based on the turbulence characteristics: spectral density, co-
herence, co-coherence and phase.

Summary
LES approximates turbulent scales smaller than the grid spacing and resolves the

rest. Wind turbine wakes are more turbulent than free flow and contain small turbulent
scales. Hence, one would be interested in keeping the grid spacing low to improve LES
accuracy. Low grid spacing is often undesirable with respect to computational resources,
as it leads to increased simulation time. The solution is to refine the grid locally with a
nested domain. A new type of domain boundary and interpolation to the refined grid and
back inevitably leads to new approximations in the flow. The effects of the nesting on zero
to low wind speeds are documented. The secondary circulation was observed occurring
in the two-way nested domain for buoyancy-driven flows, the circulation becomes evident
when the flow is averaged for a period of several hours. The paper examines how the
PALM nesting modes affect the flow at a wind speed of 12.5m/s - the order of wind
speeds usually encountered in wind energy research. The LESs are performed for true
neutral, stable, and unstable conditions and compared to the 1 Hz sonic anemometer
time series of the wind speed components.

Main findings
Simulating a strong wind flow in non-neutral conditions with PALM produced a

slowdown in the nested domain with a consequent acceleration after exiting the nested
domain. The slowdown effect appears nearly immediately after the time required for
the flow to pass the outermost domain once. This drawback makes the two-way nesting
mode inapplicable for non-neutral conditions, even though it would allow accounting for
the effect of a better-resolved wake downstream. Notably, the effect also appears in any
PALM simulation that is not set to true neutral explicitly, i.e., as long as the temperature
term is considered in the equation.

Despite nesting effects, the LESs fairly reproduce turbulence characteristics as seen
in the observational data. Although decreasing the grid spacing to 1.25m still does
not resolve all turbulence scales, the width of the resolved inertial subrange increases
visibly with the grid refinement. Compared to the one-way nesting mode, the spectra of
wind speed components lay closer to each other in two-way nesting due to the solution
exchange between child and parent nested domains.
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theflowtopasstheoutermostdomainonce.Thisdrawbackmakesthetwo-waynesting
modeinapplicablefornon-neutralconditions,eventhoughitwouldallowaccountingfor
theeffectofabetter-resolvedwakedownstream.Notably,theeffectalsoappearsinany
PALMsimulationthatisnotsettotrueneutralexplicitly,i.e.,aslongasthetemperature
termisconsideredintheequation.

Despitenestingeffects,theLESsfairlyreproduceturbulencecharacteristicsasseen
intheobservationaldata.Althoughdecreasingthegridspacingto1.25mstilldoes
notresolveallturbulencescales,thewidthoftheresolvedinertialsubrangeincreases
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windspeedcomponentslayclosertoeachotherintwo-waynestingduetothesolution
exchangebetweenchildandparentnesteddomains.
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Objectives

1. Set up a multi-scale modeling framework by combining WRF capability of simulat-
ing complex atmospheric processes and PALM resolution of turbulent micro-scales
to investigate structural response with NREL FAST.

2. Perform a WRF-PALM simulation of a transient event near FINO1 platform and
Alpha Ventus wind farm – the OCC event occurred in the Southern North Sea on
November 22−24, 2015.

3. Analyze changes in the wake behavior and turbines’ load response for the Alpha
Ventus wind farm.

Summary
A series of cascading nested domains is set up for the simulation. The outermost

domain in WRF simulation covers the area above Northern Europe with a grid spacing
of 9 km. In the same simulation, the domain is locally refined with several intermediate
nested domains to 1 km grid spacing. The LES proceeds with the grid refinement until
the innermost domain with a spacing of 10m containing area around the Alpha Ventus
wind farm. The WRF simulation is initialized with ERA5 reanalysis data and runs for
the period of November 22−24, 2015. Its results are passed to the LES as a dynamic
input. Considering the results from Paper II, the one-way nesting mode was used for
the grid refinement in PALM to avoid alteration of the wind field caused by the two-way
nesting mode. Wind fields 20 minutes before and after the beginning of the OCC event
at Alpha Ventus are selected for aero-elastic analysis with NREL FAST.

Main findings
The WRF simulation shows the OCC structures forming at 100m level, meaning

that changes in the wind flow affect wind turbines in the Southern North Sea. While the
WRF simulation captures the variability of the flow during the OCC event, the follow-
up PALM LES details the wakes. The performed WRF-PALM simulation reveals strong
alteration of the wake behavior from wide meandering wakes prior to the OCC event to
narrow straight wakes in the OCC cell. The aero-elastic analysis of the LES output shows
increased oscillations in the rotor speed during the OCC event. The induced oscillations
make the control system act accordingly and adjust the pitch angle.

The paper successfully demonstrates a multi-scale modeling chain which links large-
scale atmospheric processes and a dynamic load response of the turbines.
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Mainfindings
TheWRFsimulationshowstheOCCstructuresformingat100mlevel,meaning

thatchangesinthewindflowaffectwindturbinesintheSouthernNorthSea.Whilethe
WRFsimulationcapturesthevariabilityoftheflowduringtheOCCevent,thefollow-
upPALMLESdetailsthewakes.TheperformedWRF-PALMsimulationrevealsstrong
alterationofthewakebehaviorfromwidemeanderingwakespriortotheOCCeventto
narrowstraightwakesintheOCCcell.Theaero-elasticanalysisoftheLESoutputshows
increasedoscillationsintherotorspeedduringtheOCCevent.Theinducedoscillations
makethecontrolsystemactaccordinglyandadjustthepitchangle.

Thepapersuccessfullydemonstratesamulti-scalemodelingchainwhichlinkslarge-
scaleatmosphericprocessesandadynamicloadresponseoftheturbines.
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Paper IV: Gaussian wake model fitting in a transient event over Alpha Ventus
wind farm

Krutova, M. and Bakhoday-Paskyabi, M., Wind Energy Science Discussions [preprint],
(2023)

Objectives

1. Evaluate the behavior of selected Gaussian models for wakes in a transient event
– the OCC event occurred in the Southern North Sea on November 22−24, 2015.

2. Apply models to calculate the deficit of merging wakes and evaluate their accuracy.

Summary
Gaussian wake models are applied to 10-minute averaged periods before and after

the OCC event simulated with WRF-PALM described in Paper III. Models’ coefficients
are also re-fitted to evaluate whether each model could have described the wakes better.
The coefficient re-fitting is performed to minimize the RMSE for all wake cross-sections
regarded in one period. The models for this study are selected by their response to
coefficients re-fitting as observed in Paper I. Thus, the Jensen-Gaussian and BPA models
are chosen; the recently emerged super-Gaussian model is also added.

Main findings
The 10-minute period corresponding to the peak of the transient event is the most

challenging for all models. The complication is primarily the ambiguity of the free-flow
wind speed: a part of an averaged wake forms under increased flow speed while the far
wake is still unaffected.

Single Gaussian models confirm an existing problem of overestimating the velocity
deficit in the near wake, especially if the deficit distribution has a double peak shape.
However, the Jensen-Gaussian model being defined with only one tunable coefficient is
not flexible enough and requires re-assessment of the coefficient depending on the atmo-
spheric conditions. The Gaussian model in Niayifar and Porté-Agel (2015) definition
responds to the changing flow better, although it may fail for the very near wake of
x/D ≤ 2.5. The super-Gaussian model shows good agreement with the velocity deficit
distribution without an additional adjustment and interprets merged wakes particularly
well. This result calls for further study of the model on wake-wake interactions in the
observational data.
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theOCCeventsimulatedwithWRF-PALMdescribedinPaperIII.Models’coefficients
arealsore-fittedtoevaluatewhethereachmodelcouldhavedescribedthewakesbetter.
Thecoefficientre-fittingisperformedtominimizetheRMSEforallwakecross-sections
regardedinoneperiod.Themodelsforthisstudyareselectedbytheirresponseto
coefficientsre-fittingasobservedinPaperI.Thus,theJensen-GaussianandBPAmodels
arechosen;therecentlyemergedsuper-Gaussianmodelisalsoadded.

Mainfindings
The10-minuteperiodcorrespondingtothepeakofthetransienteventisthemost

challengingforallmodels.Thecomplicationisprimarilytheambiguityofthefree-flow
windspeed:apartofanaveragedwakeformsunderincreasedflowspeedwhilethefar
wakeisstillunaffected.

SingleGaussianmodelsconfirmanexistingproblemofoverestimatingthevelocity
deficitinthenearwake,especiallyifthedeficitdistributionhasadoublepeakshape.
However,theJensen-Gaussianmodelbeingdefinedwithonlyonetunablecoefficientis
notflexibleenoughandrequiresre-assessmentofthecoefficientdependingontheatmo-
sphericconditions.TheGaussianmodelinNiayifarandPorté-Agel(2015)definition
respondstothechangingflowbetter,althoughitmayfailfortheverynearwakeof
x/D≤2.5.Thesuper-Gaussianmodelshowsgoodagreementwiththevelocitydeficit
distributionwithoutanadditionaladjustmentandinterpretsmergedwakesparticularly
well.Thisresultcallsforfurtherstudyofthemodelonwake-wakeinteractionsinthe
observationaldata.
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Paper IV: Gaussian wake model fitting in a transient event over Alpha Ventus
wind farm

Krutova, M. and Bakhoday-Paskyabi, M., Wind Energy Science Discussions [preprint],
(2023)

Objectives

1. Evaluate the behavior of selected Gaussian models for wakes in a transient event
– the OCC event occurred in the Southern North Sea on November 22−24, 2015.

2. Apply models to calculate the deficit of merging wakes and evaluate their accuracy.

Summary
Gaussian wake models are applied to 10-minute averaged periods before and after

the OCC event simulated with WRF-PALM described in Paper III. Models’ coefficients
are also re-fitted to evaluate whether each model could have described the wakes better.
The coefficient re-fitting is performed to minimize the RMSE for all wake cross-sections
regarded in one period. The models for this study are selected by their response to
coefficients re-fitting as observed in Paper I. Thus, the Jensen-Gaussian and BPA models
are chosen; the recently emerged super-Gaussian model is also added.

Main findings
The 10-minute period corresponding to the peak of the transient event is the most

challenging for all models. The complication is primarily the ambiguity of the free-flow
wind speed: a part of an averaged wake forms under increased flow speed while the far
wake is still unaffected.

Single Gaussian models confirm an existing problem of overestimating the velocity
deficit in the near wake, especially if the deficit distribution has a double peak shape.
However, the Jensen-Gaussian model being defined with only one tunable coefficient is
not flexible enough and requires re-assessment of the coefficient depending on the atmo-
spheric conditions. The Gaussian model in Niayifar and Porté-Agel (2015) definition
responds to the changing flow better, although it may fail for the very near wake of
x/D ≤ 2.5. The super-Gaussian model shows good agreement with the velocity deficit
distribution without an additional adjustment and interprets merged wakes particularly
well. This result calls for further study of the model on wake-wake interactions in the
observational data.
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Summary
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theOCCeventsimulatedwithWRF-PALMdescribedinPaperIII.Models’coefficients
arealsore-fittedtoevaluatewhethereachmodelcouldhavedescribedthewakesbetter.
Thecoefficientre-fittingisperformedtominimizetheRMSEforallwakecross-sections
regardedinoneperiod.Themodelsforthisstudyareselectedbytheirresponseto
coefficientsre-fittingasobservedinPaperI.Thus,theJensen-GaussianandBPAmodels
arechosen;therecentlyemergedsuper-Gaussianmodelisalsoadded.

Mainfindings
The10-minuteperiodcorrespondingtothepeakofthetransienteventisthemost

challengingforallmodels.Thecomplicationisprimarilytheambiguityofthefree-flow
windspeed:apartofanaveragedwakeformsunderincreasedflowspeedwhilethefar
wakeisstillunaffected.

SingleGaussianmodelsconfirmanexistingproblemofoverestimatingthevelocity
deficitinthenearwake,especiallyifthedeficitdistributionhasadoublepeakshape.
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Paper V: Development of an automatic thresholding method for wake mean-
dering studies and its application to the data set from scanning wind lidar

Krutova, M., Bakhoday-Paskyabi, M., Reuder, J., and Nielsen, F. G., Wind Energy
Science, 7(2), 849–873 (2022)

Objectives

1. Develop a novel method for wake identification via automatic thresholding.

2. Develop routines to characterize wake after the thresholding is performed: find the
wake centerline.

3. Verify the developed methods with LES and lidar data.

Summary
This paper proposes a novel method to perform automatic thresholding based on

image processing techniques. The method is first demonstrated on the LES wake to
prove the concept and is then applied to a lidar dataset of the Alpha Ventus wind
field with the lidar installed at the FINO1 platform. The method’s accuracy is verified
by visually comparing identified wakes and comparing the detected centerline to the
Gaussian method results.

Main findings
The automatic thresholding method proved to perform well on wide and prominent

wakes, which appear in a lidar scan when the line-of-sight is close to the wind direction. It
is more challenging to separate wakes from the background flow when the wind direction
is perpendicular to the line-of-sight – a case where the regular Gaussian method may
also fail.

The comparison revealed an offset of 5−10° between FINO1 wind direction and esti-
mated wake direction. While the yaw deflection and Coriolis effect can partially explain
it, the offset is seemingly independent of the wind speed and direction. The offset is at-
tributed to a combined effect of the Coriolis force and a possible lidar orientation error.
This issue requires further investigation.
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Paper VI: Validation of the 2D-VAR lidar retrieval algorithm for non-
homogeneous wind fields using FINO1 and SCADA data

Krutova, M., Bakhoday-Paskyabi, M., and Reuder, J., Authorea, [preprint] (2023)

Objectives

1. Independently implement a proposed method for the 2D-VAR lidar retrieval and
validate it on a larger dataset with an addition of the SCADA data.

2. Explore the method’s sensitivity to the initial guess and weights used in the opti-
mization.

Summary
Scanning lidars do not measure the wind speed explicitly but only its line-of-sight

projection. Therefore, lidar data have to be processed in order to retrieve the original
wind speed values. The existing methods are either developed for homogeneous flows
or require a complex processing procedure. The wake field is non-homogeneous and
requires fast processing for short-term forecasting. To fill the gap, a 2D-VAR lidar
retrieval method was proposed by Cherukuru et al. (2017). However, the method was
only validated on a one-day dataset for horizontal scans near the bottom tip wakes. The
setup made it impossible to compare results to the turbine’s hub-height data and study
the algorithm performance for different flow conditions. In this paper, the algorithm is
independently implemented and applied for a larger dataset that covers more wind speed
and direction pairs and allows comparison to SCADA data.

Main findings
When verified on the same one-day dataset, the independently reproduced algorithm

shows a small discrepancy with the original study. The discrepancy may be attributed to
the lack of details describing the preparatory steps which lead to different processing and
optimization routines chosen. When run for a larger dataset, the scanning was performed
under a different elevation angle, capturing wakes across the hub-height plane. Because
of larger differences between the free-flow and wake velocities, the algorithm produced
an unnatural wind speed increase along the wakes. The effect was mitigated by wake
masking via the automatic thresholding described in Paper V. A comparison of the
retrieved wind speed to the time series from FINO1 mast and SCADA data showed that
the wind speed upstream of the turbine tends to the SCADA data. It is possible that
the retrieval result tunes to the initial guess of the wind speed and direction – this issue
requires further investigation. Among the weights used during the optimization, only
the weight assigned to the residuals affects the final result most.

40Introductiontothepapers

PaperVI:Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfieldsusingFINO1andSCADAdata

Krutova,M.,Bakhoday-Paskyabi,M.,andReuder,J.,Authorea,[preprint](2023)

Objectives

1.Independentlyimplementaproposedmethodforthe2D-VARlidarretrievaland
validateitonalargerdatasetwithanadditionoftheSCADAdata.

2.Explorethemethod’ssensitivitytotheinitialguessandweightsusedintheopti-
mization.

Summary
Scanninglidarsdonotmeasurethewindspeedexplicitlybutonlyitsline-of-sight

projection.Therefore,lidardatahavetobeprocessedinordertoretrievetheoriginal
windspeedvalues.Theexistingmethodsareeitherdevelopedforhomogeneousflows
orrequireacomplexprocessingprocedure.Thewakefieldisnon-homogeneousand
requiresfastprocessingforshort-termforecasting.Tofillthegap,a2D-VARlidar
retrievalmethodwasproposedbyCherukuruetal.(2017).However,themethodwas
onlyvalidatedonaone-daydatasetforhorizontalscansnearthebottomtipwakes.The
setupmadeitimpossibletocompareresultstotheturbine’shub-heightdataandstudy
thealgorithmperformancefordifferentflowconditions.Inthispaper,thealgorithmis
independentlyimplementedandappliedforalargerdatasetthatcoversmorewindspeed
anddirectionpairsandallowscomparisontoSCADAdata.

Mainfindings
Whenverifiedonthesameone-daydataset,theindependentlyreproducedalgorithm

showsasmalldiscrepancywiththeoriginalstudy.Thediscrepancymaybeattributedto
thelackofdetailsdescribingthepreparatorystepswhichleadtodifferentprocessingand
optimizationroutineschosen.Whenrunforalargerdataset,thescanningwasperformed
underadifferentelevationangle,capturingwakesacrossthehub-heightplane.Because
oflargerdifferencesbetweenthefree-flowandwakevelocities,thealgorithmproduced
anunnaturalwindspeedincreasealongthewakes.Theeffectwasmitigatedbywake
maskingviatheautomaticthresholdingdescribedinPaperV.Acomparisonofthe
retrievedwindspeedtothetimeseriesfromFINO1mastandSCADAdatashowedthat
thewindspeedupstreamoftheturbinetendstotheSCADAdata.Itispossiblethat
theretrievalresulttunestotheinitialguessofthewindspeedanddirection–thisissue
requiresfurtherinvestigation.Amongtheweightsusedduringtheoptimization,only
theweightassignedtotheresidualsaffectsthefinalresultmost.

40Introductiontothepapers

PaperVI:Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfieldsusingFINO1andSCADAdata

Krutova,M.,Bakhoday-Paskyabi,M.,andReuder,J.,Authorea,[preprint](2023)

Objectives

1.Independentlyimplementaproposedmethodforthe2D-VARlidarretrievaland
validateitonalargerdatasetwithanadditionoftheSCADAdata.

2.Explorethemethod’ssensitivitytotheinitialguessandweightsusedintheopti-
mization.

Summary
Scanninglidarsdonotmeasurethewindspeedexplicitlybutonlyitsline-of-sight

projection.Therefore,lidardatahavetobeprocessedinordertoretrievetheoriginal
windspeedvalues.Theexistingmethodsareeitherdevelopedforhomogeneousflows
orrequireacomplexprocessingprocedure.Thewakefieldisnon-homogeneousand
requiresfastprocessingforshort-termforecasting.Tofillthegap,a2D-VARlidar
retrievalmethodwasproposedbyCherukuruetal.(2017).However,themethodwas
onlyvalidatedonaone-daydatasetforhorizontalscansnearthebottomtipwakes.The
setupmadeitimpossibletocompareresultstotheturbine’shub-heightdataandstudy
thealgorithmperformancefordifferentflowconditions.Inthispaper,thealgorithmis
independentlyimplementedandappliedforalargerdatasetthatcoversmorewindspeed
anddirectionpairsandallowscomparisontoSCADAdata.

Mainfindings
Whenverifiedonthesameone-daydataset,theindependentlyreproducedalgorithm

showsasmalldiscrepancywiththeoriginalstudy.Thediscrepancymaybeattributedto
thelackofdetailsdescribingthepreparatorystepswhichleadtodifferentprocessingand
optimizationroutineschosen.Whenrunforalargerdataset,thescanningwasperformed
underadifferentelevationangle,capturingwakesacrossthehub-heightplane.Because
oflargerdifferencesbetweenthefree-flowandwakevelocities,thealgorithmproduced
anunnaturalwindspeedincreasealongthewakes.Theeffectwasmitigatedbywake
maskingviatheautomaticthresholdingdescribedinPaperV.Acomparisonofthe
retrievedwindspeedtothetimeseriesfromFINO1mastandSCADAdatashowedthat
thewindspeedupstreamoftheturbinetendstotheSCADAdata.Itispossiblethat
theretrievalresulttunestotheinitialguessofthewindspeedanddirection–thisissue
requiresfurtherinvestigation.Amongtheweightsusedduringtheoptimization,only
theweightassignedtotheresidualsaffectsthefinalresultmost.

40 Introduction to the papers

Paper VI: Validation of the 2D-VAR lidar retrieval algorithm for non-
homogeneous wind fields using FINO1 and SCADA data

Krutova, M., Bakhoday-Paskyabi, M., and Reuder, J., Authorea, [preprint] (2023)

Objectives

1. Independently implement a proposed method for the 2D-VAR lidar retrieval and
validate it on a larger dataset with an addition of the SCADA data.

2. Explore the method’s sensitivity to the initial guess and weights used in the opti-
mization.

Summary
Scanning lidars do not measure the wind speed explicitly but only its line-of-sight

projection. Therefore, lidar data have to be processed in order to retrieve the original
wind speed values. The existing methods are either developed for homogeneous flows
or require a complex processing procedure. The wake field is non-homogeneous and
requires fast processing for short-term forecasting. To fill the gap, a 2D-VAR lidar
retrieval method was proposed by Cherukuru et al. (2017). However, the method was
only validated on a one-day dataset for horizontal scans near the bottom tip wakes. The
setup made it impossible to compare results to the turbine’s hub-height data and study
the algorithm performance for different flow conditions. In this paper, the algorithm is
independently implemented and applied for a larger dataset that covers more wind speed
and direction pairs and allows comparison to SCADA data.

Main findings
When verified on the same one-day dataset, the independently reproduced algorithm

shows a small discrepancy with the original study. The discrepancy may be attributed to
the lack of details describing the preparatory steps which lead to different processing and
optimization routines chosen. When run for a larger dataset, the scanning was performed
under a different elevation angle, capturing wakes across the hub-height plane. Because
of larger differences between the free-flow and wake velocities, the algorithm produced
an unnatural wind speed increase along the wakes. The effect was mitigated by wake
masking via the automatic thresholding described in Paper V. A comparison of the
retrieved wind speed to the time series from FINO1 mast and SCADA data showed that
the wind speed upstream of the turbine tends to the SCADA data. It is possible that
the retrieval result tunes to the initial guess of the wind speed and direction – this issue
requires further investigation. Among the weights used during the optimization, only
the weight assigned to the residuals affects the final result most.
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5 Conclusions and Outlook

This thesis approached several aspects of studying wind turbine wakes: observation pro-
cessing, analytical and numerical modeling. The multi-scale modeling framework was
established and demonstrated throughout Papers II−IV. Paper II explored the nesting
modes in the chosen LES model and highlighted the problems arising from the two-way
nesting mode. Although this mode should theoretically improve LES accuracy in the
nested area for all simulation domains, it leads to a strong flow slowdown for non-neutral
LES at wind speeds typical for wind energy research (∼ 10m/s). Weak secondary circu-
lation was reported before but for a near-zero wind speed and shear. PALM’s behavior
for higher wind speeds means that the two-way nesting mode is currently unsuitable for
wind turbine simulations; the one-way nesting mode is preferable. Therefore, one-way
nested domains were chosen for the LES part of the multi-scale simulation performed in
Paper III. Several simulations were performed in the preparation of Paper III; one of them
was used for the analytical models fitting to wakes in Paper IV. The analytical models
and coefficient fitting were previously explored in Paper I. The updated framework was
carried over to Paper IV with an addition of another wake model, the super-Gaussian
model, and a code update to account for the wake merging. Paper IV showed promising
results for the super-Gaussian model, which performed comparably before and after the
beginning of the OCC event.

In parallel, a novel method for wake identification and characterization was suggested
in Paper V. Since image processing techniques such as dynamic thresholding are new
to the wake research, the article presented an extensive study on the novel method’s
capabilities. The dynamic thresholding method requires further development to improve
its performance for lidar data. Nevertheless, it was possible to demonstrate a usage
case as a sub-routine in the lidar retrieval algorithm studied in Paper VI. The regarded
retrieval algorithm was proposed by (Cherukuru et al., 2017). The new paper aimed to
validate it on a larger dataset and additional observational data. During the validation,
it was found that the algorithm’s performance declines in the presence of prominent
wind turbine wakes in the scan. The side effect was successfully mitigated by using the
thresholding method from Paper V to identify and mask wakes.

Overall, the research carried out for this thesis settled a base for further study of
wake meandering and transient events.

5.1 Further work

There is always room for improvement of existing and newly developed methods: op-
timizing the algorithm, increasing performance in complex cases, and mitigating errors
and uncertainties.

The slowdown of the flow in the two-way nesting mode is not unique to PALM and
was reported for other LES approaches. When LES were run for Paper II with various
combinations of input parameters, the cause of the slowdown effect was narrowed down
to a few functions responsible for the data exchange between nested domains. Although
the slowdown effect may be not removed completely, it is worth studying whether it can
be mitigated significantly to allow usage of the two-way nesting modes for wind turbine
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simulations.
Paper IV observed a good performance of the super-Gaussian model on describing

merged wakes and reacting to the transient flow. This finding calls for further validation
of the model in other transient events to obtain more data for analysis. The transient
event can be also studied with other simplified models. For example, the curled wake
model was developed with wind farm control strategies in mind (Martínez-Tossas et al.,
2019, 2021), which makes it relevant for an application in a transient event. Considering
that this model was tested in steady conditions, it is still an open question how it would
behave in a transient flow.

During the development of the wake identification method in Paper II and its ap-
plication for the wake masking in Paper VI, it was found that the wake identification
under-performs for the crosswind scans and often cannot separate the full wake from the
free flow. Considering that the wakes are still visible in the crosswind scans, the dynamic
thresholding algorithm requires fine-tuning for such cases. As of now, the algorithm per-
forms best for simulated wakes or lidar scans taken when wind direction approaches the
lidar’s line of sight – both cases also allow using fitting methods to identify a wake. Thus,
the thresholding method does not have a big advantage except that it identifies wake
points directly, which simplifies wake masking. The algorithm tuning may go as far as
replacing the criteria for finding the threshold while leaving the general framework the
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modelwasdevelopedwithwindfarmcontrolstrategiesinmind(Martínez-Tossasetal.,
2019,2021),whichmakesitrelevantforanapplicationinatransientevent.Considering
thatthismodelwastestedinsteadyconditions,itisstillanopenquestionhowitwould
behaveinatransientflow.

DuringthedevelopmentofthewakeidentificationmethodinPaperIIanditsap-
plicationforthewakemaskinginPaperVI,itwasfoundthatthewakeidentification
under-performsforthecrosswindscansandoftencannotseparatethefullwakefromthe
freeflow.Consideringthatthewakesarestillvisibleinthecrosswindscans,thedynamic
thresholdingalgorithmrequiresfine-tuningforsuchcases.Asofnow,thealgorithmper-
formsbestforsimulatedwakesorlidarscanstakenwhenwinddirectionapproachesthe
lidar’slineofsight–bothcasesalsoallowusingfittingmethodstoidentifyawake.Thus,
thethresholdingmethoddoesnothaveabigadvantageexceptthatitidentifieswake
pointsdirectly,whichsimplifieswakemasking.Thealgorithmtuningmaygoasfaras
replacingthecriteriaforfindingthethresholdwhileleavingthegeneralframeworkthe
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same. During the algorithm development, a possibility to separate near and far wake
was found but left aside due to the amount of results already presented in Paper V. The
follow-up paper, if focused not just on the algorithm update, should also demonstrate
new usage cases for wake identification via thresholding.

The validation of the lidar retrieval algorithm left a question of how much is the
final result affected by the initial guess and weights chosen for the optimization function.
Considering that the true velocity is unknown when working with lidar data, the retrieval
algorithm for non-homogeneous fields should be additionally validated on the LES wind
field with a virtual lidar. If the result is too sensitive to the initial guess, new ways of
defining it can be suggested, e.g., by constructing an approximated field based on mast
and SCADA data for the wind speed.
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Abstract. The calculation of the velocity deficit in the wake of individual wind turbines is a
fundamental part of the wind farm analysis. A good approximation of the wake deficit behind
a single wind turbine will improve the power estimation for downwind turbines. Large-eddy
simulation (LES) is a research tool widely used in studying the velocity deficit and turbulence
intensity in the wake. However, the computational cost of the LES prevents its application
in wind farm performance analysis and control. Existing analytical wake models provide a
fast estimation of the velocity deficit and the wake expansion rate downstream from the rotor.
The Gaussian wake models use a Gaussian distribution to improve the prediction of the wake
velocity deficit. With the number of analytical models available, an extensive evaluation of
their performance under different flow parameters is needed. In this work, we simulate a wake
of a single wind turbine using the LES code PALM (Parallelized LES Model) combined with an
actuator disc model with rotation. We compare the computed flow field with the predictions
made by Gaussian models and fit their parameters to obtain the best possible fit for the wake
field data as computed by LES.

1. Introduction
Inside a wind farm, the wind turbines are subjected to the influence of upstream turbines. The
wake, an area with reduced mean velocity and increased turbulence intensity, is formed behind
a working wind turbine due to the extraction of kinetic energy from the flow. Far downstream,
the wake velocity eventually recovers to the free-flow velocity. However, the distances between
wind turbines in a wind farm are usually shorter than needed for the full recovery. Therefore the
wind turbines subjected to a wake operate under reduced wind speed. Since the available wind
power is proportional to the cube of wind speed U3, it is crucial to predict the wake velocity
deficit accurately.

Wake models range from simple analytical expressions to complex Computational Fluid
Dynamic (CFD) codes. One of the latter, the large-eddy simulation (LES), is widely used in
atmospheric boundary layer studies. LES resolves large turbulence scales directly and simulates
subgrid scales and therefore is capable of handling turbulent flows such as wind turbine wakes.
The LES can reproduce wake field characteristics in detail but requires grid resolution fine enough
to resolve all turbulence scales of interest. The high-fidelity LES demands a significant amount
of time and computational resources. Analytical wake models are less demanding but simplify
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Abstract.Thecalculationofthevelocitydeficitinthewakeofindividualwindturbinesisa
fundamentalpartofthewindfarmanalysis.Agoodapproximationofthewakedeficitbehind
asinglewindturbinewillimprovethepowerestimationfordownwindturbines.Large-eddy
simulation(LES)isaresearchtoolwidelyusedinstudyingthevelocitydeficitandturbulence
intensityinthewake.However,thecomputationalcostoftheLESpreventsitsapplication
inwindfarmperformanceanalysisandcontrol.Existinganalyticalwakemodelsprovidea
fastestimationofthevelocitydeficitandthewakeexpansionratedownstreamfromtherotor.
TheGaussianwakemodelsuseaGaussiandistributiontoimprovethepredictionofthewake
velocitydeficit.Withthenumberofanalyticalmodelsavailable,anextensiveevaluationof
theirperformanceunderdifferentflowparametersisneeded.Inthiswork,wesimulateawake
ofasinglewindturbineusingtheLEScodePALM(ParallelizedLESModel)combinedwithan
actuatordiscmodelwithrotation.Wecomparethecomputedflowfieldwiththepredictions
madebyGaussianmodelsandfittheirparameterstoobtainthebestpossiblefitforthewake
fielddataascomputedbyLES.

1.Introduction
Insideawindfarm,thewindturbinesaresubjectedtotheinfluenceofupstreamturbines.The
wake,anareawithreducedmeanvelocityandincreasedturbulenceintensity,isformedbehind
aworkingwindturbineduetotheextractionofkineticenergyfromtheflow.Fardownstream,
thewakevelocityeventuallyrecoverstothefree-flowvelocity.However,thedistancesbetween
windturbinesinawindfarmareusuallyshorterthanneededforthefullrecovery.Thereforethe
windturbinessubjectedtoawakeoperateunderreducedwindspeed.Sincetheavailablewind
powerisproportionaltothecubeofwindspeedU3,itiscrucialtopredictthewakevelocity
deficitaccurately.

WakemodelsrangefromsimpleanalyticalexpressionstocomplexComputationalFluid
Dynamic(CFD)codes.Oneofthelatter,thelarge-eddysimulation(LES),iswidelyusedin
atmosphericboundarylayerstudies.LESresolveslargeturbulencescalesdirectlyandsimulates
subgridscalesandthereforeiscapableofhandlingturbulentflowssuchaswindturbinewakes.
TheLEScanreproducewakefieldcharacteristicsindetailbutrequiresgridresolutionfineenough
toresolveallturbulencescalesofinterest.Thehigh-fidelityLESdemandsasignificantamount
oftimeandcomputationalresources.Analyticalwakemodelsarelessdemandingbutsimplify
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inwindfarmperformanceanalysisandcontrol.Existinganalyticalwakemodelsprovidea
fastestimationofthevelocitydeficitandthewakeexpansionratedownstreamfromtherotor.
TheGaussianwakemodelsuseaGaussiandistributiontoimprovethepredictionofthewake
velocitydeficit.Withthenumberofanalyticalmodelsavailable,anextensiveevaluationof
theirperformanceunderdifferentflowparametersisneeded.Inthiswork,wesimulateawake
ofasinglewindturbineusingtheLEScodePALM(ParallelizedLESModel)combinedwithan
actuatordiscmodelwithrotation.Wecomparethecomputedflowfieldwiththepredictions
madebyGaussianmodelsandfittheirparameterstoobtainthebestpossiblefitforthewake
fielddataascomputedbyLES.

1.Introduction
Insideawindfarm,thewindturbinesaresubjectedtotheinfluenceofupstreamturbines.The
wake,anareawithreducedmeanvelocityandincreasedturbulenceintensity,isformedbehind
aworkingwindturbineduetotheextractionofkineticenergyfromtheflow.Fardownstream,
thewakevelocityeventuallyrecoverstothefree-flowvelocity.However,thedistancesbetween
windturbinesinawindfarmareusuallyshorterthanneededforthefullrecovery.Thereforethe
windturbinessubjectedtoawakeoperateunderreducedwindspeed.Sincetheavailablewind
powerisproportionaltothecubeofwindspeedU3,itiscrucialtopredictthewakevelocity
deficitaccurately.

WakemodelsrangefromsimpleanalyticalexpressionstocomplexComputationalFluid
Dynamic(CFD)codes.Oneofthelatter,thelarge-eddysimulation(LES),iswidelyusedin
atmosphericboundarylayerstudies.LESresolveslargeturbulencescalesdirectlyandsimulates
subgridscalesandthereforeiscapableofhandlingturbulentflowssuchaswindturbinewakes.
TheLEScanreproducewakefieldcharacteristicsindetailbutrequiresgridresolutionfineenough
toresolveallturbulencescalesofinterest.Thehigh-fidelityLESdemandsasignificantamount
oftimeandcomputationalresources.Analyticalwakemodelsarelessdemandingbutsimplify
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the wake shape and wake velocity distribution. The simplest analytical models (Jensen [1],
Frandsen [2]) assume a top-hat distribution of the wake deficit at each cross-section. A recent
development in the analytical wake models, Gaussian models, suggests improving the wake-
deficit distribution estimation by replacing the top-hat distribution with a Gaussian distribution.

In this study, we use the LES code PALM [3] to generate wind turbine wake fields at
U∞ = 10 m/s and 15 m/s. We then assign this data as an input field to four Gaussian models:
Bastankhah & Porté-Agel [4], Jensen-Gaussian [5], Ishihara [6], and Double Gaussian [7] models.
In Section 2, we briefly describe the models, their governing equations, special features, and
select the parameters to fit the simulated wake field data. Section 3 introduces the LES code
PALM and the configuration used to simulate a wind turbine wake under neutral and stable
atmospheric conditions. We evaluate the parameters of Gaussian models by fitting them to
various data slices of the LES wake flow fields. Applying fitted parameters, we compare the
models’ capability to predict the full LES wake and discuss the results in Section 4. We give a
summary of the findings in Section 5.

2. Methodology
To calculate the wake field with an analytical wake model, we use the Cartesian coordinate
system (x, y, z) centered at the foundation of a wind turbine so that the x-axis is aligned with
the wind direction and z-axis is positive upwards.

The analytical wake models describe the wake velocity Uw or the normalized wake velocity
deficit ∆U = 1−Uw/U∞ based on the following characteristics: downstream distance x from the
turbine, wind turbine diameter D, and hub height zh. Besides the wind turbine characteristics,
the wake models also use the thrust coefficient CT and the ambient turbulence intensity Ia
estimated upwind of the rotor plane. Each model has one or more parameters to define the
wake shape and/or expansion rate. The axisymmetric models regarded in this study implicitly
assume that the wake does not interfere with the lower boundary, represented by the land or
sea surface. The effect of vertical shear in the incident wind field is not considered.

2.1. Top-hat analytical models
While the top-hat analytical models are not the focus of this research, their concepts are
borrowed and extended by the Gaussian wake models. Hence we provide a short description of
the Jensen and Frandsen models.

2.1.1. The Jensen model [1] assumes linear expansion of a fully turbulent wake and equal
velocity deficit in the cross-section of the wake (top-hat distribution). The expansion coefficient
k defines the increase of the wake diameter Dw with the downstream distance x as follows

Dw(x) = D + 2kx. (1)

The velocity deficit is calculated as

∆U =
(

1−
√

1− CT
)( D

Dw

)2

. (2)

While several methods to define k are suggested, we use the one that allows linking wake
expansion with ambient turbulence intensity: k ≈ 0.4Ia [8].

2.1.2. The Frandsen model [2] also assumes an equal velocity deficit in the cross-section of
the wake but uses a different approach to calculate the wake diameter.

Dw(x) = D (β + α · x/D)1/2 (3)
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Inthisstudy,weusetheLEScodePALM[3]togeneratewindturbinewakefieldsat
U∞=10m/sand15m/s.WethenassignthisdataasaninputfieldtofourGaussianmodels:
Bastankhah&Port́e-Agel[4],Jensen-Gaussian[5],Ishihara[6],andDoubleGaussian[7]models.
InSection2,webrieflydescribethemodels,theirgoverningequations,specialfeatures,and
selecttheparameterstofitthesimulatedwakefielddata.Section3introducestheLEScode
PALMandtheconfigurationusedtosimulateawindturbinewakeunderneutralandstable
atmosphericconditions.WeevaluatetheparametersofGaussianmodelsbyfittingthemto
variousdataslicesoftheLESwakeflowfields.Applyingfittedparameters,wecomparethe
models’capabilitytopredictthefullLESwakeanddiscusstheresultsinSection4.Wegivea
summaryofthefindingsinSection5.

2.Methodology
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thewinddirectionandz-axisispositiveupwards.

TheanalyticalwakemodelsdescribethewakevelocityUworthenormalizedwakevelocity
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turbine,windturbinediameterD,andhubheightzh.Besidesthewindturbinecharacteristics,
thewakemodelsalsousethethrustcoefficientCTandtheambientturbulenceintensityIa
estimatedupwindoftherotorplane.Eachmodelhasoneormoreparameterstodefinethe
wakeshapeand/orexpansionrate.Theaxisymmetricmodelsregardedinthisstudyimplicitly
assumethatthewakedoesnotinterferewiththelowerboundary,representedbythelandor
seasurface.Theeffectofverticalshearintheincidentwindfieldisnotconsidered.

2.1.Top-hatanalyticalmodels
Whilethetop-hatanalyticalmodelsarenotthefocusofthisresearch,theirconceptsare
borrowedandextendedbytheGaussianwakemodels.Henceweprovideashortdescriptionof
theJensenandFrandsenmodels.

2.1.1.TheJensenmodel[1]assumeslinearexpansionofafullyturbulentwakeandequal
velocitydeficitinthecross-sectionofthewake(top-hatdistribution).Theexpansioncoefficient
kdefinestheincreaseofthewakediameterDwwiththedownstreamdistancexasfollows

Dw(x)=D+2kx.(1)

Thevelocitydeficitiscalculatedas

∆U=
(

1−
√

1−CT
)(D

Dw

)2

.(2)

Whileseveralmethodstodefinekaresuggested,weusetheonethatallowslinkingwake
expansionwithambientturbulenceintensity:k≈0.4Ia[8].

2.1.2.TheFrandsenmodel[2]alsoassumesanequalvelocitydeficitinthecross-sectionof
thewakebutusesadifferentapproachtocalculatethewakediameter.
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Bastankhah&Porté-Agel[4],Jensen-Gaussian[5],Ishihara[6],andDoubleGaussian[7]models.
InSection2,webrieflydescribethemodels,theirgoverningequations,specialfeatures,and
selecttheparameterstofitthesimulatedwakefielddata.Section3introducestheLEScode
PALMandtheconfigurationusedtosimulateawindturbinewakeunderneutralandstable
atmosphericconditions.WeevaluatetheparametersofGaussianmodelsbyfittingthemto
variousdataslicesoftheLESwakeflowfields.Applyingfittedparameters,wecomparethe
models’capabilitytopredictthefullLESwakeanddiscusstheresultsinSection4.Wegivea
summaryofthefindingsinSection5.

2.Methodology
Tocalculatethewakefieldwithananalyticalwakemodel,weusetheCartesiancoordinate
system(x,y,z)centeredatthefoundationofawindturbinesothatthex-axisisalignedwith
thewinddirectionandz-axisispositiveupwards.

TheanalyticalwakemodelsdescribethewakevelocityUworthenormalizedwakevelocity
deficit∆U=1−Uw/U∞basedonthefollowingcharacteristics:downstreamdistancexfromthe
turbine,windturbinediameterD,andhubheightzh.Besidesthewindturbinecharacteristics,
thewakemodelsalsousethethrustcoefficientCTandtheambientturbulenceintensityIa
estimatedupwindoftherotorplane.Eachmodelhasoneormoreparameterstodefinethe
wakeshapeand/orexpansionrate.Theaxisymmetricmodelsregardedinthisstudyimplicitly
assumethatthewakedoesnotinterferewiththelowerboundary,representedbythelandor
seasurface.Theeffectofverticalshearintheincidentwindfieldisnotconsidered.

2.1.Top-hatanalyticalmodels
Whilethetop-hatanalyticalmodelsarenotthefocusofthisresearch,theirconceptsare
borrowedandextendedbytheGaussianwakemodels.Henceweprovideashortdescriptionof
theJensenandFrandsenmodels.

2.1.1.TheJensenmodel[1]assumeslinearexpansionofafullyturbulentwakeandequal
velocitydeficitinthecross-sectionofthewake(top-hatdistribution).Theexpansioncoefficient
kdefinestheincreaseofthewakediameterDwwiththedownstreamdistancexasfollows

Dw(x)=D+2kx.(1)

Thevelocitydeficitiscalculatedas

∆U=
(

1−
√

1−CT
)(D

Dw

)2

.(2)

Whileseveralmethodstodefinekaresuggested,weusetheonethatallowslinkingwake
expansionwithambientturbulenceintensity:k≈0.4Ia[8].

2.1.2.TheFrandsenmodel[2]alsoassumesanequalvelocitydeficitinthecross-sectionof
thewakebutusesadifferentapproachtocalculatethewakediameter.

Dw(x)=D(β+α·x/D)
1/2

(3)

EERA DeepWind'2020

Journal of Physics: Conference Series1669 (2020) 012016

IOP Publishing

doi:10.1088/1742-6596/1669/1/012016

2

thewakeshapeandwakevelocitydistribution.Thesimplestanalyticalmodels(Jensen[1],
Frandsen[2])assumeatop-hatdistributionofthewakedeficitateachcross-section.Arecent
developmentintheanalyticalwakemodels,Gaussianmodels,suggestsimprovingthewake-
deficitdistributionestimationbyreplacingthetop-hatdistributionwithaGaussiandistribution.

Inthisstudy,weusetheLEScodePALM[3]togeneratewindturbinewakefieldsat
U∞=10m/sand15m/s.WethenassignthisdataasaninputfieldtofourGaussianmodels:
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where the induction factor α is determined experimentally or corrected from the wake growth
rate k in the Jensen model. The coefficient β is related to the thrust coefficient CT by

β =
1

2
· 1 +

√
1− CT√

1− CT
. (4)

The wake deficit also depends on CT and is calculated as follows

∆U =
1

2
− 1

2

√
1− 2

(
D

Dw

)2

CT . (5)

2.2. Gaussian wake models
The general form of a Gaussian wake model is given by

∆U = A · F (x,CT , Ia) ·G (r, σ(x)) (6)

where

• ∆U = 1− Uw/U∞ is the normalized wake velocity deficit;

• A is an optional scaling constant;

• F (x,CT , Ia) is an amplitude function which defines the maximum normalized velocity deficit
at the wake centerline;

• G(r, σ(x)) denotes a Gaussian function;

• r2 = y2 + (z − zh)2 is a radial coordinate;

• σ = σ(x) is the standard deviation of a Gaussian function, defining the wake width.

2.2.1. The Bastankhah & Porté-Agel model , further referred to as BPA, exists in several
formulations. In this study, we use the axisymmetric version of the model that includes ambient
turbulence intensity [4].

The BPA model retains the linear expansion of the wake similar to the Jensen model (Eq. (1))
but introduces a different coefficient – the growth rate of the wake k∗ – so that the standard
deviation σ(x) of the Gaussian distribution is

σ

D
= k∗

x

D
+ ε, (7)

where the growth rate of the wake k∗ is a linear function of turbulence intensity [4]:

k∗ = 0.003678 + 0.3837Ia, (8)

and ε can be expressed as ε = 0.2
√
β [9], where β is defined in Eq. (4).

The normalized wake velocity is then given by the BPA model as

∆U =

(
1−

√
1− CT

8(σ/D)2

)
× exp

(
− r2

2σ2

)
. (9)

In our study, we preserve the linear function as k∗ = k∗1 + k∗2Ia where the parameters k∗1 and
k∗2 are to be identified by fitting ∆U to the simulation data.
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Inourstudy,wepreservethelinearfunctionask∗=k∗1+k∗2Iawheretheparametersk∗1and
k∗2aretobeidentifiedbyfitting∆Utothesimulationdata.
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2.2.2. The Jensen-Gaussian model [5] is a modification of the Jensen model.
The wake radius is calculated similarly to the Jensen model (Eq. 1) with the expansion

coefficient k corrected for turbulence intensity:

rx = r1 + kwake(k, CT , Ia)x, (10)

where r1 = rd
√

(1− a)/(1− 2a) is the original rotor radius corrected for the axial induction [5].
Furthermore, the top-hat distribution of the wake deficit is replaced by the Gaussian

distribution to satisfy the following conditions:

(i) 99% of the Gaussian distribution lies within the wake radius rx (Eq. 10), i.e., the
corresponding quantile for the Gaussian distribution is z0.99 = 2.58 from which the standard
deviation should be σ = rx/2.58.

(ii) The wind velocity outside the wake radius rx is set equal to the free stream velocity U∞.

(iii) The model has the same mass flow as the Jensen model.

Applying the above assumptions will lead to the following expression for the normalized wake
velocity deficit:

∆U =

[
1− 5.16√

2π
· U∗

(x, kwake(k, CT , Ia))

]
× exp

(
− r2

2σ2

)
, σ = rx/2.58 (11)

The exact definitions of functions kwake(k, CT , Ia) and U
∗
(x, kwake) are omitted for brevity

and can be found in the original study [5].
As seen from Eq. (10) and (11), the wake expansion coefficient k is included in the Jensen-

Gaussian model through the function kwake. The initial value of k is defined as in the Jensen
model: k = 0.4Ia (Section 2.1.1 and [8]).

2.2.3. The Ishihara model [6] proposes a general expression for the normalized velocity deficit
of the full-wake:

∆U = (a+ b · x/D + p)−2 × exp

(
− r2

2σ2

)
. (12)

The standard deviation σ is defined as in the BPA model Eq. (7). The coefficients k∗ and ε
are calculated from thrust coefficient CT and ambient turbulence intensity Ia as given in [6]:

k∗ = 0.11C1.07
T I0.20a , ε = 0.23C−0.25

T I0.17a . (13)

The coefficients a and b are in turn dependent on k∗ and ε as

a = 4C−0.5
T ε, b = 4C−0.5

T k∗. (14)

The dimensionless coefficient p in Eq. (12) is expressed through another coefficient c as

p =
c

(1 + x/D)2
, c = 0.15C−0.25

T I−0.7
a . (15)

The coefficient p performs a near-wake correction for the amplitude function F (x,CT , Ia)
(Eq. 6). The role of the correction coefficient is detailed further in Section 2.3.

According to Eq. (13) and (15), k∗, ε and c of the Ishihara model are represented as functions
of CT , Ia, and three tunable parameters for each function:

k∗ = k1C
k2
T I

k3
a , ε = ε1C

ε2
T I

ε3
a , c = c1C

c2
T I

c3
a . (16)

Overall, there are nine parameters to be identified: k1, k2, k3, ε1, ε2, ε3, c1, c2 and c3.
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distributiontosatisfythefollowingconditions:

(i)99%oftheGaussiandistributionlieswithinthewakeradiusrx(Eq.10),i.e.,the
correspondingquantilefortheGaussiandistributionisz0.99=2.58fromwhichthestandard
deviationshouldbeσ=rx/2.58.

(ii)ThewindvelocityoutsidethewakeradiusrxissetequaltothefreestreamvelocityU∞.

(iii)ThemodelhasthesamemassflowastheJensenmodel.

Applyingtheaboveassumptionswillleadtothefollowingexpressionforthenormalizedwake
velocitydeficit:
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]
×exp

(
−r2

2σ2

)
,σ=rx/2.58(11)

Theexactdefinitionsoffunctionskwake(k,CT,Ia)andU
∗

(x,kwake)areomittedforbrevity
andcanbefoundintheoriginalstudy[5].

AsseenfromEq.(10)and(11),thewakeexpansioncoefficientkisincludedintheJensen-
Gaussianmodelthroughthefunctionkwake.TheinitialvalueofkisdefinedasintheJensen
model:k=0.4Ia(Section2.1.1and[8]).

2.2.3.TheIshiharamodel[6]proposesageneralexpressionforthenormalizedvelocitydeficit
ofthefull-wake:

∆U=(a+b·x/D+p)−2×exp

(
−r2

2σ2

)
.(12)

ThestandarddeviationσisdefinedasintheBPAmodelEq.(7).Thecoefficientsk∗andε
arecalculatedfromthrustcoefficientCTandambientturbulenceintensityIaasgivenin[6]:

k∗=0.11C1.07
TI0.20 a,ε=0.23C−0.25

TI0.17 a.(13)

Thecoefficientsaandbareinturndependentonk∗andεas

a=4C−0.5
Tε,b=4C−0.5

Tk∗.(14)

ThedimensionlesscoefficientpinEq.(12)isexpressedthroughanothercoefficientcas

p=
c

(1+x/D)2
,c=0.15C−0.25

TI−0.7
a.(15)

Thecoefficientpperformsanear-wakecorrectionfortheamplitudefunctionF(x,CT,Ia)
(Eq.6).TheroleofthecorrectioncoefficientisdetailedfurtherinSection2.3.

AccordingtoEq.(13)and(15),k∗,εandcoftheIshiharamodelarerepresentedasfunctions
ofCT,Ia,andthreetunableparametersforeachfunction:

k∗=k1C
k2
TI

k3
a,ε=ε1C

ε2
TI

ε3
a,c=c1C

c2
TI

c3
a.(16)

Overall,therearenineparameterstobeidentified:k1,k2,k3,ε1,ε2,ε3,c1,c2andc3.
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2.2.4. The Keane Double Gaussian model [7] extends the BPA model’s approach to account
for the two peaks often present in the wake measurements near the wind rotor:

∆U = A · F (σ(x), CT ) ·G(r, σ(x)). (17)

The double Gaussian function G(r, σ(x)) describes the axisymmetric wake as

G(r, σ(x)) =
1

2

(
eW+ + eW−

)
, W± = −(r ± r0)2

2σ2(x)
, (18)

where r0 is the radial position of the extremum of a Gaussian function. For r0 = 0, the function
collapses to a single Gaussian function. For r0 > 0, a double peak appears in a wake profile.
The estimation r0 = 0.75D/2, or 75% of the rotor radius, is suggested by the original study as
a good approximation.

The standard deviation σ characterizes the width of each of the two Gaussian profiles as

σ(x) = k∗x1/3 + ε. (19)

The Double Gaussian model does not include turbulence intensity Ia in the formulation, i.e.,
the amplitude function is expressed only by the standard deviation and the thrust coefficient as

F (σ(x), CT ) =
M −

√
M2 − 1

2NCTD
2

2N
, (20)

where erf is the error function and

τ = r0/σ, (21)

M = 2σ2 exp (−1

2
τ2) +

√
2πr0σ[erf (τ/

√
2)− 1], (22)

N = σ2 exp (−τ2) +
1

2

√
πr0σ[erf (τ)− 1]. (23)

It should be noted that the original form of the Double Gaussian model probably has a typo
in the expressions for M and N (page 3 in [7]). The expressions provided here are corrected
according to the model output under default parameters compared to the original work.

In this study, we choose variables k∗, ε, and A as fitting parameters. Unlike the previous
models, the Double Gaussian model does not have universal parameters. We select two sets of
the original study parameters that correspond to free-flow speeds of 10−12 m/s and 16−18 m/s
(Table 1 in [7], note that ε has to be additionally multiplied by the rotor diameter D).
The selected parameters are used as initial guesses for the U∞ = 10 m/s and U∞ = 15 m/s
simulations, respectively.

2.3. Overview of the Gaussian wake models
The characteristics of the Gaussian wake models are summarized in Table 1. The recommended
parameters provided in the original formulation of each wake model are used as initial guesses for
the fitting function and are further referred to as default parameters. All tunable parameters are
constrained to a specific range to keep the values physically sensible and to avoid curve fitting
failure.

The sample flow fields are calculated with each Gaussian model for the thrust coefficient
CT = 0.763 and turbulence intensity Ia = 6.6%. The normalized velocity deficit distribution at
the hub height zh = 102 m is shown in Fig. 1.
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wherer0istheradialpositionoftheextremumofaGaussianfunction.Forr0=0,thefunction
collapsestoasingleGaussianfunction.Forr0>0,adoublepeakappearsinawakeprofile.
Theestimationr0=0.75D/2,or75%oftherotorradius,issuggestedbytheoriginalstudyas
agoodapproximation.

ThestandarddeviationσcharacterizesthewidthofeachofthetwoGaussianprofilesas
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TheDoubleGaussianmodeldoesnotincludeturbulenceintensityIaintheformulation,i.e.,
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intheexpressionsforMandN(page3in[7]).Theexpressionsprovidedherearecorrected
accordingtothemodeloutputunderdefaultparameterscomparedtotheoriginalwork.

Inthisstudy,wechoosevariablesk∗,ε,andAasfittingparameters.Unliketheprevious
models,theDoubleGaussianmodeldoesnothaveuniversalparameters.Weselecttwosetsof
theoriginalstudyparametersthatcorrespondtofree-flowspeedsof10−12m/sand16−18m/s
(Table1in[7],notethatεhastobeadditionallymultipliedbytherotordiameterD).
TheselectedparametersareusedasinitialguessesfortheU∞=10m/sandU∞=15m/s
simulations,respectively.

2.3.OverviewoftheGaussianwakemodels
ThecharacteristicsoftheGaussianwakemodelsaresummarizedinTable1.Therecommended
parametersprovidedintheoriginalformulationofeachwakemodelareusedasinitialguessesfor
thefittingfunctionandarefurtherreferredtoasdefaultparameters.Alltunableparametersare
constrainedtoaspecificrangetokeepthevaluesphysicallysensibleandtoavoidcurvefitting
failure.

ThesampleflowfieldsarecalculatedwitheachGaussianmodelforthethrustcoefficient
CT=0.763andturbulenceintensityIa=6.6%.Thenormalizedvelocitydeficitdistributionat
thehubheightzh=102misshowninFig.1.
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Table 1. Gaussian wake models.

Model # of parameters Recommended values Ia included

BPA (Ia) 2 k∗1 = 0.003678, k∗2 = 0.3837 Yes
Ishihara 9 Yes, see Eq. (13), (15) Yes
Jensen Gaussian 1 k = 0.4Ia Yes
Double Gaussian 3 N/A No
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Figure 1. The normalized wake velocity deficit in a horizontal section at the hub height,
calculated using Gaussian models with default parameters for CT = 0.763, Ia = 6.6%. (a) BPA,
(b) Jensen-Gaussian, (c) Ishihara, (d) Double Gaussian

The BPA model (Fig. 1a) predicts a slowly expanding wake for the selected conditions.
However, the BPA model cannot resolve a wake for x/D ≤ 2 and high thrust coefficient because

of the negative value under the square root
√

1− CT

8(σ/D)2
. Nevertheless, the unresolved region

is not a critical flaw of the model, since the main interest is predicting wake influence on the
downwind turbines.

The Jensen-Gaussian model (Fig. 1b) predicts a short near-wake. Without a comparison to
a reference wake field, it is difficult to determine whether the initial guess of k = 0.4Ia is correct
or should be approximated better. Yet, it is possible to say that the Jensen-Gaussian model
is rather sensitive to its only tunable parameter k. Decreasing k brings the wake growth rate
closer to linear and delays wake recovery. Judging from the wake shape, it may be expected
that the Jensen-Gaussian and the BPA models can give similar predictions as the parameters
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isnotacriticalflawofthemodel,sincethemaininterestispredictingwakeinfluenceonthe
downwindturbines.

TheJensen-Gaussianmodel(Fig.1b)predictsashortnear-wake.Withoutacomparisonto
areferencewakefield,itisdifficulttodeterminewhethertheinitialguessofk=0.4Iaiscorrect
orshouldbeapproximatedbetter.Yet,itispossibletosaythattheJensen-Gaussianmodel
israthersensitivetoitsonlytunableparameterk.Decreasingkbringsthewakegrowthrate
closertolinearanddelayswakerecovery.Judgingfromthewakeshape,itmaybeexpected
thattheJensen-GaussianandtheBPAmodelscangivesimilarpredictionsastheparameters
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k, and k∗1 and k∗2 are adjusted accordingly.
The Ishihara model (Fig. 1c) places a region of the high velocity deficit at x/D ≈ 1. At

the same time, the near-wake is narrower than predicted by other models. The far-wake grows
slightly faster than in the BPA and Jensen-Gaussian models for the same conditions.

As follows from Eq. (12) the Gaussian function of the Ishihara model does not affect the
velocity deficit at the centerline r = 0. Therefore, we can review the influence of the correction
coefficient p on the centerline velocity deficit. An example amplitude function at the centerline
is plotted in Fig. 2. Since p is inverse proportional to the normalized downstream distance x/D,
the correction effect decreases with an increase of the downstream distance. As shown in Fig. 2,
the coefficient p has a strong influence at the downstream distance x/D ≤ 2. For x/D →∞, the
value of p becomes negligible; the amplitude function with and without the correction coincide.

If no correction coefficient is present for the near-wake, i.e., p = 0 (c = 0) regardless of
the downstream distance, the velocity deficit may exceed 1 near the center of the rotor. The
velocity deficit ∆U > 1 corresponds to Uw/U∞ < 0, or the wake velocity Uw < 0, i.e., reverse
flow. Therefore, the coefficients p and c must be positive to avoid non-physical values of the
velocity deficit in the near-wake.
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Figure 2. The effect of the near-wake correction on the amplitude function of the Ishihara
model, calculated for NBL U∞ = 10 m/s, CT = 0.763, Ia = 6.6%.
—— amplitude function with a correction, - - - - amplitude function without a correction,
· · · · · · correction coefficient p.

The Double Gaussian model (Fig. 1d) stands out by predicting significantly larger wake width
compared to other models. The parameter k∗ of the Double Gaussian model affects the width
of each of the Gaussian distributions. Decreasing k∗ reduces the overall width of the wake but
delays merging of the two profiles. Other parameters of the Double Gaussian model provide
little effect on the predicted wake width.

3. PALM LES
3.1. Model description
PALM is an open-source Fortran LES code developed at the University of Hanover and capable
of simulating turbulent atmospheric processes. The wind turbine simulation is performed using
a supplementary module written by the research group from the University of Oldenburg. The
module implements an actuator disk model with rotation (ADM-R) to simulate a wind turbine
rotor [10]. The model is based on the concept suggested by Wu and Porté-Agel [11]. The
original actuator disk model without a rotation (ADM) assumes a uniform distribution of the
thrust force across the disc and does not consider the effect of turbine-induced rotation. ADM-R

EERA DeepWind'2020

Journal of Physics: Conference Series1669 (2020) 012016

IOP Publishing

doi:10.1088/1742-6596/1669/1/012016

7

k,andk∗1andk∗2areadjustedaccordingly.
TheIshiharamodel(Fig.1c)placesaregionofthehighvelocitydeficitatx/D≈1.At

thesametime,thenear-wakeisnarrowerthanpredictedbyothermodels.Thefar-wakegrows
slightlyfasterthanintheBPAandJensen-Gaussianmodelsforthesameconditions.

AsfollowsfromEq.(12)theGaussianfunctionoftheIshiharamodeldoesnotaffectthe
velocitydeficitatthecenterliner=0.Therefore,wecanreviewtheinfluenceofthecorrection
coefficientponthecenterlinevelocitydeficit.Anexampleamplitudefunctionatthecenterline
isplottedinFig.2.Sincepisinverseproportionaltothenormalizeddownstreamdistancex/D,
thecorrectioneffectdecreaseswithanincreaseofthedownstreamdistance.AsshowninFig.2,
thecoefficientphasastronginfluenceatthedownstreamdistancex/D≤2.Forx/D→∞,the
valueofpbecomesnegligible;theamplitudefunctionwithandwithoutthecorrectioncoincide.

Ifnocorrectioncoefficientispresentforthenear-wake,i.e.,p=0(c=0)regardlessof
thedownstreamdistance,thevelocitydeficitmayexceed1nearthecenteroftherotor.The
velocitydeficit∆U>1correspondstoUw/U∞<0,orthewakevelocityUw<0,i.e.,reverse
flow.Therefore,thecoefficientspandcmustbepositivetoavoidnon-physicalvaluesofthe
velocitydeficitinthenear-wake.
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TheDoubleGaussianmodel(Fig.1d)standsoutbypredictingsignificantlylargerwakewidth
comparedtoothermodels.Theparameterk∗oftheDoubleGaussianmodelaffectsthewidth
ofeachoftheGaussiandistributions.Decreasingk∗reducestheoverallwidthofthewakebut
delaysmergingofthetwoprofiles.OtherparametersoftheDoubleGaussianmodelprovide
littleeffectonthepredictedwakewidth.

3.PALMLES
3.1.Modeldescription
PALMisanopen-sourceFortranLEScodedevelopedattheUniversityofHanoverandcapable
ofsimulatingturbulentatmosphericprocesses.Thewindturbinesimulationisperformedusing
asupplementarymodulewrittenbytheresearchgroupfromtheUniversityofOldenburg.The
moduleimplementsanactuatordiskmodelwithrotation(ADM-R)tosimulateawindturbine
rotor[10].ThemodelisbasedontheconceptsuggestedbyWuandPort́e-Agel[11].The
originalactuatordiskmodelwithoutarotation(ADM)assumesauniformdistributionofthe
thrustforceacrossthediscanddoesnotconsidertheeffectofturbine-inducedrotation.ADM-R
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k, and k∗
1 and k∗

2 are adjusted accordingly.
The Ishihara model (Fig. 1c) places a region of the high velocity deficit at x/D ≈ 1. At

the same time, the near-wake is narrower than predicted by other models. The far-wake grows
slightly faster than in the BPA and Jensen-Gaussian models for the same conditions.

As follows from Eq. (12) the Gaussian function of the Ishihara model does not affect the
velocity deficit at the centerline r = 0. Therefore, we can review the influence of the correction
coefficient p on the centerline velocity deficit. An example amplitude function at the centerline
is plotted in Fig. 2. Since p is inverse proportional to the normalized downstream distance x/D,
the correction effect decreases with an increase of the downstream distance. As shown in Fig. 2,
the coefficient p has a strong influence at the downstream distance x/D ≤ 2. For x/D →∞, the
value of p becomes negligible; the amplitude function with and without the correction coincide.

If no correction coefficient is present for the near-wake, i.e., p = 0 (c = 0) regardless of
the downstream distance, the velocity deficit may exceed 1 near the center of the rotor. The
velocity deficit ∆U > 1 corresponds to Uw/U∞ < 0, or the wake velocity Uw < 0, i.e., reverse
flow. Therefore, the coefficients p and c must be positive to avoid non-physical values of the
velocity deficit in the near-wake.
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Figure 2. The effect of the near-wake correction on the amplitude function of the Ishihara
model, calculated for NBL U∞ = 10 m/s, CT = 0.763, Ia = 6.6%.
—— amplitude function with a correction, - - - - amplitude function without a correction,
· · · · · · correction coefficient p.

The Double Gaussian model (Fig. 1d) stands out by predicting significantly larger wake width
compared to other models. The parameter k∗ of the Double Gaussian model affects the width
of each of the Gaussian distributions. Decreasing k∗ reduces the overall width of the wake but
delays merging of the two profiles. Other parameters of the Double Gaussian model provide
little effect on the predicted wake width.
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The Double Gaussian model (Fig. 1d) stands out by predicting significantly larger wake width
compared to other models. The parameter k∗ of the Double Gaussian model affects the width
of each of the Gaussian distributions. Decreasing k∗ reduces the overall width of the wake but
delays merging of the two profiles. Other parameters of the Double Gaussian model provide
little effect on the predicted wake width.

3. PALM LES
3.1. Model description
PALM is an open-source Fortran LES code developed at the University of Hanover and capable
of simulating turbulent atmospheric processes. The wind turbine simulation is performed using
a supplementary module written by the research group from the University of Oldenburg. The
module implements an actuator disk model with rotation (ADM-R) to simulate a wind turbine
rotor [10]. The model is based on the concept suggested by Wu and Porté-Agel [11]. The
original actuator disk model without a rotation (ADM) assumes a uniform distribution of the
thrust force across the disc and does not consider the effect of turbine-induced rotation. ADM-R
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thesametime,thenear-wakeisnarrowerthanpredictedbyothermodels.Thefar-wakegrows
slightlyfasterthanintheBPAandJensen-Gaussianmodelsforthesameconditions.

AsfollowsfromEq.(12)theGaussianfunctionoftheIshiharamodeldoesnotaffectthe
velocitydeficitatthecenterliner=0.Therefore,wecanreviewtheinfluenceofthecorrection
coefficientponthecenterlinevelocitydeficit.Anexampleamplitudefunctionatthecenterline
isplottedinFig.2.Sincepisinverseproportionaltothenormalizeddownstreamdistancex/D,
thecorrectioneffectdecreaseswithanincreaseofthedownstreamdistance.AsshowninFig.2,
thecoefficientphasastronginfluenceatthedownstreamdistancex/D≤2.Forx/D→∞,the
valueofpbecomesnegligible;theamplitudefunctionwithandwithoutthecorrectioncoincide.

Ifnocorrectioncoefficientispresentforthenear-wake,i.e.,p=0(c=0)regardlessof
thedownstreamdistance,thevelocitydeficitmayexceed1nearthecenteroftherotor.The
velocitydeficit∆U>1correspondstoUw/U∞<0,orthewakevelocityUw<0,i.e.,reverse
flow.Therefore,thecoefficientspandcmustbepositivetoavoidnon-physicalvaluesofthe
velocitydeficitinthenear-wake.
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TheDoubleGaussianmodel(Fig.1d)standsoutbypredictingsignificantlylargerwakewidth
comparedtoothermodels.Theparameterk∗oftheDoubleGaussianmodelaffectsthewidth
ofeachoftheGaussiandistributions.Decreasingk∗reducestheoverallwidthofthewakebut
delaysmergingofthetwoprofiles.OtherparametersoftheDoubleGaussianmodelprovide
littleeffectonthepredictedwakewidth.

3.PALMLES
3.1.Modeldescription
PALMisanopen-sourceFortranLEScodedevelopedattheUniversityofHanoverandcapable
ofsimulatingturbulentatmosphericprocesses.Thewindturbinesimulationisperformedusing
asupplementarymodulewrittenbytheresearchgroupfromtheUniversityofOldenburg.The
moduleimplementsanactuatordiskmodelwithrotation(ADM-R)tosimulateawindturbine
rotor[10].ThemodelisbasedontheconceptsuggestedbyWuandPorté-Agel[11].The
originalactuatordiskmodelwithoutarotation(ADM)assumesauniformdistributionofthe
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TheDoubleGaussianmodel(Fig.1d)standsoutbypredictingsignificantlylargerwakewidth
comparedtoothermodels.Theparameterk∗oftheDoubleGaussianmodelaffectsthewidth
ofeachoftheGaussiandistributions.Decreasingk∗reducestheoverallwidthofthewakebut
delaysmergingofthetwoprofiles.OtherparametersoftheDoubleGaussianmodelprovide
littleeffectonthepredictedwakewidth.

3.PALMLES
3.1.Modeldescription
PALMisanopen-sourceFortranLEScodedevelopedattheUniversityofHanoverandcapable
ofsimulatingturbulentatmosphericprocesses.Thewindturbinesimulationisperformedusing
asupplementarymodulewrittenbytheresearchgroupfromtheUniversityofOldenburg.The
moduleimplementsanactuatordiskmodelwithrotation(ADM-R)tosimulateawindturbine
rotor[10].ThemodelisbasedontheconceptsuggestedbyWuandPorté-Agel[11].The
originalactuatordiskmodelwithoutarotation(ADM)assumesauniformdistributionofthe
thrustforceacrossthediscanddoesnotconsidertheeffectofturbine-inducedrotation.ADM-R
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includes rotation into the model to improve the predictions. In ADM-R, the actuator disc is
first split into annular areas. The lift and drag forces in each area are calculated using the blade
element momentum theory. Each blade element assumes a 2D airfoil of the corresponding blade
section. As shown in [11], ADM-R improves the agreement with wind tunnel measurements
compared to ADM, especially in the near-wake. Additionally, ADM-R performs comparably to
a more complex actuator line model (ALM) [12]. The effect of the nacelle and the wind tower
effect can be taken into account through the drag coefficients.

Comparisons with FINO1 lidar measurements [13][14] confirmed that ADM-R captures the
features of a near-wake rather well and has a reasonable agreement on the width and velocity
deficit value in the far-wake. For the full description of the current wind turbine model
implementation, we refer to Section 3.7 of the PALM overview [3].

3.2. LES configuration
LES are carried out in PALM for a single NREL 5 MW wind turbine [15] with a diameter of
D = 126 m and horizontal wind speed of U∞ = 10 m/s (near rated) and 15 m/s (above rated) at
the hub height zh = 102 m. Two stability conditions are simulated for each wind speed: neutral
boundary layer (NBL) and stable boundary layer (SBL). Offshore conditions are assumed by
a roughness length of z0 = 0.0005 m for all cases. The domain size and the grid resolution
∆ are chosen in accordance with the existing PALM simulations of wind turbines for different
atmospheric stabilities [16].

Each simulation consists of two stages: the precursor run to let the turbulence develop, and
the main run using the precursor run as an input for the larger domain with one wind turbine
(Table 2). The grid cell is stretched vertically to reduce the number of cells in the z-direction.
The stretching factor of 1.04 is applied after reaching the height hz above the surface. The
maximum possible height of a grid cell is capped with a value twice of the original resolution ∆.
The height of the boundary layer in each stability case remains lower than hz.

The geostrophic wind velocity is one of the initialization parameters for LES. Since the
simulations are performed at the latitude 54◦N, a correction is introduced for the geostrophic
wind components Ug and Vg to compensate for the Coriolis effect and obtain the required
horizontal free-flow wind speed U∞ at the hub height. The corrections depend on the stability
conditions and are listed in Table 3. The lateral velocity of the free-flow at the hub height
stays within V∞ < 0.05 m/s and may cause a small deflection of the wake. An additional NBL
simulation for U∞ = 10 m/s is performed on a ∆ = 4 m grid to reduce deflection. Furthermore,
the LES of NBL U∞ = 10 m/s implies the simulation on a finer grid (∆ = 4 m), while the LES
of NBL U∞ = 15 m/s is still performed on a coarser grid (∆ = 6 m).

Table 2. Domain size.

Case ∆, m Precursor run, points Main run, points hz

Stable 4 384× 384× 160 1792× 384× 160 500 m
Neutral 4 576× 576× 160 2304× 576× 160 500 m
Neutral 6 384× 384× 192 1536× 384× 192 800 m

All precursor runs start with the surface temperature of Ts = 277 K and the vertical
temperature gradient 1 K/m. For the simulation of the stable conditions, the surface is cooled
down at a constant rate. The cooling rate is chosen in a way to avoid low-level jets in the upper
part of the rotor disk, as they are not a focus of this study. The cooling rate is listed in Table 3
along with other parameters specific to each run.
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includesrotationintothemodeltoimprovethepredictions.InADM-R,theactuatordiscis
firstsplitintoannularareas.Theliftanddragforcesineachareaarecalculatedusingtheblade
elementmomentumtheory.Eachbladeelementassumesa2Dairfoilofthecorrespondingblade
section.Asshownin[11],ADM-Rimprovestheagreementwithwindtunnelmeasurements
comparedtoADM,especiallyinthenear-wake.Additionally,ADM-Rperformscomparablyto
amorecomplexactuatorlinemodel(ALM)[12].Theeffectofthenacelleandthewindtower
effectcanbetakenintoaccountthroughthedragcoefficients.

ComparisonswithFINO1lidarmeasurements[13][14]confirmedthatADM-Rcapturesthe
featuresofanear-wakeratherwellandhasareasonableagreementonthewidthandvelocity
deficitvalueinthefar-wake.Forthefulldescriptionofthecurrentwindturbinemodel
implementation,werefertoSection3.7ofthePALMoverview[3].

3.2.LESconfiguration
LESarecarriedoutinPALMforasingleNREL5MWwindturbine[15]withadiameterof
D=126mandhorizontalwindspeedofU∞=10m/s(nearrated)and15m/s(aboverated)at
thehubheightzh=102m.Twostabilityconditionsaresimulatedforeachwindspeed:neutral
boundarylayer(NBL)andstableboundarylayer(SBL).Offshoreconditionsareassumedby
aroughnesslengthofz0=0.0005mforallcases.Thedomainsizeandthegridresolution
∆arechoseninaccordancewiththeexistingPALMsimulationsofwindturbinesfordifferent
atmosphericstabilities[16].

Eachsimulationconsistsoftwostages:theprecursorruntolettheturbulencedevelop,and
themainrunusingtheprecursorrunasaninputforthelargerdomainwithonewindturbine
(Table2).Thegridcellisstretchedverticallytoreducethenumberofcellsinthez-direction.
Thestretchingfactorof1.04isappliedafterreachingtheheighthzabovethesurface.The
maximumpossibleheightofagridcelliscappedwithavaluetwiceoftheoriginalresolution∆.
Theheightoftheboundarylayerineachstabilitycaseremainslowerthanhz.

ThegeostrophicwindvelocityisoneoftheinitializationparametersforLES.Sincethe
simulationsareperformedatthelatitude54◦N,acorrectionisintroducedforthegeostrophic
windcomponentsUgandVgtocompensatefortheCorioliseffectandobtaintherequired
horizontalfree-flowwindspeedU∞atthehubheight.Thecorrectionsdependonthestability
conditionsandarelistedinTable3.Thelateralvelocityofthefree-flowatthehubheight
stayswithinV∞<0.05m/sandmaycauseasmalldeflectionofthewake.AnadditionalNBL
simulationforU∞=10m/sisperformedona∆=4mgridtoreducedeflection.Furthermore,
theLESofNBLU∞=10m/simpliesthesimulationonafinergrid(∆=4m),whiletheLES
ofNBLU∞=15m/sisstillperformedonacoarsergrid(∆=6m).

Table2.Domainsize.

Case∆,mPrecursorrun,pointsMainrun,pointshz

Stable4384×384×1601792×384×160500m
Neutral4576×576×1602304×576×160500m
Neutral6384×384×1921536×384×192800m

AllprecursorrunsstartwiththesurfacetemperatureofTs=277Kandthevertical
temperaturegradient1K/m.Forthesimulationofthestableconditions,thesurfaceiscooled
downataconstantrate.Thecoolingrateischoseninawaytoavoidlow-leveljetsintheupper
partoftherotordisk,astheyarenotafocusofthisstudy.ThecoolingrateislistedinTable3
alongwithotherparametersspecifictoeachrun.
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includes rotation into the model to improve the predictions. In ADM-R, the actuator disc is
first split into annular areas. The lift and drag forces in each area are calculated using the blade
element momentum theory. Each blade element assumes a 2D airfoil of the corresponding blade
section. As shown in [11], ADM-R improves the agreement with wind tunnel measurements
compared to ADM, especially in the near-wake. Additionally, ADM-R performs comparably to
a more complex actuator line model (ALM) [12]. The effect of the nacelle and the wind tower
effect can be taken into account through the drag coefficients.

Comparisons with FINO1 lidar measurements [13][14] confirmed that ADM-R captures the
features of a near-wake rather well and has a reasonable agreement on the width and velocity
deficit value in the far-wake. For the full description of the current wind turbine model
implementation, we refer to Section 3.7 of the PALM overview [3].

3.2. LES configuration
LES are carried out in PALM for a single NREL 5 MW wind turbine [15] with a diameter of
D = 126 m and horizontal wind speed of U∞ = 10 m/s (near rated) and 15 m/s (above rated) at
the hub height zh = 102 m. Two stability conditions are simulated for each wind speed: neutral
boundary layer (NBL) and stable boundary layer (SBL). Offshore conditions are assumed by
a roughness length of z0 = 0.0005 m for all cases. The domain size and the grid resolution
∆ are chosen in accordance with the existing PALM simulations of wind turbines for different
atmospheric stabilities [16].

Each simulation consists of two stages: the precursor run to let the turbulence develop, and
the main run using the precursor run as an input for the larger domain with one wind turbine
(Table 2). The grid cell is stretched vertically to reduce the number of cells in the z-direction.
The stretching factor of 1.04 is applied after reaching the height hz above the surface. The
maximum possible height of a grid cell is capped with a value twice of the original resolution ∆.
The height of the boundary layer in each stability case remains lower than hz.

The geostrophic wind velocity is one of the initialization parameters for LES. Since the
simulations are performed at the latitude 54◦N, a correction is introduced for the geostrophic
wind components Ug and Vg to compensate for the Coriolis effect and obtain the required
horizontal free-flow wind speed U∞ at the hub height. The corrections depend on the stability
conditions and are listed in Table 3. The lateral velocity of the free-flow at the hub height
stays within V∞ < 0.05 m/s and may cause a small deflection of the wake. An additional NBL
simulation for U∞ = 10 m/s is performed on a ∆ = 4 m grid to reduce deflection. Furthermore,
the LES of NBL U∞ = 10 m/s implies the simulation on a finer grid (∆ = 4 m), while the LES
of NBL U∞ = 15 m/s is still performed on a coarser grid (∆ = 6 m).

Table 2. Domain size.

Case ∆, m Precursor run, points Main run, points hz

Stable 4 384× 384× 160 1792× 384× 160 500 m
Neutral 4 576× 576× 160 2304× 576× 160 500 m
Neutral 6 384× 384× 192 1536× 384× 192 800 m

All precursor runs start with the surface temperature of Ts = 277 K and the vertical
temperature gradient 1 K/m. For the simulation of the stable conditions, the surface is cooled
down at a constant rate. The cooling rate is chosen in a way to avoid low-level jets in the upper
part of the rotor disk, as they are not a focus of this study. The cooling rate is listed in Table 3
along with other parameters specific to each run.
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includesrotationintothemodeltoimprovethepredictions.InADM-R,theactuatordiscis
firstsplitintoannularareas.Theliftanddragforcesineachareaarecalculatedusingtheblade
elementmomentumtheory.Eachbladeelementassumesa2Dairfoilofthecorrespondingblade
section.Asshownin[11],ADM-Rimprovestheagreementwithwindtunnelmeasurements
comparedtoADM,especiallyinthenear-wake.Additionally,ADM-Rperformscomparablyto
amorecomplexactuatorlinemodel(ALM)[12].Theeffectofthenacelleandthewindtower
effectcanbetakenintoaccountthroughthedragcoefficients.

ComparisonswithFINO1lidarmeasurements[13][14]confirmedthatADM-Rcapturesthe
featuresofanear-wakeratherwellandhasareasonableagreementonthewidthandvelocity
deficitvalueinthefar-wake.Forthefulldescriptionofthecurrentwindturbinemodel
implementation,werefertoSection3.7ofthePALMoverview[3].

3.2.LESconfiguration
LESarecarriedoutinPALMforasingleNREL5MWwindturbine[15]withadiameterof
D=126mandhorizontalwindspeedofU∞=10m/s(nearrated)and15m/s(aboverated)at
thehubheightzh=102m.Twostabilityconditionsaresimulatedforeachwindspeed:neutral
boundarylayer(NBL)andstableboundarylayer(SBL).Offshoreconditionsareassumedby
aroughnesslengthofz0=0.0005mforallcases.Thedomainsizeandthegridresolution
∆arechoseninaccordancewiththeexistingPALMsimulationsofwindturbinesfordifferent
atmosphericstabilities[16].

Eachsimulationconsistsoftwostages:theprecursorruntolettheturbulencedevelop,and
themainrunusingtheprecursorrunasaninputforthelargerdomainwithonewindturbine
(Table2).Thegridcellisstretchedverticallytoreducethenumberofcellsinthez-direction.
Thestretchingfactorof1.04isappliedafterreachingtheheighthzabovethesurface.The
maximumpossibleheightofagridcelliscappedwithavaluetwiceoftheoriginalresolution∆.
Theheightoftheboundarylayerineachstabilitycaseremainslowerthanhz.

ThegeostrophicwindvelocityisoneoftheinitializationparametersforLES.Sincethe
simulationsareperformedatthelatitude54◦N,acorrectionisintroducedforthegeostrophic
windcomponentsUgandVgtocompensatefortheCorioliseffectandobtaintherequired
horizontalfree-flowwindspeedU∞atthehubheight.Thecorrectionsdependonthestability
conditionsandarelistedinTable3.Thelateralvelocityofthefree-flowatthehubheight
stayswithinV∞<0.05m/sandmaycauseasmalldeflectionofthewake.AnadditionalNBL
simulationforU∞=10m/sisperformedona∆=4mgridtoreducedeflection.Furthermore,
theLESofNBLU∞=10m/simpliesthesimulationonafinergrid(∆=4m),whiletheLES
ofNBLU∞=15m/sisstillperformedonacoarsergrid(∆=6m).

Table2.Domainsize.

Case∆,mPrecursorrun,pointsMainrun,pointshz

Stable4384×384×1601792×384×160500m
Neutral4576×576×1602304×576×160500m
Neutral6384×384×1921536×384×192800m

AllprecursorrunsstartwiththesurfacetemperatureofTs=277Kandthevertical
temperaturegradient1K/m.Forthesimulationofthestableconditions,thesurfaceiscooled
downataconstantrate.Thecoolingrateischoseninawaytoavoidlow-leveljetsintheupper
partoftherotordisk,astheyarenotafocusofthisstudy.ThecoolingrateislistedinTable3
alongwithotherparametersspecifictoeachrun.
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Eachsimulationconsistsoftwostages:theprecursorruntolettheturbulencedevelop,and
themainrunusingtheprecursorrunasaninputforthelargerdomainwithonewindturbine
(Table2).Thegridcellisstretchedverticallytoreducethenumberofcellsinthez-direction.
Thestretchingfactorof1.04isappliedafterreachingtheheighthzabovethesurface.The
maximumpossibleheightofagridcelliscappedwithavaluetwiceoftheoriginalresolution∆.
Theheightoftheboundarylayerineachstabilitycaseremainslowerthanhz.

ThegeostrophicwindvelocityisoneoftheinitializationparametersforLES.Sincethe
simulationsareperformedatthelatitude54◦N,acorrectionisintroducedforthegeostrophic
windcomponentsUgandVgtocompensatefortheCorioliseffectandobtaintherequired
horizontalfree-flowwindspeedU∞atthehubheight.Thecorrectionsdependonthestability
conditionsandarelistedinTable3.Thelateralvelocityofthefree-flowatthehubheight
stayswithinV∞<0.05m/sandmaycauseasmalldeflectionofthewake.AnadditionalNBL
simulationforU∞=10m/sisperformedona∆=4mgridtoreducedeflection.Furthermore,
theLESofNBLU∞=10m/simpliesthesimulationonafinergrid(∆=4m),whiletheLES
ofNBLU∞=15m/sisstillperformedonacoarsergrid(∆=6m).

Table2.Domainsize.

Case∆,mPrecursorrun,pointsMainrun,pointshz

Stable4384×384×1601792×384×160500m
Neutral4576×576×1602304×576×160500m
Neutral6384×384×1921536×384×192800m

AllprecursorrunsstartwiththesurfacetemperatureofTs=277Kandthevertical
temperaturegradient1K/m.Forthesimulationofthestableconditions,thesurfaceiscooled
downataconstantrate.Thecoolingrateischoseninawaytoavoidlow-leveljetsintheupper
partoftherotordisk,astheyarenotafocusofthisstudy.ThecoolingrateislistedinTable3
alongwithotherparametersspecifictoeachrun.
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Table 3. Initialization parameters for LES.

Case U∞, m/s Ug, m/s Vg, m/s surface cooling rate, K/h

Neutral (∆ = 4 m) 10 10.544 -2.614 -
Neutral (∆ = 6 m) 10 10.539 -2.590 -
Neutral (∆ = 6 m) 15 16.412 -4.130 -
Stable 10 10.584 -3.530 0.15
Stable 15 16.034 -5.769 0.25

Each precursor run takes approximately 5 days (NBL) or 30 hours (SBL) of simulation time
to reach the steady-state representation of the flow field. The main run uses the temperature
gradient and the velocity profile from the precursor run as starting values.

3.3. Comparison of analytical models with LES
In this study, we fit the analytical wake models using the least-squares to the 10-minute average
of normalized wake deficit ∆U , which is calculated from PALM LES data. We consider the
following data slices:

(i) cross-section profiles : the analytical models are fitted to profiles at x/D = 1, 2, ..., 10 in the
xy-plane at hub height;

(ii) vertical profiles : the analytical models are fitted to profiles at x/D = 1, 2, ..., 10 in the
xz-plane passing through the rotor center;

(iii) centerline: the analytical models are fitted to the velocity deficit at the centerline, starting
from x/D = 0, 1 and 4 for comparison;

(iv) xy-plane at hub height: fitting to two-dimensional data is expected to provide higher
accuracy and is used to evaluate the profile fits.

A sub-domain of length 20D and square cross-section 1.5× 1.5D centered at the wind rotor
center is cut from the LES data for fitting with the Gaussian wake models. A coarse detection
of wake shape is performed for the LES data to exclude occasional velocity fluctuations in the
free-flow from the fitting process. We consider that a point belongs to the wake if the velocity
at the point is lower than free-flow velocity by at least 2.5%, i.e., ∆U < 0.025.

4. Results
Based on the LES for NBL conditions at U∞ = 10 m/s and Ia = 6.6% (Fig. 3a) we define three
regions inside a wake: the near-wake (x/D ≤ 4) where the wake deficit distribution is most
complex, the middle wake (4 < x/D ≤ 7), and the far-wake (x/D > 7) where the wake speed is
recovering to the free-flow speed.

As seen from Fig. 3, the double peak in the near-wake velocity deficit is prominent for
U∞ = 10 m/s. In the case of higher free-flow velocity, U∞ = 15 m/s, the velocity deficit
distribution is closer to a single Gaussian throughout the wake. The wake deficit is slightly
higher for SBL conditions than for NBL conditions at the same downstream distances. Overall,
the stability conditions affect the wake shape less than the free-flow velocity magnitude. A small
wake deflection may be observed, due to the free-flow not perfectly aligned with the x-axis after
the Coriolis force correction is applied.

The thrust coefficient and the turbulence intensity calculated in each case are provided in
Table 4. The thrust coefficient for NBL conditions at U∞ = 10 m/s varies with grid cell size
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Table3.InitializationparametersforLES.

CaseU∞,m/sUg,m/sVg,m/ssurfacecoolingrate,K/h

Neutral(∆=4m)1010.544-2.614-
Neutral(∆=6m)1010.539-2.590-
Neutral(∆=6m)1516.412-4.130-
Stable1010.584-3.5300.15
Stable1516.034-5.7690.25

Eachprecursorruntakesapproximately5days(NBL)or30hours(SBL)ofsimulationtime
toreachthesteady-staterepresentationoftheflowfield.Themainrunusesthetemperature
gradientandthevelocityprofilefromtheprecursorrunasstartingvalues.

3.3.ComparisonofanalyticalmodelswithLES
Inthisstudy,wefittheanalyticalwakemodelsusingtheleast-squarestothe10-minuteaverage
ofnormalizedwakedeficit∆U,whichiscalculatedfromPALMLESdata.Weconsiderthe
followingdataslices:

(i)cross-sectionprofiles:theanalyticalmodelsarefittedtoprofilesatx/D=1,2,...,10inthe
xy-planeathubheight;

(ii)verticalprofiles:theanalyticalmodelsarefittedtoprofilesatx/D=1,2,...,10inthe
xz-planepassingthroughtherotorcenter;

(iii)centerline:theanalyticalmodelsarefittedtothevelocitydeficitatthecenterline,starting
fromx/D=0,1and4forcomparison;

(iv)xy-planeathubheight:fittingtotwo-dimensionaldataisexpectedtoprovidehigher
accuracyandisusedtoevaluatetheprofilefits.

Asub-domainoflength20Dandsquarecross-section1.5×1.5Dcenteredatthewindrotor
centeriscutfromtheLESdataforfittingwiththeGaussianwakemodels.Acoarsedetection
ofwakeshapeisperformedfortheLESdatatoexcludeoccasionalvelocityfluctuationsinthe
free-flowfromthefittingprocess.Weconsiderthatapointbelongstothewakeifthevelocity
atthepointislowerthanfree-flowvelocitybyatleast2.5%,i.e.,∆U<0.025.

4.Results
BasedontheLESforNBLconditionsatU∞=10m/sandIa=6.6%(Fig.3a)wedefinethree
regionsinsideawake:thenear-wake(x/D≤4)wherethewakedeficitdistributionismost
complex,themiddlewake(4<x/D≤7),andthefar-wake(x/D>7)wherethewakespeedis
recoveringtothefree-flowspeed.

AsseenfromFig.3,thedoublepeakinthenear-wakevelocitydeficitisprominentfor
U∞=10m/s.Inthecaseofhigherfree-flowvelocity,U∞=15m/s,thevelocitydeficit
distributionisclosertoasingleGaussianthroughoutthewake.Thewakedeficitisslightly
higherforSBLconditionsthanforNBLconditionsatthesamedownstreamdistances.Overall,
thestabilityconditionsaffectthewakeshapelessthanthefree-flowvelocitymagnitude.Asmall
wakedeflectionmaybeobserved,duetothefree-flownotperfectlyalignedwiththex-axisafter
theCoriolisforcecorrectionisapplied.

Thethrustcoefficientandtheturbulenceintensitycalculatedineachcaseareprovidedin
Table4.ThethrustcoefficientforNBLconditionsatU∞=10m/svarieswithgridcellsize
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fromx/D=0,1and4forcomparison;
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accuracyandisusedtoevaluatetheprofilefits.

Asub-domainoflength20Dandsquarecross-section1.5×1.5Dcenteredatthewindrotor
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free-flowfromthefittingprocess.Weconsiderthatapointbelongstothewakeifthevelocity
atthepointislowerthanfree-flowvelocitybyatleast2.5%,i.e.,∆U<0.025.

4.Results
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regionsinsideawake:thenear-wake(x/D≤4)wherethewakedeficitdistributionismost
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wakedeflectionmaybeobserved,duetothefree-flownotperfectlyalignedwiththex-axisafter
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Table 3. Initialization parameters for LES.

Case U∞, m/s Ug, m/s Vg, m/s surface cooling rate, K/h

Neutral (∆ = 4 m) 10 10.544 -2.614 -
Neutral (∆ = 6 m) 10 10.539 -2.590 -
Neutral (∆ = 6 m) 15 16.412 -4.130 -
Stable 10 10.584 -3.530 0.15
Stable 15 16.034 -5.769 0.25

Each precursor run takes approximately 5 days (NBL) or 30 hours (SBL) of simulation time
to reach the steady-state representation of the flow field. The main run uses the temperature
gradient and the velocity profile from the precursor run as starting values.

3.3. Comparison of analytical models with LES
In this study, we fit the analytical wake models using the least-squares to the 10-minute average
of normalized wake deficit ∆U , which is calculated from PALM LES data. We consider the
following data slices:

(i) cross-section profiles : the analytical models are fitted to profiles at x/D = 1, 2, ..., 10 in the
xy-plane at hub height;

(ii) vertical profiles : the analytical models are fitted to profiles at x/D = 1, 2, ..., 10 in the
xz-plane passing through the rotor center;

(iii) centerline: the analytical models are fitted to the velocity deficit at the centerline, starting
from x/D = 0, 1 and 4 for comparison;

(iv) xy-plane at hub height: fitting to two-dimensional data is expected to provide higher
accuracy and is used to evaluate the profile fits.

A sub-domain of length 20D and square cross-section 1.5× 1.5D centered at the wind rotor
center is cut from the LES data for fitting with the Gaussian wake models. A coarse detection
of wake shape is performed for the LES data to exclude occasional velocity fluctuations in the
free-flow from the fitting process. We consider that a point belongs to the wake if the velocity
at the point is lower than free-flow velocity by at least 2.5%, i.e., ∆U < 0.025.

4. Results
Based on the LES for NBL conditions at U∞ = 10 m/s and Ia = 6.6% (Fig. 3a) we define three
regions inside a wake: the near-wake (x/D ≤ 4) where the wake deficit distribution is most
complex, the middle wake (4 < x/D ≤ 7), and the far-wake (x/D > 7) where the wake speed is
recovering to the free-flow speed.

As seen from Fig. 3, the double peak in the near-wake velocity deficit is prominent for
U∞ = 10 m/s. In the case of higher free-flow velocity, U∞ = 15 m/s, the velocity deficit
distribution is closer to a single Gaussian throughout the wake. The wake deficit is slightly
higher for SBL conditions than for NBL conditions at the same downstream distances. Overall,
the stability conditions affect the wake shape less than the free-flow velocity magnitude. A small
wake deflection may be observed, due to the free-flow not perfectly aligned with the x-axis after
the Coriolis force correction is applied.

The thrust coefficient and the turbulence intensity calculated in each case are provided in
Table 4. The thrust coefficient for NBL conditions at U∞ = 10 m/s varies with grid cell size
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from x/D = 0, 1 and 4 for comparison;
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accuracy and is used to evaluate the profile fits.
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center is cut from the LES data for fitting with the Gaussian wake models. A coarse detection
of wake shape is performed for the LES data to exclude occasional velocity fluctuations in the
free-flow from the fitting process. We consider that a point belongs to the wake if the velocity
at the point is lower than free-flow velocity by at least 2.5%, i.e., ∆U < 0.025.

4. Results
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regions inside a wake: the near-wake (x/D ≤ 4) where the wake deficit distribution is most
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As seen from Fig. 3, the double peak in the near-wake velocity deficit is prominent for
U∞ = 10 m/s. In the case of higher free-flow velocity, U∞ = 15 m/s, the velocity deficit
distribution is closer to a single Gaussian throughout the wake. The wake deficit is slightly
higher for SBL conditions than for NBL conditions at the same downstream distances. Overall,
the stability conditions affect the wake shape less than the free-flow velocity magnitude. A small
wake deflection may be observed, due to the free-flow not perfectly aligned with the x-axis after
the Coriolis force correction is applied.

The thrust coefficient and the turbulence intensity calculated in each case are provided in
Table 4. The thrust coefficient for NBL conditions at U∞ = 10 m/s varies with grid cell size
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Table3.InitializationparametersforLES.

CaseU∞,m/sUg,m/sVg,m/ssurfacecoolingrate,K/h

Neutral(∆=4m)1010.544-2.614-
Neutral(∆=6m)1010.539-2.590-
Neutral(∆=6m)1516.412-4.130-
Stable1010.584-3.5300.15
Stable1516.034-5.7690.25

Eachprecursorruntakesapproximately5days(NBL)or30hours(SBL)ofsimulationtime
toreachthesteady-staterepresentationoftheflowfield.Themainrunusesthetemperature
gradientandthevelocityprofilefromtheprecursorrunasstartingvalues.

3.3.ComparisonofanalyticalmodelswithLES
Inthisstudy,wefittheanalyticalwakemodelsusingtheleast-squarestothe10-minuteaverage
ofnormalizedwakedeficit∆U,whichiscalculatedfromPALMLESdata.Weconsiderthe
followingdataslices:

(i)cross-sectionprofiles:theanalyticalmodelsarefittedtoprofilesatx/D=1,2,...,10inthe
xy-planeathubheight;

(ii)verticalprofiles:theanalyticalmodelsarefittedtoprofilesatx/D=1,2,...,10inthe
xz-planepassingthroughtherotorcenter;

(iii)centerline:theanalyticalmodelsarefittedtothevelocitydeficitatthecenterline,starting
fromx/D=0,1and4forcomparison;

(iv)xy-planeathubheight:fittingtotwo-dimensionaldataisexpectedtoprovidehigher
accuracyandisusedtoevaluatetheprofilefits.

Asub-domainoflength20Dandsquarecross-section1.5×1.5Dcenteredatthewindrotor
centeriscutfromtheLESdataforfittingwiththeGaussianwakemodels.Acoarsedetection
ofwakeshapeisperformedfortheLESdatatoexcludeoccasionalvelocityfluctuationsinthe
free-flowfromthefittingprocess.Weconsiderthatapointbelongstothewakeifthevelocity
atthepointislowerthanfree-flowvelocitybyatleast2.5%,i.e.,∆U<0.025.

4.Results
BasedontheLESforNBLconditionsatU∞=10m/sandIa=6.6%(Fig.3a)wedefinethree
regionsinsideawake:thenear-wake(x/D≤4)wherethewakedeficitdistributionismost
complex,themiddlewake(4<x/D≤7),andthefar-wake(x/D>7)wherethewakespeedis
recoveringtothefree-flowspeed.

AsseenfromFig.3,thedoublepeakinthenear-wakevelocitydeficitisprominentfor
U∞=10m/s.Inthecaseofhigherfree-flowvelocity,U∞=15m/s,thevelocitydeficit
distributionisclosertoasingleGaussianthroughoutthewake.Thewakedeficitisslightly
higherforSBLconditionsthanforNBLconditionsatthesamedownstreamdistances.Overall,
thestabilityconditionsaffectthewakeshapelessthanthefree-flowvelocitymagnitude.Asmall
wakedeflectionmaybeobserved,duetothefree-flownotperfectlyalignedwiththex-axisafter
theCoriolisforcecorrectionisapplied.

Thethrustcoefficientandtheturbulenceintensitycalculatedineachcaseareprovidedin
Table4.ThethrustcoefficientforNBLconditionsatU∞=10m/svarieswithgridcellsize
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Figure 3. Normalized wake velocity deficit distribution ∆U in the horizontal plane at hub
height, LES 10-minute average. Solid lines mark the velocity deficit at selected distances x/D.
The scale of the velocity deficit is the same for both plots. (a) NBL U∞ = 10 m/s, (b) NBL
U∞ = 15 m/s, (c) SBL U∞ = 10 m/s, (d) SBL U∞ = 15 m/s.

due to the different number of grid points in the rotor area. The turbulence intensity is almost
unaffected by the grid cell size.

Table 4. Flow parameters at zh = 102 m from the LES data.

Case U∞, m/s CT Ia

Neutral (∆ = 4 m) 10 0.763 6.6%
Neutral (∆ = 6 m) 10 0.713 6.5%
Neutral (∆ = 6 m) 15 0.205 5.8%
Stable 10 0.725 7.4%
Stable 15 0.217 4.3%

The models are compared based on how well they predict the wake in the hub height plane
after the fitting. The results are provided in Tables 5−8 based on the lowest RMSE for a wake
calculated in the hub height plane with the fitted parameters. The best fit out of profiles and
centerline fits is marked in bold. In case of equal RMSEs with respect to round up to the fourth
digit, the fit to a cross-section profile is given a priority. Fits to the horizontal plane at the hub
height (column ”HH plane” in tables) are performed only as a reference and are not considered
in a comparison between best fits. As can be seen, identifying model parameters on a limited
data set may show the results comparable to the fitting to two-dimensional data.
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duetothedifferentnumberofgridpointsintherotorarea.Theturbulenceintensityisalmost
unaffectedbythegridcellsize.

Table4.Flowparametersatzh=102mfromtheLESdata.

CaseU∞,m/sCTIa

Neutral(∆=4m)100.7636.6%
Neutral(∆=6m)100.7136.5%
Neutral(∆=6m)150.2055.8%
Stable100.7257.4%
Stable150.2174.3%

Themodelsarecomparedbasedonhowwelltheypredictthewakeinthehubheightplane
afterthefitting.TheresultsareprovidedinTables5−8basedonthelowestRMSEforawake
calculatedinthehubheightplanewiththefittedparameters.Thebestfitoutofprofilesand
centerlinefitsismarkedinbold.IncaseofequalRMSEswithrespecttorounduptothefourth
digit,thefittoacross-sectionprofileisgivenapriority.Fitstothehorizontalplaneatthehub
height(column”HHplane”intables)areperformedonlyasareferenceandarenotconsidered
inacomparisonbetweenbestfits.Ascanbeseen,identifyingmodelparametersonalimited
datasetmayshowtheresultscomparabletothefittingtotwo-dimensionaldata.
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due to the different number of grid points in the rotor area. The turbulence intensity is almost
unaffected by the grid cell size.

Table 4. Flow parameters at zh = 102 m from the LES data.

Case U∞, m/s CT Ia

Neutral (∆ = 4 m) 10 0.763 6.6%
Neutral (∆ = 6 m) 10 0.713 6.5%
Neutral (∆ = 6 m) 15 0.205 5.8%
Stable 10 0.725 7.4%
Stable 15 0.217 4.3%

The models are compared based on how well they predict the wake in the hub height plane
after the fitting. The results are provided in Tables 5−8 based on the lowest RMSE for a wake
calculated in the hub height plane with the fitted parameters. The best fit out of profiles and
centerline fits is marked in bold. In case of equal RMSEs with respect to round up to the fourth
digit, the fit to a cross-section profile is given a priority. Fits to the horizontal plane at the hub
height (column ”HH plane” in tables) are performed only as a reference and are not considered
in a comparison between best fits. As can be seen, identifying model parameters on a limited
data set may show the results comparable to the fitting to two-dimensional data.
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The BPA model returns an incorrect fit to the hub height plane for U∞ = 10 m/s, as the
model cannot resolve the wake at x/D ≤ 2 for a high thrust coefficient. This fit is not included
in Tables 5−6.

Table 5. Best fits for NBL and U∞ = 10 m/s. RMSE is calculated for the wake in the horizontal
plane at hub height using the fitted parameters.

Fitted to: cross-section profile vertical profile centerline HH plane Default

Model x/D RMSE x/D RMSE x/D RMSE RMSE RMSE

BPA 9 0.0316 9 0.0311 4 0.0325 N/A 0.0428
Jensen-Gaussian 10 0.0784 10 0.0786 4 0.0785 0.0784 0.0864
Ishihara 2 0.1194 2 0.1192 4 0.0731 0.0662 0.0951
Double Gaussian 7 0.0814 6 0.0667 0 0.0622 0.0603 0.0757

Table 6. Best fits for SBL and U∞ = 10 m/s. RMSE is calculated for the wake in the horizontal
plane at hub height using the fitted parameters.

Fitted to: cross-section profile vertical profile centerline HH plane Default

Model x/D RMSE x/D RMSE x/D RMSE RMSE RMSE

BPA 6 0.0382 5 0.0384 4 0.0390 N/A 0.0489
Jensen-Gaussian 2 0.0844 8 0.0844 4 0.0845 0.0844 0.0940
Ishihara 2 0.1155 2 0.1106 0 0.099 0.0728 0.0904
Double Gaussian 7 0.0909 6 0.0646 0 0.0644 0.0627 0.0742

Table 7. Best fits for NBL and U∞ = 15 m/s. RMSE is calculated for the wake in the horizontal
plane at hub height using the fitted parameters.

Fitted to: cross-section profile vertical profile centerline HH plane Default

Model x/D RMSE x/D RMSE x/D RMSE RMSE RMSE

BPA 4 0.0181 4 0.0181 4 0.0181 0.0181 0.0274
Jensen-Gaussian 10 0.0241 10 0.0241 1 0.0244 0.0241 0.0369
Ishihara 2 0.0154 10 0.0154 0 0.0171 0.0140 0.0160
Double Gaussian 2 0.0322 3 0.0538 0 0.0474 0.0320 0.0856

4.1. Fitting to velocity deficit profiles
The velocity deficit distribution in the horizontal plane at hub height provides the essential
information on the wake shape. The cross-section profiles in the horizontal plane are usually
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modelcannotresolvethewakeatx/D≤2forahighthrustcoefficient.Thisfitisnotincluded
inTables5−6.
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Table7.BestfitsforNBLandU∞=15m/s.RMSEiscalculatedforthewakeinthehorizontal
planeathubheightusingthefittedparameters.
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Jensen-Gaussian100.0241100.024110.02440.02410.0369
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Table 8. Best fits for SBL and U∞ = 15 m/s. RMSE is calculated for the wake in the horizontal
plane at hub height using the fitted parameters.

Fitted to: cross-section profile vertical profile centerline HH plane Default

Model x/D RMSE x/D RMSE x/D RMSE RMSE RMSE

BPA 5 0.0240 6 0.0240 1 0.0240 0.0240 0.0309
Jensen-Gaussian 10 0.0242 10 0.0245 1 0.0238 0.0236 0.0394
Ishihara 9 0.0212 4 0.0216 1 0.0184 0.0168 0.0194
Double Gaussian 3 0.0401 1 0.0658 0 0.0608 0.0402 0.0888

close to symmetric and can be fitted with a Gaussian wake model. The velocity profiles in the
vertical plane are affected by surface friction. We account for the wind shear by subtracting the
averaged free-flow profile U∞(z) from the vertical wake profile. We then fit the resulting profile
with a Gaussian wake model.

The models split into two groups. The BPA and Jensen-Gaussian models fit the far-wake
rather well and are further referred to as far-wake models. For each of these models, the
coefficients obtained from fitting to any profile in the far-wake (x/D > 7) have a good agreement
from case to case and show little differences in the RMSE. For the BPA model, the best fit may
also be found in the middle wake (4 < x/D ≤ 7). The RMSE returned by the BPA model is
always lower by half compared to the RMSE of the Jensen-Gaussian model for the same far-wake
profile-fit combination.

The other two models (Ishihara and Double Gaussian), further referred to as full-wake
models, perform worse during the profile fitting. Both models aim to describe the near-wake’s
particular features: the high velocity deficit at the centerline (Ishihara) or the double peak in
the velocity deficit cross-section profiles (Double Gaussian). Fitted to a single profile, they lack
the information on the wake structure and return high RMSE.

Fitting the Ishihara model to a single velocity deficit profile sets the coefficient c and,
consequently, the near-wake correction p to zero (Eq. 15). This result suggests that the model
regards the whole wake as a far-wake when it receives the information on the velocity deficit of
a single cross-section profile. The Ishihara model fitted to a near-wake profile overestimates the
wake velocity in the far-wake. When fitted to a far-wake profile, the Ishihara model predicts
negative velocity values (i.e. reverse flow) with an RMSE up to 0.5 in the near-wake.

The Double Gaussian model fitted to a near-wake profile captures the double peak well. The
double peaks are also present in the far-wake, and the predicted velocity deficit is noticeably
high for downstream distances x/D ≥ 7. Fitting the Double Gaussian model to a far-wake
profile improves the full-wake’s prediction as reflected by best fits in Tables 5−8. In this
case, the double peak is still predicted for the near-wake, although the wake velocity deficit
is underestimated compared to LES. The RMSE for the near-wake cross-sections is comparable
to the corresponding RMSEs of single Gaussian models (BPA and Jensen-Gaussian).

Full-wake models perform better in the case of strong wind, when the wake shape is smoother,
and show an improvement of RMSEs compared to default parameters.

4.2. Centerline fitting
Fitting to the rotor centerline is essentially the fitting of an amplitude function of a Gaussian
wake model. The centerline wake velocity deficit predicted by the LES has a convex shape
(concave for the wake velocity), which lies in the 0 ≤ x/D ≤ 4 range (Fig. 4a). The convexity
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Table8.BestfitsforSBLandU∞=15m/s.RMSEiscalculatedforthewakeinthehorizontal
planeathubheightusingthefittedparameters.

Fittedto:cross-sectionprofileverticalprofilecenterlineHHplaneDefault

Modelx/DRMSEx/DRMSEx/DRMSERMSERMSE

BPA50.024060.024010.02400.02400.0309
Jensen-Gaussian100.0242100.024510.02380.02360.0394
Ishihara90.021240.021610.01840.01680.0194
DoubleGaussian30.040110.065800.06080.04020.0888

closetosymmetricandcanbefittedwithaGaussianwakemodel.Thevelocityprofilesinthe
verticalplaneareaffectedbysurfacefriction.Weaccountforthewindshearbysubtractingthe
averagedfree-flowprofileU∞(z)fromtheverticalwakeprofile.Wethenfittheresultingprofile
withaGaussianwakemodel.

Themodelssplitintotwogroups.TheBPAandJensen-Gaussianmodelsfitthefar-wake
ratherwellandarefurtherreferredtoasfar-wakemodels.Foreachofthesemodels,the
coefficientsobtainedfromfittingtoanyprofileinthefar-wake(x/D>7)haveagoodagreement
fromcasetocaseandshowlittledifferencesintheRMSE.FortheBPAmodel,thebestfitmay
alsobefoundinthemiddlewake(4<x/D≤7).TheRMSEreturnedbytheBPAmodelis
alwayslowerbyhalfcomparedtotheRMSEoftheJensen-Gaussianmodelforthesamefar-wake
profile-fitcombination.

Theothertwomodels(IshiharaandDoubleGaussian),furtherreferredtoasfull-wake
models,performworseduringtheprofilefitting.Bothmodelsaimtodescribethenear-wake’s
particularfeatures:thehighvelocitydeficitatthecenterline(Ishihara)orthedoublepeakin
thevelocitydeficitcross-sectionprofiles(DoubleGaussian).Fittedtoasingleprofile,theylack
theinformationonthewakestructureandreturnhighRMSE.

FittingtheIshiharamodeltoasinglevelocitydeficitprofilesetsthecoefficientcand,
consequently,thenear-wakecorrectionptozero(Eq.15).Thisresultsuggeststhatthemodel
regardsthewholewakeasafar-wakewhenitreceivestheinformationonthevelocitydeficitof
asinglecross-sectionprofile.TheIshiharamodelfittedtoanear-wakeprofileoverestimatesthe
wakevelocityinthefar-wake.Whenfittedtoafar-wakeprofile,theIshiharamodelpredicts
negativevelocityvalues(i.e.reverseflow)withanRMSEupto0.5inthenear-wake.

TheDoubleGaussianmodelfittedtoanear-wakeprofilecapturesthedoublepeakwell.The
doublepeaksarealsopresentinthefar-wake,andthepredictedvelocitydeficitisnoticeably
highfordownstreamdistancesx/D≥7.FittingtheDoubleGaussianmodeltoafar-wake
profileimprovesthefull-wake’spredictionasreflectedbybestfitsinTables5−8.Inthis
case,thedoublepeakisstillpredictedforthenear-wake,althoughthewakevelocitydeficit
isunderestimatedcomparedtoLES.TheRMSEforthenear-wakecross-sectionsiscomparable
tothecorrespondingRMSEsofsingleGaussianmodels(BPAandJensen-Gaussian).

Full-wakemodelsperformbetterinthecaseofstrongwind,whenthewakeshapeissmoother,
andshowanimprovementofRMSEscomparedtodefaultparameters.

4.2.Centerlinefitting
FittingtotherotorcenterlineisessentiallythefittingofanamplitudefunctionofaGaussian
wakemodel.ThecenterlinewakevelocitydeficitpredictedbytheLEShasaconvexshape
(concaveforthewakevelocity),whichliesinthe0≤x/D≤4range(Fig.4a).Theconvexity
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Table 8. Best fits for SBL and U∞ = 15 m/s. RMSE is calculated for the wake in the horizontal
plane at hub height using the fitted parameters.

Fitted to: cross-section profile vertical profile centerline HH plane Default

Model x/D RMSE x/D RMSE x/D RMSE RMSE RMSE

BPA 5 0.0240 6 0.0240 1 0.0240 0.0240 0.0309
Jensen-Gaussian 10 0.0242 10 0.0245 1 0.0238 0.0236 0.0394
Ishihara 9 0.0212 4 0.0216 1 0.0184 0.0168 0.0194
Double Gaussian 3 0.0401 1 0.0658 0 0.0608 0.0402 0.0888

close to symmetric and can be fitted with a Gaussian wake model. The velocity profiles in the
vertical plane are affected by surface friction. We account for the wind shear by subtracting the
averaged free-flow profile U∞(z) from the vertical wake profile. We then fit the resulting profile
with a Gaussian wake model.

The models split into two groups. The BPA and Jensen-Gaussian models fit the far-wake
rather well and are further referred to as far-wake models. For each of these models, the
coefficients obtained from fitting to any profile in the far-wake (x/D > 7) have a good agreement
from case to case and show little differences in the RMSE. For the BPA model, the best fit may
also be found in the middle wake (4 < x/D ≤ 7). The RMSE returned by the BPA model is
always lower by half compared to the RMSE of the Jensen-Gaussian model for the same far-wake
profile-fit combination.

The other two models (Ishihara and Double Gaussian), further referred to as full-wake
models, perform worse during the profile fitting. Both models aim to describe the near-wake’s
particular features: the high velocity deficit at the centerline (Ishihara) or the double peak in
the velocity deficit cross-section profiles (Double Gaussian). Fitted to a single profile, they lack
the information on the wake structure and return high RMSE.

Fitting the Ishihara model to a single velocity deficit profile sets the coefficient c and,
consequently, the near-wake correction p to zero (Eq. 15). This result suggests that the model
regards the whole wake as a far-wake when it receives the information on the velocity deficit of
a single cross-section profile. The Ishihara model fitted to a near-wake profile overestimates the
wake velocity in the far-wake. When fitted to a far-wake profile, the Ishihara model predicts
negative velocity values (i.e. reverse flow) with an RMSE up to 0.5 in the near-wake.

The Double Gaussian model fitted to a near-wake profile captures the double peak well. The
double peaks are also present in the far-wake, and the predicted velocity deficit is noticeably
high for downstream distances x/D ≥ 7. Fitting the Double Gaussian model to a far-wake
profile improves the full-wake’s prediction as reflected by best fits in Tables 5−8. In this
case, the double peak is still predicted for the near-wake, although the wake velocity deficit
is underestimated compared to LES. The RMSE for the near-wake cross-sections is comparable
to the corresponding RMSEs of single Gaussian models (BPA and Jensen-Gaussian).

Full-wake models perform better in the case of strong wind, when the wake shape is smoother,
and show an improvement of RMSEs compared to default parameters.

4.2. Centerline fitting
Fitting to the rotor centerline is essentially the fitting of an amplitude function of a Gaussian
wake model. The centerline wake velocity deficit predicted by the LES has a convex shape
(concave for the wake velocity), which lies in the 0 ≤ x/D ≤ 4 range (Fig. 4a). The convexity
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Table8.BestfitsforSBLandU∞=15m/s.RMSEiscalculatedforthewakeinthehorizontal
planeathubheightusingthefittedparameters.

Fittedto:cross-sectionprofileverticalprofilecenterlineHHplaneDefault

Modelx/DRMSEx/DRMSEx/DRMSERMSERMSE
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closetosymmetricandcanbefittedwithaGaussianwakemodel.Thevelocityprofilesinthe
verticalplaneareaffectedbysurfacefriction.Weaccountforthewindshearbysubtractingthe
averagedfree-flowprofileU∞(z)fromtheverticalwakeprofile.Wethenfittheresultingprofile
withaGaussianwakemodel.

Themodelssplitintotwogroups.TheBPAandJensen-Gaussianmodelsfitthefar-wake
ratherwellandarefurtherreferredtoasfar-wakemodels.Foreachofthesemodels,the
coefficientsobtainedfromfittingtoanyprofileinthefar-wake(x/D>7)haveagoodagreement
fromcasetocaseandshowlittledifferencesintheRMSE.FortheBPAmodel,thebestfitmay
alsobefoundinthemiddlewake(4<x/D≤7).TheRMSEreturnedbytheBPAmodelis
alwayslowerbyhalfcomparedtotheRMSEoftheJensen-Gaussianmodelforthesamefar-wake
profile-fitcombination.

Theothertwomodels(IshiharaandDoubleGaussian),furtherreferredtoasfull-wake
models,performworseduringtheprofilefitting.Bothmodelsaimtodescribethenear-wake’s
particularfeatures:thehighvelocitydeficitatthecenterline(Ishihara)orthedoublepeakin
thevelocitydeficitcross-sectionprofiles(DoubleGaussian).Fittedtoasingleprofile,theylack
theinformationonthewakestructureandreturnhighRMSE.

FittingtheIshiharamodeltoasinglevelocitydeficitprofilesetsthecoefficientcand,
consequently,thenear-wakecorrectionptozero(Eq.15).Thisresultsuggeststhatthemodel
regardsthewholewakeasafar-wakewhenitreceivestheinformationonthevelocitydeficitof
asinglecross-sectionprofile.TheIshiharamodelfittedtoanear-wakeprofileoverestimatesthe
wakevelocityinthefar-wake.Whenfittedtoafar-wakeprofile,theIshiharamodelpredicts
negativevelocityvalues(i.e.reverseflow)withanRMSEupto0.5inthenear-wake.

TheDoubleGaussianmodelfittedtoanear-wakeprofilecapturesthedoublepeakwell.The
doublepeaksarealsopresentinthefar-wake,andthepredictedvelocitydeficitisnoticeably
highfordownstreamdistancesx/D≥7.FittingtheDoubleGaussianmodeltoafar-wake
profileimprovesthefull-wake’spredictionasreflectedbybestfitsinTables5−8.Inthis
case,thedoublepeakisstillpredictedforthenear-wake,althoughthewakevelocitydeficit
isunderestimatedcomparedtoLES.TheRMSEforthenear-wakecross-sectionsiscomparable
tothecorrespondingRMSEsofsingleGaussianmodels(BPAandJensen-Gaussian).

Full-wakemodelsperformbetterinthecaseofstrongwind,whenthewakeshapeissmoother,
andshowanimprovementofRMSEscomparedtodefaultparameters.

4.2.Centerlinefitting
FittingtotherotorcenterlineisessentiallythefittingofanamplitudefunctionofaGaussian
wakemodel.ThecenterlinewakevelocitydeficitpredictedbytheLEShasaconvexshape
(concaveforthewakevelocity),whichliesinthe0≤x/D≤4range(Fig.4a).Theconvexity
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ratherwellandarefurtherreferredtoasfar-wakemodels.Foreachofthesemodels,the
coefficientsobtainedfromfittingtoanyprofileinthefar-wake(x/D>7)haveagoodagreement
fromcasetocaseandshowlittledifferencesintheRMSE.FortheBPAmodel,thebestfitmay
alsobefoundinthemiddlewake(4<x/D≤7).TheRMSEreturnedbytheBPAmodelis
alwayslowerbyhalfcomparedtotheRMSEoftheJensen-Gaussianmodelforthesamefar-wake
profile-fitcombination.

Theothertwomodels(IshiharaandDoubleGaussian),furtherreferredtoasfull-wake
models,performworseduringtheprofilefitting.Bothmodelsaimtodescribethenear-wake’s
particularfeatures:thehighvelocitydeficitatthecenterline(Ishihara)orthedoublepeakin
thevelocitydeficitcross-sectionprofiles(DoubleGaussian).Fittedtoasingleprofile,theylack
theinformationonthewakestructureandreturnhighRMSE.

FittingtheIshiharamodeltoasinglevelocitydeficitprofilesetsthecoefficientcand,
consequently,thenear-wakecorrectionptozero(Eq.15).Thisresultsuggeststhatthemodel
regardsthewholewakeasafar-wakewhenitreceivestheinformationonthevelocitydeficitof
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wakevelocityinthefar-wake.Whenfittedtoafar-wakeprofile,theIshiharamodelpredicts
negativevelocityvalues(i.e.reverseflow)withanRMSEupto0.5inthenear-wake.

TheDoubleGaussianmodelfittedtoanear-wakeprofilecapturesthedoublepeakwell.The
doublepeaksarealsopresentinthefar-wake,andthepredictedvelocitydeficitisnoticeably
highfordownstreamdistancesx/D≥7.FittingtheDoubleGaussianmodeltoafar-wake
profileimprovesthefull-wake’spredictionasreflectedbybestfitsinTables5−8.Inthis
case,thedoublepeakisstillpredictedforthenear-wake,althoughthewakevelocitydeficit
isunderestimatedcomparedtoLES.TheRMSEforthenear-wakecross-sectionsiscomparable
tothecorrespondingRMSEsofsingleGaussianmodels(BPAandJensen-Gaussian).

Full-wakemodelsperformbetterinthecaseofstrongwind,whenthewakeshapeissmoother,
andshowanimprovementofRMSEscomparedtodefaultparameters.

4.2.Centerlinefitting
FittingtotherotorcenterlineisessentiallythefittingofanamplitudefunctionofaGaussian
wakemodel.ThecenterlinewakevelocitydeficitpredictedbytheLEShasaconvexshape
(concaveforthewakevelocity),whichliesinthe0≤x/D≤4range(Fig.4a).Theconvexity
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is especially emphasized for U∞ = 10 m/s. This shape provides a challenge for far-wake models
(BPA, Jensen-Gaussian) that assume monotonic recovery of the wake velocity. Besides x/D ≥ 0
fit (entire centerline), we perform two supplementary fits to the partial centerline. A fit to the
centerline segment x/D ≥ 1 imitates missing data in the very near-wake area (centerline with
data loss). A different fit to the segment x/D ≥ 4 allows comparing the performance of the
far-wake models (monotonic segment fit).
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Figure 4. Normalized wake velocity deficit at the rotor centerline for NBL conditions with
U∞ = 10 m/s. (a) Default parameters, (b) Best overall fits to 10-minute average according
to Table 5. ◦ – LES data, - - - - BPA, — · — Jensen-Gaussian, · · · · · · Ishihara, · · · · · ·(red)
Ishihara for x/D ≥ 0, — · · — Double Gaussian

As seen from Tables 5−8, far-wake models tend to have the best fit for a part of the centerline
segment, starting from x/D ≥ 4. The parameters fitted to the monotonic centerline segment
and the RMSE are close to the ones obtained from best fits to profiles.

Full-wake models (Ishihara, Double Gaussian) capture the centerline velocity profile’s features
more precisely. In general, fitting full-wake models to the entire centerline or the centerline with
data loss returns noticeably different parameters, but rather close RMSEs for single profiles and
horizontal wake. Fitting full-wake models to the monotonic segment usually increases RMSE
for near-wake profiles.

The Ishihara model may show low RMSE when fitted to the monotonic section. In this case,
the fitted model predicts an extremely high velocity deficit in the near-wake (Fig. 4) and sets
the near-wake coefficient p to zero. At the same time, the full centerline fit returns comparable
RMSE for the Ishihara model, but completely different parameters. Therefore, the RMSE
criterion alone is not enough to identify the best fit for the Ishihara model.

The Double Gaussian model improves its accuracy when fitted to the centerline at U∞ =
10 m/s and shows RMSE close to the control fit to the horizontal plane at hub height.
Nevertheless, the Double Gaussian significantly overestimates the wake width and velocity
deficit.

The comparison of cross-section profiles of velocity deficit in the far-wake at x/D = 8 is
presented in Fig. 5 for NBL conditions with U∞ = 10 m/s. The predictions calculated with
default parameters underestimate the wake velocity deficit (Fig. 5a). The default BPA model
has the closest match in terms of wake shape and deficit value. After the fitting (Fig. 5b), the
BPA model follows the LES data most precisely but overestimates the centerline velocity deficit
more than the Jensen-Gaussian and Ishihara models.

The parameters of each Gaussian model are identified for a 10-minute average velocity field.
We provide best fits to a 1-hour average velocity field for NBL conditions with U∞ = 10 m/s for
comparison (Fig. 5c). For a 1-hour average velocity field, the maximum wake deficit at x/D = 8
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isespeciallyemphasizedforU∞=10m/s.Thisshapeprovidesachallengeforfar-wakemodels
(BPA,Jensen-Gaussian)thatassumemonotonicrecoveryofthewakevelocity.Besidesx/D≥0
fit(entirecenterline),weperformtwosupplementaryfitstothepartialcenterline.Afittothe
centerlinesegmentx/D≥1imitatesmissingdataintheverynear-wakearea(centerlinewith
dataloss).Adifferentfittothesegmentx/D≥4allowscomparingtheperformanceofthe
far-wakemodels(monotonicsegmentfit).
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Figure4.NormalizedwakevelocitydeficitattherotorcenterlineforNBLconditionswith
U∞=10m/s.(a)Defaultparameters,(b)Bestoverallfitsto10-minuteaverageaccording
toTable5.◦–LESdata,----BPA,—·—Jensen-Gaussian,······Ishihara,······(red)
Ishiharaforx/D≥0,—··—DoubleGaussian

AsseenfromTables5−8,far-wakemodelstendtohavethebestfitforapartofthecenterline
segment,startingfromx/D≥4.Theparametersfittedtothemonotoniccenterlinesegment
andtheRMSEareclosetotheonesobtainedfrombestfitstoprofiles.

Full-wakemodels(Ishihara,DoubleGaussian)capturethecenterlinevelocityprofile’sfeatures
moreprecisely.Ingeneral,fittingfull-wakemodelstotheentirecenterlineorthecenterlinewith
datalossreturnsnoticeablydifferentparameters,butrathercloseRMSEsforsingleprofilesand
horizontalwake.Fittingfull-wakemodelstothemonotonicsegmentusuallyincreasesRMSE
fornear-wakeprofiles.

TheIshiharamodelmayshowlowRMSEwhenfittedtothemonotonicsection.Inthiscase,
thefittedmodelpredictsanextremelyhighvelocitydeficitinthenear-wake(Fig.4)andsets
thenear-wakecoefficientptozero.Atthesametime,thefullcenterlinefitreturnscomparable
RMSEfortheIshiharamodel,butcompletelydifferentparameters.Therefore,theRMSE
criterionaloneisnotenoughtoidentifythebestfitfortheIshiharamodel.

TheDoubleGaussianmodelimprovesitsaccuracywhenfittedtothecenterlineatU∞=
10m/sandshowsRMSEclosetothecontrolfittothehorizontalplaneathubheight.
Nevertheless,theDoubleGaussiansignificantlyoverestimatesthewakewidthandvelocity
deficit.

Thecomparisonofcross-sectionprofilesofvelocitydeficitinthefar-wakeatx/D=8is
presentedinFig.5forNBLconditionswithU∞=10m/s.Thepredictionscalculatedwith
defaultparametersunderestimatethewakevelocitydeficit(Fig.5a).ThedefaultBPAmodel
hastheclosestmatchintermsofwakeshapeanddeficitvalue.Afterthefitting(Fig.5b),the
BPAmodelfollowstheLESdatamostpreciselybutoverestimatesthecenterlinevelocitydeficit
morethantheJensen-GaussianandIshiharamodels.

TheparametersofeachGaussianmodelareidentifiedfora10-minuteaveragevelocityfield.
Weprovidebestfitstoa1-houraveragevelocityfieldforNBLconditionswithU∞=10m/sfor
comparison(Fig.5c).Fora1-houraveragevelocityfield,themaximumwakedeficitatx/D=8
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is especially emphasized for U∞ = 10 m/s. This shape provides a challenge for far-wake models
(BPA, Jensen-Gaussian) that assume monotonic recovery of the wake velocity. Besides x/D ≥ 0
fit (entire centerline), we perform two supplementary fits to the partial centerline. A fit to the
centerline segment x/D ≥ 1 imitates missing data in the very near-wake area (centerline with
data loss). A different fit to the segment x/D ≥ 4 allows comparing the performance of the
far-wake models (monotonic segment fit).
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Figure 4. Normalized wake velocity deficit at the rotor centerline for NBL conditions with
U∞ = 10 m/s. (a) Default parameters, (b) Best overall fits to 10-minute average according
to Table 5. ◦ – LES data, - - - - BPA, — · — Jensen-Gaussian, · · · · · · Ishihara, · · · · · ·(red)
Ishihara for x/D ≥ 0, — · · — Double Gaussian

As seen from Tables 5−8, far-wake models tend to have the best fit for a part of the centerline
segment, starting from x/D ≥ 4. The parameters fitted to the monotonic centerline segment
and the RMSE are close to the ones obtained from best fits to profiles.

Full-wake models (Ishihara, Double Gaussian) capture the centerline velocity profile’s features
more precisely. In general, fitting full-wake models to the entire centerline or the centerline with
data loss returns noticeably different parameters, but rather close RMSEs for single profiles and
horizontal wake. Fitting full-wake models to the monotonic segment usually increases RMSE
for near-wake profiles.

The Ishihara model may show low RMSE when fitted to the monotonic section. In this case,
the fitted model predicts an extremely high velocity deficit in the near-wake (Fig. 4) and sets
the near-wake coefficient p to zero. At the same time, the full centerline fit returns comparable
RMSE for the Ishihara model, but completely different parameters. Therefore, the RMSE
criterion alone is not enough to identify the best fit for the Ishihara model.

The Double Gaussian model improves its accuracy when fitted to the centerline at U∞ =
10 m/s and shows RMSE close to the control fit to the horizontal plane at hub height.
Nevertheless, the Double Gaussian significantly overestimates the wake width and velocity
deficit.

The comparison of cross-section profiles of velocity deficit in the far-wake at x/D = 8 is
presented in Fig. 5 for NBL conditions with U∞ = 10 m/s. The predictions calculated with
default parameters underestimate the wake velocity deficit (Fig. 5a). The default BPA model
has the closest match in terms of wake shape and deficit value. After the fitting (Fig. 5b), the
BPA model follows the LES data most precisely but overestimates the centerline velocity deficit
more than the Jensen-Gaussian and Ishihara models.

The parameters of each Gaussian model are identified for a 10-minute average velocity field.
We provide best fits to a 1-hour average velocity field for NBL conditions with U∞ = 10 m/s for
comparison (Fig. 5c). For a 1-hour average velocity field, the maximum wake deficit at x/D = 8
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As seen from Tables 5−8, far-wake models tend to have the best fit for a part of the centerline
segment, starting from x/D ≥ 4. The parameters fitted to the monotonic centerline segment
and the RMSE are close to the ones obtained from best fits to profiles.

Full-wake models (Ishihara, Double Gaussian) capture the centerline velocity profile’s features
more precisely. In general, fitting full-wake models to the entire centerline or the centerline with
data loss returns noticeably different parameters, but rather close RMSEs for single profiles and
horizontal wake. Fitting full-wake models to the monotonic segment usually increases RMSE
for near-wake profiles.

The Ishihara model may show low RMSE when fitted to the monotonic section. In this case,
the fitted model predicts an extremely high velocity deficit in the near-wake (Fig. 4) and sets
the near-wake coefficient p to zero. At the same time, the full centerline fit returns comparable
RMSE for the Ishihara model, but completely different parameters. Therefore, the RMSE
criterion alone is not enough to identify the best fit for the Ishihara model.

The Double Gaussian model improves its accuracy when fitted to the centerline at U∞ =
10 m/s and shows RMSE close to the control fit to the horizontal plane at hub height.
Nevertheless, the Double Gaussian significantly overestimates the wake width and velocity
deficit.

The comparison of cross-section profiles of velocity deficit in the far-wake at x/D = 8 is
presented in Fig. 5 for NBL conditions with U∞ = 10 m/s. The predictions calculated with
default parameters underestimate the wake velocity deficit (Fig. 5a). The default BPA model
has the closest match in terms of wake shape and deficit value. After the fitting (Fig. 5b), the
BPA model follows the LES data most precisely but overestimates the centerline velocity deficit
more than the Jensen-Gaussian and Ishihara models.

The parameters of each Gaussian model are identified for a 10-minute average velocity field.
We provide best fits to a 1-hour average velocity field for NBL conditions with U∞ = 10 m/s for
comparison (Fig. 5c). For a 1-hour average velocity field, the maximum wake deficit at x/D = 8
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Figure4.NormalizedwakevelocitydeficitattherotorcenterlineforNBLconditionswith
U∞=10m/s.(a)Defaultparameters,(b)Bestoverallfitsto10-minuteaverageaccording
toTable5.◦–LESdata,----BPA,—·—Jensen-Gaussian,······Ishihara,······(red)
Ishiharaforx/D≥0,—··—DoubleGaussian

AsseenfromTables5−8,far-wakemodelstendtohavethebestfitforapartofthecenterline
segment,startingfromx/D≥4.Theparametersfittedtothemonotoniccenterlinesegment
andtheRMSEareclosetotheonesobtainedfrombestfitstoprofiles.

Full-wakemodels(Ishihara,DoubleGaussian)capturethecenterlinevelocityprofile’sfeatures
moreprecisely.Ingeneral,fittingfull-wakemodelstotheentirecenterlineorthecenterlinewith
datalossreturnsnoticeablydifferentparameters,butrathercloseRMSEsforsingleprofilesand
horizontalwake.Fittingfull-wakemodelstothemonotonicsegmentusuallyincreasesRMSE
fornear-wakeprofiles.

TheIshiharamodelmayshowlowRMSEwhenfittedtothemonotonicsection.Inthiscase,
thefittedmodelpredictsanextremelyhighvelocitydeficitinthenear-wake(Fig.4)andsets
thenear-wakecoefficientptozero.Atthesametime,thefullcenterlinefitreturnscomparable
RMSEfortheIshiharamodel,butcompletelydifferentparameters.Therefore,theRMSE
criterionaloneisnotenoughtoidentifythebestfitfortheIshiharamodel.

TheDoubleGaussianmodelimprovesitsaccuracywhenfittedtothecenterlineatU∞=
10m/sandshowsRMSEclosetothecontrolfittothehorizontalplaneathubheight.
Nevertheless,theDoubleGaussiansignificantlyoverestimatesthewakewidthandvelocity
deficit.

Thecomparisonofcross-sectionprofilesofvelocitydeficitinthefar-wakeatx/D=8is
presentedinFig.5forNBLconditionswithU∞=10m/s.Thepredictionscalculatedwith
defaultparametersunderestimatethewakevelocitydeficit(Fig.5a).ThedefaultBPAmodel
hastheclosestmatchintermsofwakeshapeanddeficitvalue.Afterthefitting(Fig.5b),the
BPAmodelfollowstheLESdatamostpreciselybutoverestimatesthecenterlinevelocitydeficit
morethantheJensen-GaussianandIshiharamodels.

TheparametersofeachGaussianmodelareidentifiedfora10-minuteaveragevelocityfield.
Weprovidebestfitstoa1-houraveragevelocityfieldforNBLconditionswithU∞=10m/sfor
comparison(Fig.5c).Fora1-houraveragevelocityfield,themaximumwakedeficitatx/D=8
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horizontalwake.Fittingfull-wakemodelstothemonotonicsegmentusuallyincreasesRMSE
fornear-wakeprofiles.

TheIshiharamodelmayshowlowRMSEwhenfittedtothemonotonicsection.Inthiscase,
thefittedmodelpredictsanextremelyhighvelocitydeficitinthenear-wake(Fig.4)andsets
thenear-wakecoefficientptozero.Atthesametime,thefullcenterlinefitreturnscomparable
RMSEfortheIshiharamodel,butcompletelydifferentparameters.Therefore,theRMSE
criterionaloneisnotenoughtoidentifythebestfitfortheIshiharamodel.

TheDoubleGaussianmodelimprovesitsaccuracywhenfittedtothecenterlineatU∞=
10m/sandshowsRMSEclosetothecontrolfittothehorizontalplaneathubheight.
Nevertheless,theDoubleGaussiansignificantlyoverestimatesthewakewidthandvelocity
deficit.

Thecomparisonofcross-sectionprofilesofvelocitydeficitinthefar-wakeatx/D=8is
presentedinFig.5forNBLconditionswithU∞=10m/s.Thepredictionscalculatedwith
defaultparametersunderestimatethewakevelocitydeficit(Fig.5a).ThedefaultBPAmodel
hastheclosestmatchintermsofwakeshapeanddeficitvalue.Afterthefitting(Fig.5b),the
BPAmodelfollowstheLESdatamostpreciselybutoverestimatesthecenterlinevelocitydeficit
morethantheJensen-GaussianandIshiharamodels.

TheparametersofeachGaussianmodelareidentifiedfora10-minuteaveragevelocityfield.
Weprovidebestfitstoa1-houraveragevelocityfieldforNBLconditionswithU∞=10m/sfor
comparison(Fig.5c).Fora1-houraveragevelocityfield,themaximumwakedeficitatx/D=8
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Figure 5. Cross-section profiles of the
normalized wake velocity deficit at x/D = 8
for NBL conditions with U∞ = 10 m/s. (a)
Default parameters, (b) Best overall fits to
10-minute average according to Table 5, (c)
Best overall fits to 1-hour average.◦ – LES data, - - - - BPA, — · — Jensen-
Gaussian, · · · · · · Ishihara, — · · — Double
Gaussian (c)
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slightly decreases; all models except for the Double Gaussian show good agreement between LES
data and each other.

In the case of SBL conditions with U∞ = 15 m/s (Fig. 6), the Double Gaussian model
shows the highest discrepancy between the LES wake before and after fitting. Other models,
particularly the Ishihara model, have a better agreement.
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Figure 6. Cross-section profiles of the normalized wake velocity deficit at x/D = 8 for SBL
conditions with U∞ = 15 m/s. (a) Default parameters, (b) Best overall fits according to Table 8.◦ – LES data, - - - - BPA, — · — Jensen-Gaussian, · · · · · · Ishihara, — · · — Double Gaussian

The Double Gaussian model is the only one among the regarded models which fully
parametrizes the standard deviation. Therefore, it does not depend on the flow characteristics
directly. It may be one of the reasons the model often overestimates the wake width compared
to the one predicted by the LES and the other Gaussian wake models. A recent paper on the
Double Gaussian model pointed out the momentum conservation issues of the original model
and suggested a modification to resolve them [17].
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Gaussian(c)
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slightlydecreases;allmodelsexceptfortheDoubleGaussianshowgoodagreementbetweenLES
dataandeachother.

InthecaseofSBLconditionswithU∞=15m/s(Fig.6),theDoubleGaussianmodel
showsthehighestdiscrepancybetweentheLESwakebeforeandafterfitting.Othermodels,
particularlytheIshiharamodel,haveabetteragreement.
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Figure6.Cross-sectionprofilesofthenormalizedwakevelocitydeficitatx/D=8forSBL
conditionswithU∞=15m/s.(a)Defaultparameters,(b)BestoverallfitsaccordingtoTable8. ◦–LESdata,----BPA,—·—Jensen-Gaussian,······Ishihara,—··—DoubleGaussian

TheDoubleGaussianmodelistheonlyoneamongtheregardedmodelswhichfully
parametrizesthestandarddeviation.Therefore,itdoesnotdependontheflowcharacteristics
directly.Itmaybeoneofthereasonsthemodeloftenoverestimatesthewakewidthcompared
totheonepredictedbytheLESandtheotherGaussianwakemodels.Arecentpaperonthe
DoubleGaussianmodelpointedoutthemomentumconservationissuesoftheoriginalmodel
andsuggestedamodificationtoresolvethem[17].
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slightlydecreases;allmodelsexceptfortheDoubleGaussianshowgoodagreementbetweenLES
dataandeachother.

InthecaseofSBLconditionswithU∞=15m/s(Fig.6),theDoubleGaussianmodel
showsthehighestdiscrepancybetweentheLESwakebeforeandafterfitting.Othermodels,
particularlytheIshiharamodel,haveabetteragreement.
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TheDoubleGaussianmodelistheonlyoneamongtheregardedmodelswhichfully
parametrizesthestandarddeviation.Therefore,itdoesnotdependontheflowcharacteristics
directly.Itmaybeoneofthereasonsthemodeloftenoverestimatesthewakewidthcompared
totheonepredictedbytheLESandtheotherGaussianwakemodels.Arecentpaperonthe
DoubleGaussianmodelpointedoutthemomentumconservationissuesoftheoriginalmodel
andsuggestedamodificationtoresolvethem[17].
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Figure 5. Cross-section profiles of the
normalized wake velocity deficit at x/D = 8
for NBL conditions with U∞ = 10 m/s. (a)
Default parameters, (b) Best overall fits to
10-minute average according to Table 5, (c)
Best overall fits to 1-hour average.
◦ – LES data, - - - - BPA, — · — Jensen-
Gaussian, · · · · · · Ishihara, — · · — Double
Gaussian (c)
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slightly decreases; all models except for the Double Gaussian show good agreement between LES
data and each other.

In the case of SBL conditions with U∞ = 15 m/s (Fig. 6), the Double Gaussian model
shows the highest discrepancy between the LES wake before and after fitting. Other models,
particularly the Ishihara model, have a better agreement.
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Figure 6. Cross-section profiles of the normalized wake velocity deficit at x/D = 8 for SBL
conditions with U∞ = 15 m/s. (a) Default parameters, (b) Best overall fits according to Table 8.
◦ – LES data, - - - - BPA, — · — Jensen-Gaussian, · · · · · · Ishihara, — · · — Double Gaussian

The Double Gaussian model is the only one among the regarded models which fully
parametrizes the standard deviation. Therefore, it does not depend on the flow characteristics
directly. It may be one of the reasons the model often overestimates the wake width compared
to the one predicted by the LES and the other Gaussian wake models. A recent paper on the
Double Gaussian model pointed out the momentum conservation issues of the original model
and suggested a modification to resolve them [17].
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for NBL conditions with U∞ = 10 m/s. (a)
Default parameters, (b) Best overall fits to
10-minute average according to Table 5, (c)
Best overall fits to 1-hour average.
◦ – LES data, - - - - BPA, — · — Jensen-
Gaussian, · · · · · · Ishihara, — · · — Double
Gaussian (c)
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slightly decreases; all models except for the Double Gaussian show good agreement between LES
data and each other.

In the case of SBL conditions with U∞ = 15 m/s (Fig. 6), the Double Gaussian model
shows the highest discrepancy between the LES wake before and after fitting. Other models,
particularly the Ishihara model, have a better agreement.
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Figure 6. Cross-section profiles of the normalized wake velocity deficit at x/D = 8 for SBL
conditions with U∞ = 15 m/s. (a) Default parameters, (b) Best overall fits according to Table 8.
◦ – LES data, - - - - BPA, — · — Jensen-Gaussian, · · · · · · Ishihara, — · · — Double Gaussian

The Double Gaussian model is the only one among the regarded models which fully
parametrizes the standard deviation. Therefore, it does not depend on the flow characteristics
directly. It may be one of the reasons the model often overestimates the wake width compared
to the one predicted by the LES and the other Gaussian wake models. A recent paper on the
Double Gaussian model pointed out the momentum conservation issues of the original model
and suggested a modification to resolve them [17].
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normalizedwakevelocitydeficitatx/D=8
forNBLconditionswithU∞=10m/s.(a)
Defaultparameters,(b)Bestoverallfitsto
10-minuteaverageaccordingtoTable5,(c)
Bestoverallfitsto1-houraverage.
◦–LESdata,----BPA,—·—Jensen-
Gaussian,······Ishihara,—··—Double
Gaussian(c)
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slightlydecreases;allmodelsexceptfortheDoubleGaussianshowgoodagreementbetweenLES
dataandeachother.

InthecaseofSBLconditionswithU∞=15m/s(Fig.6),theDoubleGaussianmodel
showsthehighestdiscrepancybetweentheLESwakebeforeandafterfitting.Othermodels,
particularlytheIshiharamodel,haveabetteragreement.
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Figure6.Cross-sectionprofilesofthenormalizedwakevelocitydeficitatx/D=8forSBL
conditionswithU∞=15m/s.(a)Defaultparameters,(b)BestoverallfitsaccordingtoTable8.
◦–LESdata,----BPA,—·—Jensen-Gaussian,······Ishihara,—··—DoubleGaussian

TheDoubleGaussianmodelistheonlyoneamongtheregardedmodelswhichfully
parametrizesthestandarddeviation.Therefore,itdoesnotdependontheflowcharacteristics
directly.Itmaybeoneofthereasonsthemodeloftenoverestimatesthewakewidthcompared
totheonepredictedbytheLESandtheotherGaussianwakemodels.Arecentpaperonthe
DoubleGaussianmodelpointedoutthemomentumconservationissuesoftheoriginalmodel
andsuggestedamodificationtoresolvethem[17].
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slightlydecreases;allmodelsexceptfortheDoubleGaussianshowgoodagreementbetweenLES
dataandeachother.

InthecaseofSBLconditionswithU∞=15m/s(Fig.6),theDoubleGaussianmodel
showsthehighestdiscrepancybetweentheLESwakebeforeandafterfitting.Othermodels,
particularlytheIshiharamodel,haveabetteragreement.
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TheDoubleGaussianmodelistheonlyoneamongtheregardedmodelswhichfully
parametrizesthestandarddeviation.Therefore,itdoesnotdependontheflowcharacteristics
directly.Itmaybeoneofthereasonsthemodeloftenoverestimatesthewakewidthcompared
totheonepredictedbytheLESandtheotherGaussianwakemodels.Arecentpaperonthe
DoubleGaussianmodelpointedoutthemomentumconservationissuesoftheoriginalmodel
andsuggestedamodificationtoresolvethem[17].
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slightlydecreases;allmodelsexceptfortheDoubleGaussianshowgoodagreementbetweenLES
dataandeachother.

InthecaseofSBLconditionswithU∞=15m/s(Fig.6),theDoubleGaussianmodel
showsthehighestdiscrepancybetweentheLESwakebeforeandafterfitting.Othermodels,
particularlytheIshiharamodel,haveabetteragreement.
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TheDoubleGaussianmodelistheonlyoneamongtheregardedmodelswhichfully
parametrizesthestandarddeviation.Therefore,itdoesnotdependontheflowcharacteristics
directly.Itmaybeoneofthereasonsthemodeloftenoverestimatesthewakewidthcompared
totheonepredictedbytheLESandtheotherGaussianwakemodels.Arecentpaperonthe
DoubleGaussianmodelpointedoutthemomentumconservationissuesoftheoriginalmodel
andsuggestedamodificationtoresolvethem[17].

EERA DeepWind'2020

Journal of Physics: Conference Series1669 (2020) 012016

IOP Publishing

doi:10.1088/1742-6596/1669/1/012016

14

(a)

0.000.050.100.150.200.250.300.35
ΔUΔU∞

−1.5

−1.0

−0.5

0.0

0.5

1.0

1.5

yΔD

(b)

0.000.050.100.150.200.250.300.35
ΔUΔU∞

−1.5

−1.0

−0.5

0.0

0.5

1.0

1.5

yΔD

Figure5.Cross-sectionprofilesofthe
normalizedwakevelocitydeficitatx/D=8
forNBLconditionswithU∞=10m/s.(a)
Defaultparameters,(b)Bestoverallfitsto
10-minuteaverageaccordingtoTable5,(c)
Bestoverallfitsto1-houraverage.
◦–LESdata,----BPA,—·—Jensen-
Gaussian,······Ishihara,—··—Double
Gaussian(c)

0.000.050.100.150.200.250.300.35
ΔUΔU∞

−1.5

−1.0

−0.5

0.0

0.5

1.0

1.5

yΔD

slightlydecreases;allmodelsexceptfortheDoubleGaussianshowgoodagreementbetweenLES
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InthecaseofSBLconditionswithU∞=15m/s(Fig.6),theDoubleGaussianmodel
showsthehighestdiscrepancybetweentheLESwakebeforeandafterfitting.Othermodels,
particularlytheIshiharamodel,haveabetteragreement.
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TheDoubleGaussianmodelistheonlyoneamongtheregardedmodelswhichfully
parametrizesthestandarddeviation.Therefore,itdoesnotdependontheflowcharacteristics
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simulated data and observed their behavior. The comparison with observations is beyond the
scope of this paper and will be performed in another independent research study.

In this study, we classified Gaussian wake models into two groups. We showed that the
far-wake models (BPA, Jensen-Gaussian) did not accurately describe the near-wake, but they
performed well in the far-wake. Both far-wake models showed a good agreement with the LES
far-wake.

The full-wake models (Ishihara, Double Gaussian) attempt to describe the whole wake. When
fitted to a single profile, they often do not predict the structure of the wake correctly. In some
cases, fitting a full-wake model to the wind turbine centerline improved the predictions and
gave RMSE comparable to the map fit to the horizontal plane at the hub height. Best fits for
the BPA and Ishihara models usually followed the shape of the LES wake rather closely; the
Jensen-Gaussian model predicted narrower width than the other models, but still got the wake
shape right. Nevertheless, there was always a discrepancy between the peak deficit in a profile
predicted by the LES and Gaussian models. The Double Gaussian model showed the worst
agreement with the LES data compared to other models.

Considering that the far-wake approximation possesses more interest in wind farm
applications, the use of far-wake models at the cost of the unresolved or poorly resolved near-
wake can be justified.
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146–153
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far-wakemodels(BPA,Jensen-Gaussian)didnotaccuratelydescribethenear-wake,butthey
performedwellinthefar-wake.Bothfar-wakemodelsshowedagoodagreementwiththeLES
far-wake.

Thefull-wakemodels(Ishihara,DoubleGaussian)attempttodescribethewholewake.When
fittedtoasingleprofile,theyoftendonotpredictthestructureofthewakecorrectly.Insome
cases,fittingafull-wakemodeltothewindturbinecenterlineimprovedthepredictionsand
gaveRMSEcomparabletothemapfittothehorizontalplaneatthehubheight.Bestfitsfor
theBPAandIshiharamodelsusuallyfollowedtheshapeoftheLESwakeratherclosely;the
Jensen-Gaussianmodelpredictednarrowerwidththantheothermodels,butstillgotthewake
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Our main objective was a model-based study. We attempted to fit analytical models to the
simulated data and observed their behavior. The comparison with observations is beyond the
scope of this paper and will be performed in another independent research study.

In this study, we classified Gaussian wake models into two groups. We showed that the
far-wake models (BPA, Jensen-Gaussian) did not accurately describe the near-wake, but they
performed well in the far-wake. Both far-wake models showed a good agreement with the LES
far-wake.

The full-wake models (Ishihara, Double Gaussian) attempt to describe the whole wake. When
fitted to a single profile, they often do not predict the structure of the wake correctly. In some
cases, fitting a full-wake model to the wind turbine centerline improved the predictions and
gave RMSE comparable to the map fit to the horizontal plane at the hub height. Best fits for
the BPA and Ishihara models usually followed the shape of the LES wake rather closely; the
Jensen-Gaussian model predicted narrower width than the other models, but still got the wake
shape right. Nevertheless, there was always a discrepancy between the peak deficit in a profile
predicted by the LES and Gaussian models. The Double Gaussian model showed the worst
agreement with the LES data compared to other models.

Considering that the far-wake approximation possesses more interest in wind farm
applications, the use of far-wake models at the cost of the unresolved or poorly resolved near-
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far-wake.
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fittedtoasingleprofile,theyoftendonotpredictthestructureofthewakecorrectly.Insome
cases,fittingafull-wakemodeltothewindturbinecenterlineimprovedthepredictionsand
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[9]BastankhahMandPorté-AgelF2014Renew.Energy70116–123
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performedwellinthefar-wake.Bothfar-wakemodelsshowedagoodagreementwiththeLES
far-wake.

Thefull-wakemodels(Ishihara,DoubleGaussian)attempttodescribethewholewake.When
fittedtoasingleprofile,theyoftendonotpredictthestructureofthewakecorrectly.Insome
cases,fittingafull-wakemodeltothewindturbinecenterlineimprovedthepredictionsand
gaveRMSEcomparabletothemapfittothehorizontalplaneatthehubheight.Bestfitsfor
theBPAandIshiharamodelsusuallyfollowedtheshapeoftheLESwakeratherclosely;the
Jensen-Gaussianmodelpredictednarrowerwidththantheothermodels,butstillgotthewake
shaperight.Nevertheless,therewasalwaysadiscrepancybetweenthepeakdeficitinaprofile
predictedbytheLESandGaussianmodels.TheDoubleGaussianmodelshowedtheworst
agreementwiththeLESdatacomparedtoothermodels.

Consideringthatthefar-wakeapproximationpossessesmoreinterestinwindfarm
applications,theuseoffar-wakemodelsatthecostoftheunresolvedorpoorlyresolvednear-
wakecanbejustified.
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Abstract. Large-eddy simulation (LES) resolves large-scale
turbulence directly and parametrizes small-scale turbulence.
Resolving micro-scale turbulence, e.g., in wind turbine
wakes, requires both a sufficiently small grid spacing and
a domain large enough to develop turbulent flow. Refining
a grid locally via a nesting interface effectively decreases
the required computational time compared to the global grid
refinement. However, interpolating the flow between nested
grid boundaries introduces another source of uncertainty.
Previous studies reviewed nesting effects for a buoyancy-
driven flow and observed a secondary circulation in the two-
way nested area. Using a nesting interface with a shear-
driven flow in LES, therefore, requires additional verifica-
tion. We use PALM model system 21.10 to simulate a bound-
ary layer in a cascading self-nested domain under neutral,
convective, and stable conditions and verify the results based
on the wind speed measurements taken at the FINO1 plat-
form in the North Sea.

We show that the feedback between parent and child
domains in a two-way nested simulation of a non-neutral
boundary layer alters the circulation in the nested area, de-
spite spectral characteristics following the reference mea-
surements. Unlike the pure buoyancy-driven flow, a non-
neutral shear-driven flow slows down in a two-way nested
area and accelerates after exiting the child domain. We also
briefly review the nesting effect on the velocity profiles and
turbulence anisotropy.

1 Introduction

Large-eddy simulation (LES) allows performing a detailed
process study for areas and situations where we lack appro-
priate field measurements. For this reason, LES is widely
used for high-fidelity simulations of wind flows in wind en-
ergy applications. When considering the turbulent flow, the
grid resolution should be sufficiently high to resolve the rel-
evant turbulence scales (Wurps et al., 2020). Increased grid
resolution comes at the cost of gradually increased computa-
tional time. The overall computational time can be reduced
by refining a grid locally through the nesting interface. While
improving the grid resolution, a nesting interface introduces
new uncertainties in the simulation. Such nesting effects are
documented for buoyancy-driven flows, with the strongest
influence observed for the two-way nesting mode (Moeng
et al., 2007; Hellsten et al., 2021). A buoyancy-driven flow
develops a secondary circulation and decreased velocity in-
side the nested area – the effect becomes prominent for the
data averaged over several hours. However, buoyancy-driven
flows are characterized by near-zero wind speed, while the
wind energy research primarily deals with wind speeds of 5–
25 m s−1. Therefore, shear-driven LES with the nesting inter-
face requires additional verification.

We use the Fortran-based LES code PALM 21.10
(Maronga et al., 2020) to simulate wind flow with a speed
of 12.5 m s−1 at the reference height of 119 m for three sta-
bility conditions: true neutral (NBL), convective (CBL), and
stable (SBL) boundary layers. The initial velocity and tur-
bulence intensity profiles are defined to match 1 h averages
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Abstract.Large-eddysimulation(LES)resolveslarge-scale
turbulencedirectlyandparametrizessmall-scaleturbulence.
Resolvingmicro-scaleturbulence,e.g.,inwindturbine
wakes,requiresbothasufficientlysmallgridspacingand
adomainlargeenoughtodevelopturbulentflow.Refining
agridlocallyviaanestinginterfaceeffectivelydecreases
therequiredcomputationaltimecomparedtotheglobalgrid
refinement.However,interpolatingtheflowbetweennested
gridboundariesintroducesanothersourceofuncertainty.
Previousstudiesreviewednestingeffectsforabuoyancy-
drivenflowandobservedasecondarycirculationinthetwo-
waynestedarea.Usinganestinginterfacewithashear-
drivenflowinLES,therefore,requiresadditionalverifica-
tion.WeusePALMmodelsystem21.10tosimulateabound-
arylayerinacascadingself-nesteddomainunderneutral,
convective,andstableconditionsandverifytheresultsbased
onthewindspeedmeasurementstakenattheFINO1plat-
formintheNorthSea.

Weshowthatthefeedbackbetweenparentandchild
domainsinatwo-waynestedsimulationofanon-neutral
boundarylayeraltersthecirculationinthenestedarea,de-
spitespectralcharacteristicsfollowingthereferencemea-
surements.Unlikethepurebuoyancy-drivenflow,anon-
neutralshear-drivenflowslowsdowninatwo-waynested
areaandacceleratesafterexitingthechilddomain.Wealso
brieflyreviewthenestingeffectonthevelocityprofilesand
turbulenceanisotropy.

1Introduction

Large-eddysimulation(LES)allowsperformingadetailed
processstudyforareasandsituationswherewelackappro-
priatefieldmeasurements.Forthisreason,LESiswidely
usedforhigh-fidelitysimulationsofwindflowsinwinden-
ergyapplications.Whenconsideringtheturbulentflow,the
gridresolutionshouldbesufficientlyhightoresolvetherel-
evantturbulencescales(Wurpsetal.,2020).Increasedgrid
resolutioncomesatthecostofgraduallyincreasedcomputa-
tionaltime.Theoverallcomputationaltimecanbereduced
byrefiningagridlocallythroughthenestinginterface.While
improvingthegridresolution,anestinginterfaceintroduces
newuncertaintiesinthesimulation.Suchnestingeffectsare
documentedforbuoyancy-drivenflows,withthestrongest
influenceobservedforthetwo-waynestingmode(Moeng
etal.,2007;Hellstenetal.,2021).Abuoyancy-drivenflow
developsasecondarycirculationanddecreasedvelocityin-
sidethenestedarea–theeffectbecomesprominentforthe
dataaveragedoverseveralhours.However,buoyancy-driven
flowsarecharacterizedbynear-zerowindspeed,whilethe
windenergyresearchprimarilydealswithwindspeedsof5–
25ms−1.Therefore,shear-drivenLESwiththenestinginter-
facerequiresadditionalverification.

WeusetheFortran-basedLEScodePALM21.10
(Marongaetal.,2020)tosimulatewindflowwithaspeed
of12.5ms−1atthereferenceheightof119mforthreesta-
bilityconditions:trueneutral(NBL),convective(CBL),and
stable(SBL)boundarylayers.Theinitialvelocityandtur-
bulenceintensityprofilesaredefinedtomatch1haverages
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Abstract. Large-eddy simulation (LES) resolves large-scale
turbulence directly and parametrizes small-scale turbulence.
Resolving micro-scale turbulence, e.g., in wind turbine
wakes, requires both a sufficiently small grid spacing and
a domain large enough to develop turbulent flow. Refining
a grid locally via a nesting interface effectively decreases
the required computational time compared to the global grid
refinement. However, interpolating the flow between nested
grid boundaries introduces another source of uncertainty.
Previous studies reviewed nesting effects for a buoyancy-
driven flow and observed a secondary circulation in the two-
way nested area. Using a nesting interface with a shear-
driven flow in LES, therefore, requires additional verifica-
tion. We use PALM model system 21.10 to simulate a bound-
ary layer in a cascading self-nested domain under neutral,
convective, and stable conditions and verify the results based
on the wind speed measurements taken at the FINO1 plat-
form in the North Sea.

We show that the feedback between parent and child
domains in a two-way nested simulation of a non-neutral
boundary layer alters the circulation in the nested area, de-
spite spectral characteristics following the reference mea-
surements. Unlike the pure buoyancy-driven flow, a non-
neutral shear-driven flow slows down in a two-way nested
area and accelerates after exiting the child domain. We also
briefly review the nesting effect on the velocity profiles and
turbulence anisotropy.

1 Introduction

Large-eddy simulation (LES) allows performing a detailed
process study for areas and situations where we lack appro-
priate field measurements. For this reason, LES is widely
used for high-fidelity simulations of wind flows in wind en-
ergy applications. When considering the turbulent flow, the
grid resolution should be sufficiently high to resolve the rel-
evant turbulence scales (Wurps et al., 2020). Increased grid
resolution comes at the cost of gradually increased computa-
tional time. The overall computational time can be reduced
by refining a grid locally through the nesting interface. While
improving the grid resolution, a nesting interface introduces
new uncertainties in the simulation. Such nesting effects are
documented for buoyancy-driven flows, with the strongest
influence observed for the two-way nesting mode (Moeng
et al., 2007; Hellsten et al., 2021). A buoyancy-driven flow
develops a secondary circulation and decreased velocity in-
side the nested area – the effect becomes prominent for the
data averaged over several hours. However, buoyancy-driven
flows are characterized by near-zero wind speed, while the
wind energy research primarily deals with wind speeds of 5–
25 m s

−1. Therefore, shear-driven LES with the nesting inter-
face requires additional verification.

We use the Fortran-based LES code PALM 21.10
(Maronga et al., 2020) to simulate wind flow with a speed
of 12.5 m s

−1 at the reference height of 119 m for three sta-
bility conditions: true neutral (NBL), convective (CBL), and
stable (SBL) boundary layers. The initial velocity and tur-
bulence intensity profiles are defined to match 1 h averages
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tion. We use PALM model system 21.10 to simulate a bound-
ary layer in a cascading self-nested domain under neutral,
convective, and stable conditions and verify the results based
on the wind speed measurements taken at the FINO1 plat-
form in the North Sea.

We show that the feedback between parent and child
domains in a two-way nested simulation of a non-neutral
boundary layer alters the circulation in the nested area, de-
spite spectral characteristics following the reference mea-
surements. Unlike the pure buoyancy-driven flow, a non-
neutral shear-driven flow slows down in a two-way nested
area and accelerates after exiting the child domain. We also
briefly review the nesting effect on the velocity profiles and
turbulence anisotropy.

1 Introduction

Large-eddy simulation (LES) allows performing a detailed
process study for areas and situations where we lack appro-
priate field measurements. For this reason, LES is widely
used for high-fidelity simulations of wind flows in wind en-
ergy applications. When considering the turbulent flow, the
grid resolution should be sufficiently high to resolve the rel-
evant turbulence scales (Wurps et al., 2020). Increased grid
resolution comes at the cost of gradually increased computa-
tional time. The overall computational time can be reduced
by refining a grid locally through the nesting interface. While
improving the grid resolution, a nesting interface introduces
new uncertainties in the simulation. Such nesting effects are
documented for buoyancy-driven flows, with the strongest
influence observed for the two-way nesting mode (Moeng
et al., 2007; Hellsten et al., 2021). A buoyancy-driven flow
develops a secondary circulation and decreased velocity in-
side the nested area – the effect becomes prominent for the
data averaged over several hours. However, buoyancy-driven
flows are characterized by near-zero wind speed, while the
wind energy research primarily deals with wind speeds of 5–
25 m s

−1. Therefore, shear-driven LES with the nesting inter-
face requires additional verification.

We use the Fortran-based LES code PALM 21.10
(Maronga et al., 2020) to simulate wind flow with a speed
of 12.5 m s

−1 at the reference height of 119 m for three sta-
bility conditions: true neutral (NBL), convective (CBL), and
stable (SBL) boundary layers. The initial velocity and tur-
bulence intensity profiles are defined to match 1 h averages
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Abstract.Large-eddysimulation(LES)resolveslarge-scale
turbulencedirectlyandparametrizessmall-scaleturbulence.
Resolvingmicro-scaleturbulence,e.g.,inwindturbine
wakes,requiresbothasufficientlysmallgridspacingand
adomainlargeenoughtodevelopturbulentflow.Refining
agridlocallyviaanestinginterfaceeffectivelydecreases
therequiredcomputationaltimecomparedtotheglobalgrid
refinement.However,interpolatingtheflowbetweennested
gridboundariesintroducesanothersourceofuncertainty.
Previousstudiesreviewednestingeffectsforabuoyancy-
drivenflowandobservedasecondarycirculationinthetwo-
waynestedarea.Usinganestinginterfacewithashear-
drivenflowinLES,therefore,requiresadditionalverifica-
tion.WeusePALMmodelsystem21.10tosimulateabound-
arylayerinacascadingself-nesteddomainunderneutral,
convective,andstableconditionsandverifytheresultsbased
onthewindspeedmeasurementstakenattheFINO1plat-
formintheNorthSea.

Weshowthatthefeedbackbetweenparentandchild
domainsinatwo-waynestedsimulationofanon-neutral
boundarylayeraltersthecirculationinthenestedarea,de-
spitespectralcharacteristicsfollowingthereferencemea-
surements.Unlikethepurebuoyancy-drivenflow,anon-
neutralshear-drivenflowslowsdowninatwo-waynested
areaandacceleratesafterexitingthechilddomain.Wealso
brieflyreviewthenestingeffectonthevelocityprofilesand
turbulenceanisotropy.

1Introduction

Large-eddysimulation(LES)allowsperformingadetailed
processstudyforareasandsituationswherewelackappro-
priatefieldmeasurements.Forthisreason,LESiswidely
usedforhigh-fidelitysimulationsofwindflowsinwinden-
ergyapplications.Whenconsideringtheturbulentflow,the
gridresolutionshouldbesufficientlyhightoresolvetherel-
evantturbulencescales(Wurpsetal.,2020).Increasedgrid
resolutioncomesatthecostofgraduallyincreasedcomputa-
tionaltime.Theoverallcomputationaltimecanbereduced
byrefiningagridlocallythroughthenestinginterface.While
improvingthegridresolution,anestinginterfaceintroduces
newuncertaintiesinthesimulation.Suchnestingeffectsare
documentedforbuoyancy-drivenflows,withthestrongest
influenceobservedforthetwo-waynestingmode(Moeng
etal.,2007;Hellstenetal.,2021).Abuoyancy-drivenflow
developsasecondarycirculationanddecreasedvelocityin-
sidethenestedarea–theeffectbecomesprominentforthe
dataaveragedoverseveralhours.However,buoyancy-driven
flowsarecharacterizedbynear-zerowindspeed,whilethe
windenergyresearchprimarilydealswithwindspeedsof5–
25ms

−1.Therefore,shear-drivenLESwiththenestinginter-
facerequiresadditionalverification.

WeusetheFortran-basedLEScodePALM21.10
(Marongaetal.,2020)tosimulatewindflowwithaspeed
of12.5ms

−1atthereferenceheightof119mforthreesta-
bilityconditions:trueneutral(NBL),convective(CBL),and
stable(SBL)boundarylayers.Theinitialvelocityandtur-
bulenceintensityprofilesaredefinedtomatch1haverages
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of the sonic anemometer time series as processed by Nybø
et al. (2019). The domain is simulated for a non-nested grid
and nested grids with one-way or two-way nesting modes.
The resulting turbulence statistics are then compared with the
measurements to evaluate the model’s performance.

2 Data

The reference measurements contain wind speed directional
components u, v, and w recorded with sonic anemometers
during the Offshore Boundary-Layer Experiment at FINO1
(OBLEX-F1) campaign in 2015–2016 in the North Sea. The
meteorological mast is installed on the FINO1 platform lo-
cated in the North Sea at 54◦00′53.5′′ N, 6◦35′15.5′′ E, 45 km
to the north of the German island of Borkum.

The sonic anemometers were installed at the meteorolog-
ical mast at 40, 60, and 80 m. The measurements were pro-
cessed by Nybø et al. (2019) and organized into 1 h time se-
ries of 1 Hz frequency. Each processed series corresponds to
different pairs of a stability condition and mean wind speed
at the reference height of 119 m. This height was chosen as
an outlook into future wind turbine development and corre-
sponds to a hub height of the DTU reference 10 MW tur-
bine (Bak et al., 2013). The reference height unifies different
stability conditions under the assumption of a similar flow
speed. Due to the computational time restrictions, we simu-
late only those conditions where the horizontal wind speed
reaches approximately U119 = 12.5 m s−1 at the reference
height (Table 1).

The wind speed U119 at the reference height was esti-
mated from the measurement data. Since the measurements
are originally available only for three levels, the mean wind
speed profile was approximated by Nybø et al. (2020) by fit-
ting the logarithmic law

u(z)= uF1

 ln
(
z
z0
−ψ

)
ln
(
zF1
z0
−ψ

)
 , (1)

where the wind speed uF1 measured at FINO1 is taken for
the highest available level zF1 = 80 m, and the stability cor-
rection function ψ is defined as in Stull (1988):

ψ =


0 – NBL,
−2ln 1+x

2 − ln 1+x2

2 + 2arctanx− π
2 – CBL,

4.7ζ – SBL,
(2)

where x = (1−15ζ )1/4. The stability parameter ζ is derived
from the height above the surface z and Obukhov length L as

ζ =
z

L
. (3)

The roughness length z0 in Eq. (1) is, therefore, a fitting
parameter to be found. The estimation is based on the as-
sumption that the boundary layer extends beyond 119 m so

that the logarithmic law can be applied to the mean wind
profile. During the simulation, we attempt to match the mean
wind profile, including the estimated wind speed at 119 m
and turbulence intensity calculated for levels 40, 60, and
80 m.

3 Methodology

3.1 PALM LES model

We perform a free-flow large-eddy simulation (LES) using
the Fortran code PALM developed at Leibniz Universität
Hannover (Maronga et al., 2020). PALM utilizes a staggered
Arakawa C grid: the velocity components are defined at the
grid cell edges and are shifted by a half-grid spacing; the
scalar variables are defined at the center of a grid cell. The
subgrid-scale fluxes are resolved via the Deardorff 1.5-order
closure model.

By default, PALM solves prognostic equations for the ve-
locity components u, v, and w and potential temperature θ .
If the stability condition is set to true neutral, the tempera-
ture is considered constant, and the corresponding equation
is not solved. Buoyancy terms are also not considered in a
true neutral simulation

A nested simulation in PALM consists of at least one
child domain inside a parent domain. Each child domain
can simultaneously be a parent domain for another child do-
main, thus forming a cascading self-nested structure. The
top-level parent domain is further referred to as the root do-
main to make a distinction from inner parent domains. Over-
all, PALM supports simulation of one root domain and up to
63 child domains.

The nesting algorithm is constructed in a way to opti-
mize computational time for multiple child domains (Hell-
sten et al., 2021). The nested domains communicate via
interpolation which is performed just before the pressure-
correction step, so that the time-consuming pressure solver
is run only once per the time step. The solution at the nested
boundaries of a parent domain – velocity components and
scalar quantities, e.g., temperature and humidity – is linearly
interpolated to all nested boundaries, except the bottom sur-
face, as boundary conditions. The bottom surface is always
located at a zero level as in the root domain and utilizes
Dirichlet or Neumann boundary conditions as prescribed in
the corresponding child domain input files.

After the interpolation, the prognostic equations are solved
for a child domain. In the case of cascading nesting, the pro-
cedure is repeated until the solution is found for all nested
domains at the current step. In a one-way nesting case, the
simulation proceeds to the pressure-correction step, so the
solution in parent domains remains unaffected by the solu-
tion in child domains. In a two-way nesting case, PALM uses
an anterpolation scheme – a term suggested by Sullivan et
al. (1988) and first described by Clark and Farley (1984).
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ofthesonicanemometertimeseriesasprocessedbyNybø
etal.(2019).Thedomainissimulatedforanon-nestedgrid
andnestedgridswithone-wayortwo-waynestingmodes.
Theresultingturbulencestatisticsarethencomparedwiththe
measurementstoevaluatethemodel’sperformance.

2Data

Thereferencemeasurementscontainwindspeeddirectional
componentsu,v,andwrecordedwithsonicanemometers
duringtheOffshoreBoundary-LayerExperimentatFINO1
(OBLEX-F1)campaignin2015–2016intheNorthSea.The
meteorologicalmastisinstalledontheFINO1platformlo-
catedintheNorthSeaat54◦00′53.5′′N,6◦35′15.5′′E,45km
tothenorthoftheGermanislandofBorkum.

Thesonicanemometerswereinstalledatthemeteorolog-
icalmastat40,60,and80m.Themeasurementswerepro-
cessedbyNybøetal.(2019)andorganizedinto1htimese-
riesof1Hzfrequency.Eachprocessedseriescorrespondsto
differentpairsofastabilityconditionandmeanwindspeed
atthereferenceheightof119m.Thisheightwaschosenas
anoutlookintofuturewindturbinedevelopmentandcorre-
spondstoahubheightoftheDTUreference10MWtur-
bine(Baketal.,2013).Thereferenceheightunifiesdifferent
stabilityconditionsundertheassumptionofasimilarflow
speed.Duetothecomputationaltimerestrictions,wesimu-
lateonlythoseconditionswherethehorizontalwindspeed
reachesapproximatelyU119=12.5ms−1atthereference
height(Table1).

ThewindspeedU119atthereferenceheightwasesti-
matedfromthemeasurementdata.Sincethemeasurements
areoriginallyavailableonlyforthreelevels,themeanwind
speedprofilewasapproximatedbyNybøetal.(2020)byfit-
tingthelogarithmiclaw

u(z)=uF1

ln
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ln
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thehighestavailablelevelzF1=80m,andthestabilitycor-
rectionfunctionψisdefinedasinStull(1988):

ψ=


0–NBL,
−2ln1+x

2−ln1+x2
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(2)

wherex=(1−15ζ)1/4.Thestabilityparameterζisderived
fromtheheightabovethesurfacezandObukhovlengthLas

ζ=
z

L
.(3)

Theroughnesslengthz0inEq.(1)is,therefore,afitting
parametertobefound.Theestimationisbasedontheas-
sumptionthattheboundarylayerextendsbeyond119mso

thatthelogarithmiclawcanbeappliedtothemeanwind
profile.Duringthesimulation,weattempttomatchthemean
windprofile,includingtheestimatedwindspeedat119m
andturbulenceintensitycalculatedforlevels40,60,and
80m.

3Methodology

3.1PALMLESmodel

Weperformafree-flowlarge-eddysimulation(LES)using
theFortrancodePALMdevelopedatLeibnizUniversität
Hannover(Marongaetal.,2020).PALMutilizesastaggered
ArakawaCgrid:thevelocitycomponentsaredefinedatthe
gridcelledgesandareshiftedbyahalf-gridspacing;the
scalarvariablesaredefinedatthecenterofagridcell.The
subgrid-scalefluxesareresolvedviatheDeardorff1.5-order
closuremodel.

Bydefault,PALMsolvesprognosticequationsfortheve-
locitycomponentsu,v,andwandpotentialtemperatureθ.
Ifthestabilityconditionissettotrueneutral,thetempera-
tureisconsideredconstant,andthecorrespondingequation
isnotsolved.Buoyancytermsarealsonotconsideredina
trueneutralsimulation

AnestedsimulationinPALMconsistsofatleastone
childdomaininsideaparentdomain.Eachchilddomain
cansimultaneouslybeaparentdomainforanotherchilddo-
main,thusformingacascadingself-nestedstructure.The
top-levelparentdomainisfurtherreferredtoastherootdo-
maintomakeadistinctionfrominnerparentdomains.Over-
all,PALMsupportssimulationofonerootdomainandupto
63childdomains.

Thenestingalgorithmisconstructedinawaytoopti-
mizecomputationaltimeformultiplechilddomains(Hell-
stenetal.,2021).Thenesteddomainscommunicatevia
interpolationwhichisperformedjustbeforethepressure-
correctionstep,sothatthetime-consumingpressuresolver
isrunonlyonceperthetimestep.Thesolutionatthenested
boundariesofaparentdomain–velocitycomponentsand
scalarquantities,e.g.,temperatureandhumidity–islinearly
interpolatedtoallnestedboundaries,exceptthebottomsur-
face,asboundaryconditions.Thebottomsurfaceisalways
locatedatazerolevelasintherootdomainandutilizes
DirichletorNeumannboundaryconditionsasprescribedin
thecorrespondingchilddomaininputfiles.

Aftertheinterpolation,theprognosticequationsaresolved
forachilddomain.Inthecaseofcascadingnesting,thepro-
cedureisrepeateduntilthesolutionisfoundforallnested
domainsatthecurrentstep.Inaone-waynestingcase,the
simulationproceedstothepressure-correctionstep,sothe
solutioninparentdomainsremainsunaffectedbythesolu-
tioninchilddomains.Inatwo-waynestingcase,PALMuses
ananterpolationscheme–atermsuggestedbySullivanet
al.(1988)andfirstdescribedbyClarkandFarley(1984).
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anoutlookintofuturewindturbinedevelopmentandcorre-
spondstoahubheightoftheDTUreference10MWtur-
bine(Baketal.,2013).Thereferenceheightunifiesdifferent
stabilityconditionsundertheassumptionofasimilarflow
speed.Duetothecomputationaltimerestrictions,wesimu-
lateonlythoseconditionswherethehorizontalwindspeed
reachesapproximatelyU119=12.5ms−1atthereference
height(Table1).

ThewindspeedU119atthereferenceheightwasesti-
matedfromthemeasurementdata.Sincethemeasurements
areoriginallyavailableonlyforthreelevels,themeanwind
speedprofilewasapproximatedbyNybøetal.(2020)byfit-
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thatthelogarithmiclawcanbeappliedtothemeanwind
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Weperformafree-flowlarge-eddysimulation(LES)using
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ArakawaCgrid:thevelocitycomponentsaredefinedatthe
gridcelledgesandareshiftedbyahalf-gridspacing;the
scalarvariablesaredefinedatthecenterofagridcell.The
subgrid-scalefluxesareresolvedviatheDeardorff1.5-order
closuremodel.

Bydefault,PALMsolvesprognosticequationsfortheve-
locitycomponentsu,v,andwandpotentialtemperatureθ.
Ifthestabilityconditionissettotrueneutral,thetempera-
tureisconsideredconstant,andthecorrespondingequation
isnotsolved.Buoyancytermsarealsonotconsideredina
trueneutralsimulation

AnestedsimulationinPALMconsistsofatleastone
childdomaininsideaparentdomain.Eachchilddomain
cansimultaneouslybeaparentdomainforanotherchilddo-
main,thusformingacascadingself-nestedstructure.The
top-levelparentdomainisfurtherreferredtoastherootdo-
maintomakeadistinctionfrominnerparentdomains.Over-
all,PALMsupportssimulationofonerootdomainandupto
63childdomains.

Thenestingalgorithmisconstructedinawaytoopti-
mizecomputationaltimeformultiplechilddomains(Hell-
stenetal.,2021).Thenesteddomainscommunicatevia
interpolationwhichisperformedjustbeforethepressure-
correctionstep,sothatthetime-consumingpressuresolver
isrunonlyonceperthetimestep.Thesolutionatthenested
boundariesofaparentdomain–velocitycomponentsand
scalarquantities,e.g.,temperatureandhumidity–islinearly
interpolatedtoallnestedboundaries,exceptthebottomsur-
face,asboundaryconditions.Thebottomsurfaceisalways
locatedatazerolevelasintherootdomainandutilizes
DirichletorNeumannboundaryconditionsasprescribedin
thecorrespondingchilddomaininputfiles.

Aftertheinterpolation,theprognosticequationsaresolved
forachilddomain.Inthecaseofcascadingnesting,thepro-
cedureisrepeateduntilthesolutionisfoundforallnested
domainsatthecurrentstep.Inaone-waynestingcase,the
simulationproceedstothepressure-correctionstep,sothe
solutioninparentdomainsremainsunaffectedbythesolu-
tioninchilddomains.Inatwo-waynestingcase,PALMuses
ananterpolationscheme–atermsuggestedbySullivanet
al.(1988)andfirstdescribedbyClarkandFarley(1984).
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of the sonic anemometer time series as processed by Nybø
et al. (2019). The domain is simulated for a non-nested grid
and nested grids with one-way or two-way nesting modes.
The resulting turbulence statistics are then compared with the
measurements to evaluate the model’s performance.

2 Data

The reference measurements contain wind speed directional
components u, v, and w recorded with sonic anemometers
during the Offshore Boundary-Layer Experiment at FINO1
(OBLEX-F1) campaign in 2015–2016 in the North Sea. The
meteorological mast is installed on the FINO1 platform lo-
cated in the North Sea at 54

◦
00
′
53.5

′′
N, 6

◦
35
′
15.5

′′
E, 45 km

to the north of the German island of Borkum.
The sonic anemometers were installed at the meteorolog-

ical mast at 40, 60, and 80 m. The measurements were pro-
cessed by Nybø et al. (2019) and organized into 1 h time se-
ries of 1 Hz frequency. Each processed series corresponds to
different pairs of a stability condition and mean wind speed
at the reference height of 119 m. This height was chosen as
an outlook into future wind turbine development and corre-
sponds to a hub height of the DTU reference 10 MW tur-
bine (Bak et al., 2013). The reference height unifies different
stability conditions under the assumption of a similar flow
speed. Due to the computational time restrictions, we simu-
late only those conditions where the horizontal wind speed
reaches approximately U119 = 12.5 m s

−1 at the reference
height (Table 1).

The wind speed U119 at the reference height was esti-
mated from the measurement data. Since the measurements
are originally available only for three levels, the mean wind
speed profile was approximated by Nybø et al. (2020) by fit-
ting the logarithmic law

u(z)= uF1

 ln( zz0
−ψ)

ln( zF1
z0
−ψ)


, (1)

where the wind speed uF1 measured at FINO1 is taken for
the highest available level zF1 = 80 m, and the stability cor-
rection function ψ is defined as in Stull (1988):

ψ =




0 – NBL,
−2ln 1+x

2 − ln 1+x2

2 + 2arctanx−
π
2 – CBL,

4.7ζ – SBL,
(2)

where x = (1−15ζ )1/4. The stability parameter ζ is derived
from the height above the surface z and Obukhov length L as

ζ =
z

L
. (3)

The roughness length z0 in Eq. (1) is, therefore, a fitting
parameter to be found. The estimation is based on the as-
sumption that the boundary layer extends beyond 119 m so

that the logarithmic law can be applied to the mean wind
profile. During the simulation, we attempt to match the mean
wind profile, including the estimated wind speed at 119 m
and turbulence intensity calculated for levels 40, 60, and
80 m.

3 Methodology

3.1 PALM LES model

We perform a free-flow large-eddy simulation (LES) using
the Fortran code PALM developed at Leibniz Universität
Hannover (Maronga et al., 2020). PALM utilizes a staggered
Arakawa C grid: the velocity components are defined at the
grid cell edges and are shifted by a half-grid spacing; the
scalar variables are defined at the center of a grid cell. The
subgrid-scale fluxes are resolved via the Deardorff 1.5-order
closure model.

By default, PALM solves prognostic equations for the ve-
locity components u, v, and w and potential temperature θ .
If the stability condition is set to true neutral, the tempera-
ture is considered constant, and the corresponding equation
is not solved. Buoyancy terms are also not considered in a
true neutral simulation

A nested simulation in PALM consists of at least one
child domain inside a parent domain. Each child domain
can simultaneously be a parent domain for another child do-
main, thus forming a cascading self-nested structure. The
top-level parent domain is further referred to as the root do-
main to make a distinction from inner parent domains. Over-
all, PALM supports simulation of one root domain and up to
63 child domains.

The nesting algorithm is constructed in a way to opti-
mize computational time for multiple child domains (Hell-
sten et al., 2021). The nested domains communicate via
interpolation which is performed just before the pressure-
correction step, so that the time-consuming pressure solver
is run only once per the time step. The solution at the nested
boundaries of a parent domain – velocity components and
scalar quantities, e.g., temperature and humidity – is linearly
interpolated to all nested boundaries, except the bottom sur-
face, as boundary conditions. The bottom surface is always
located at a zero level as in the root domain and utilizes
Dirichlet or Neumann boundary conditions as prescribed in
the corresponding child domain input files.

After the interpolation, the prognostic equations are solved
for a child domain. In the case of cascading nesting, the pro-
cedure is repeated until the solution is found for all nested
domains at the current step. In a one-way nesting case, the
simulation proceeds to the pressure-correction step, so the
solution in parent domains remains unaffected by the solu-
tion in child domains. In a two-way nesting case, PALM uses
an anterpolation scheme – a term suggested by Sullivan et
al. (1988) and first described by Clark and Farley (1984).
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of the sonic anemometer time series as processed by Nybø
et al. (2019). The domain is simulated for a non-nested grid
and nested grids with one-way or two-way nesting modes.
The resulting turbulence statistics are then compared with the
measurements to evaluate the model’s performance.

2 Data

The reference measurements contain wind speed directional
components u, v, and w recorded with sonic anemometers
during the Offshore Boundary-Layer Experiment at FINO1
(OBLEX-F1) campaign in 2015–2016 in the North Sea. The
meteorological mast is installed on the FINO1 platform lo-
cated in the North Sea at 54
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The sonic anemometers were installed at the meteorolog-

ical mast at 40, 60, and 80 m. The measurements were pro-
cessed by Nybø et al. (2019) and organized into 1 h time se-
ries of 1 Hz frequency. Each processed series corresponds to
different pairs of a stability condition and mean wind speed
at the reference height of 119 m. This height was chosen as
an outlook into future wind turbine development and corre-
sponds to a hub height of the DTU reference 10 MW tur-
bine (Bak et al., 2013). The reference height unifies different
stability conditions under the assumption of a similar flow
speed. Due to the computational time restrictions, we simu-
late only those conditions where the horizontal wind speed
reaches approximately U119 = 12.5 m s

−1 at the reference
height (Table 1).

The wind speed U119 at the reference height was esti-
mated from the measurement data. Since the measurements
are originally available only for three levels, the mean wind
speed profile was approximated by Nybø et al. (2020) by fit-
ting the logarithmic law

u(z)= uF1

 ln( zz0
−ψ)

ln( zF1
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−ψ)
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, (1)

where the wind speed uF1 measured at FINO1 is taken for
the highest available level zF1 = 80 m, and the stability cor-
rection function ψ is defined as in Stull (1988):

ψ =
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−2ln 1+x

2 − ln 1+x2
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4.7ζ – SBL,
(2)

where x = (1−15ζ )1/4. The stability parameter ζ is derived
from the height above the surface z and Obukhov length L as

ζ =
z

L
. (3)

The roughness length z0 in Eq. (1) is, therefore, a fitting
parameter to be found. The estimation is based on the as-
sumption that the boundary layer extends beyond 119 m so

that the logarithmic law can be applied to the mean wind
profile. During the simulation, we attempt to match the mean
wind profile, including the estimated wind speed at 119 m
and turbulence intensity calculated for levels 40, 60, and
80 m.

3 Methodology

3.1 PALM LES model

We perform a free-flow large-eddy simulation (LES) using
the Fortran code PALM developed at Leibniz Universität
Hannover (Maronga et al., 2020). PALM utilizes a staggered
Arakawa C grid: the velocity components are defined at the
grid cell edges and are shifted by a half-grid spacing; the
scalar variables are defined at the center of a grid cell. The
subgrid-scale fluxes are resolved via the Deardorff 1.5-order
closure model.

By default, PALM solves prognostic equations for the ve-
locity components u, v, and w and potential temperature θ .
If the stability condition is set to true neutral, the tempera-
ture is considered constant, and the corresponding equation
is not solved. Buoyancy terms are also not considered in a
true neutral simulation

A nested simulation in PALM consists of at least one
child domain inside a parent domain. Each child domain
can simultaneously be a parent domain for another child do-
main, thus forming a cascading self-nested structure. The
top-level parent domain is further referred to as the root do-
main to make a distinction from inner parent domains. Over-
all, PALM supports simulation of one root domain and up to
63 child domains.

The nesting algorithm is constructed in a way to opti-
mize computational time for multiple child domains (Hell-
sten et al., 2021). The nested domains communicate via
interpolation which is performed just before the pressure-
correction step, so that the time-consuming pressure solver
is run only once per the time step. The solution at the nested
boundaries of a parent domain – velocity components and
scalar quantities, e.g., temperature and humidity – is linearly
interpolated to all nested boundaries, except the bottom sur-
face, as boundary conditions. The bottom surface is always
located at a zero level as in the root domain and utilizes
Dirichlet or Neumann boundary conditions as prescribed in
the corresponding child domain input files.

After the interpolation, the prognostic equations are solved
for a child domain. In the case of cascading nesting, the pro-
cedure is repeated until the solution is found for all nested
domains at the current step. In a one-way nesting case, the
simulation proceeds to the pressure-correction step, so the
solution in parent domains remains unaffected by the solu-
tion in child domains. In a two-way nesting case, PALM uses
an anterpolation scheme – a term suggested by Sullivan et
al. (1988) and first described by Clark and Farley (1984).
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ofthesonicanemometertimeseriesasprocessedbyNybø
etal.(2019).Thedomainissimulatedforanon-nestedgrid
andnestedgridswithone-wayortwo-waynestingmodes.
Theresultingturbulencestatisticsarethencomparedwiththe
measurementstoevaluatethemodel’sperformance.

2Data

Thereferencemeasurementscontainwindspeeddirectional
componentsu,v,andwrecordedwithsonicanemometers
duringtheOffshoreBoundary-LayerExperimentatFINO1
(OBLEX-F1)campaignin2015–2016intheNorthSea.The
meteorologicalmastisinstalledontheFINO1platformlo-
catedintheNorthSeaat54

◦
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′
53.5

′′
N,6

◦
35
′
15.5

′′
E,45km

tothenorthoftheGermanislandofBorkum.
Thesonicanemometerswereinstalledatthemeteorolog-

icalmastat40,60,and80m.Themeasurementswerepro-
cessedbyNybøetal.(2019)andorganizedinto1htimese-
riesof1Hzfrequency.Eachprocessedseriescorrespondsto
differentpairsofastabilityconditionandmeanwindspeed
atthereferenceheightof119m.Thisheightwaschosenas
anoutlookintofuturewindturbinedevelopmentandcorre-
spondstoahubheightoftheDTUreference10MWtur-
bine(Baketal.,2013).Thereferenceheightunifiesdifferent
stabilityconditionsundertheassumptionofasimilarflow
speed.Duetothecomputationaltimerestrictions,wesimu-
lateonlythoseconditionswherethehorizontalwindspeed
reachesapproximatelyU119=12.5ms

−1atthereference
height(Table1).

ThewindspeedU119atthereferenceheightwasesti-
matedfromthemeasurementdata.Sincethemeasurements
areoriginallyavailableonlyforthreelevels,themeanwind
speedprofilewasapproximatedbyNybøetal.(2020)byfit-
tingthelogarithmiclaw

u(z)=uF1

ln(zz0
−ψ)

ln(zF1
z0
−ψ)


,(1)

wherethewindspeeduF1measuredatFINO1istakenfor
thehighestavailablelevelzF1=80m,andthestabilitycor-
rectionfunctionψisdefinedasinStull(1988):

ψ=




0–NBL,
−2ln1+x

2−ln1+x2

2+2arctanx−
π
2–CBL,

4.7ζ–SBL,
(2)

wherex=(1−15ζ)1/4.Thestabilityparameterζisderived
fromtheheightabovethesurfacezandObukhovlengthLas

ζ=
z

L
.(3)

Theroughnesslengthz0inEq.(1)is,therefore,afitting
parametertobefound.Theestimationisbasedontheas-
sumptionthattheboundarylayerextendsbeyond119mso

thatthelogarithmiclawcanbeappliedtothemeanwind
profile.Duringthesimulation,weattempttomatchthemean
windprofile,includingtheestimatedwindspeedat119m
andturbulenceintensitycalculatedforlevels40,60,and
80m.

3Methodology

3.1PALMLESmodel

Weperformafree-flowlarge-eddysimulation(LES)using
theFortrancodePALMdevelopedatLeibnizUniversität
Hannover(Marongaetal.,2020).PALMutilizesastaggered
ArakawaCgrid:thevelocitycomponentsaredefinedatthe
gridcelledgesandareshiftedbyahalf-gridspacing;the
scalarvariablesaredefinedatthecenterofagridcell.The
subgrid-scalefluxesareresolvedviatheDeardorff1.5-order
closuremodel.

Bydefault,PALMsolvesprognosticequationsfortheve-
locitycomponentsu,v,andwandpotentialtemperatureθ.
Ifthestabilityconditionissettotrueneutral,thetempera-
tureisconsideredconstant,andthecorrespondingequation
isnotsolved.Buoyancytermsarealsonotconsideredina
trueneutralsimulation

AnestedsimulationinPALMconsistsofatleastone
childdomaininsideaparentdomain.Eachchilddomain
cansimultaneouslybeaparentdomainforanotherchilddo-
main,thusformingacascadingself-nestedstructure.The
top-levelparentdomainisfurtherreferredtoastherootdo-
maintomakeadistinctionfrominnerparentdomains.Over-
all,PALMsupportssimulationofonerootdomainandupto
63childdomains.

Thenestingalgorithmisconstructedinawaytoopti-
mizecomputationaltimeformultiplechilddomains(Hell-
stenetal.,2021).Thenesteddomainscommunicatevia
interpolationwhichisperformedjustbeforethepressure-
correctionstep,sothatthetime-consumingpressuresolver
isrunonlyonceperthetimestep.Thesolutionatthenested
boundariesofaparentdomain–velocitycomponentsand
scalarquantities,e.g.,temperatureandhumidity–islinearly
interpolatedtoallnestedboundaries,exceptthebottomsur-
face,asboundaryconditions.Thebottomsurfaceisalways
locatedatazerolevelasintherootdomainandutilizes
DirichletorNeumannboundaryconditionsasprescribedin
thecorrespondingchilddomaininputfiles.

Aftertheinterpolation,theprognosticequationsaresolved
forachilddomain.Inthecaseofcascadingnesting,thepro-
cedureisrepeateduntilthesolutionisfoundforallnested
domainsatthecurrentstep.Inaone-waynestingcase,the
simulationproceedstothepressure-correctionstep,sothe
solutioninparentdomainsremainsunaffectedbythesolu-
tioninchilddomains.Inatwo-waynestingcase,PALMuses
ananterpolationscheme–atermsuggestedbySullivanet
al.(1988)andfirstdescribedbyClarkandFarley(1984).

Geosci.ModelDev.,16,3553–3564,2023https://doi.org/10.5194/gmd-16-3553-2023

3554M.Krutovaetal.:Self-nestedsimulationsinPALMforwindenergyapplication

ofthesonicanemometertimeseriesasprocessedbyNybø
etal.(2019).Thedomainissimulatedforanon-nestedgrid
andnestedgridswithone-wayortwo-waynestingmodes.
Theresultingturbulencestatisticsarethencomparedwiththe
measurementstoevaluatethemodel’sperformance.

2Data

Thereferencemeasurementscontainwindspeeddirectional
componentsu,v,andwrecordedwithsonicanemometers
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(OBLEX-F1)campaignin2015–2016intheNorthSea.The
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icalmastat40,60,and80m.Themeasurementswerepro-
cessedbyNybøetal.(2019)andorganizedinto1htimese-
riesof1Hzfrequency.Eachprocessedseriescorrespondsto
differentpairsofastabilityconditionandmeanwindspeed
atthereferenceheightof119m.Thisheightwaschosenas
anoutlookintofuturewindturbinedevelopmentandcorre-
spondstoahubheightoftheDTUreference10MWtur-
bine(Baketal.,2013).Thereferenceheightunifiesdifferent
stabilityconditionsundertheassumptionofasimilarflow
speed.Duetothecomputationaltimerestrictions,wesimu-
lateonlythoseconditionswherethehorizontalwindspeed
reachesapproximatelyU119=12.5ms

−1atthereference
height(Table1).

ThewindspeedU119atthereferenceheightwasesti-
matedfromthemeasurementdata.Sincethemeasurements
areoriginallyavailableonlyforthreelevels,themeanwind
speedprofilewasapproximatedbyNybøetal.(2020)byfit-
tingthelogarithmiclaw
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wherethewindspeeduF1measuredatFINO1istakenfor
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Theroughnesslengthz0inEq.(1)is,therefore,afitting
parametertobefound.Theestimationisbasedontheas-
sumptionthattheboundarylayerextendsbeyond119mso

thatthelogarithmiclawcanbeappliedtothemeanwind
profile.Duringthesimulation,weattempttomatchthemean
windprofile,includingtheestimatedwindspeedat119m
andturbulenceintensitycalculatedforlevels40,60,and
80m.

3Methodology

3.1PALMLESmodel

Weperformafree-flowlarge-eddysimulation(LES)using
theFortrancodePALMdevelopedatLeibnizUniversität
Hannover(Marongaetal.,2020).PALMutilizesastaggered
ArakawaCgrid:thevelocitycomponentsaredefinedatthe
gridcelledgesandareshiftedbyahalf-gridspacing;the
scalarvariablesaredefinedatthecenterofagridcell.The
subgrid-scalefluxesareresolvedviatheDeardorff1.5-order
closuremodel.

Bydefault,PALMsolvesprognosticequationsfortheve-
locitycomponentsu,v,andwandpotentialtemperatureθ.
Ifthestabilityconditionissettotrueneutral,thetempera-
tureisconsideredconstant,andthecorrespondingequation
isnotsolved.Buoyancytermsarealsonotconsideredina
trueneutralsimulation

AnestedsimulationinPALMconsistsofatleastone
childdomaininsideaparentdomain.Eachchilddomain
cansimultaneouslybeaparentdomainforanotherchilddo-
main,thusformingacascadingself-nestedstructure.The
top-levelparentdomainisfurtherreferredtoastherootdo-
maintomakeadistinctionfrominnerparentdomains.Over-
all,PALMsupportssimulationofonerootdomainandupto
63childdomains.

Thenestingalgorithmisconstructedinawaytoopti-
mizecomputationaltimeformultiplechilddomains(Hell-
stenetal.,2021).Thenesteddomainscommunicatevia
interpolationwhichisperformedjustbeforethepressure-
correctionstep,sothatthetime-consumingpressuresolver
isrunonlyonceperthetimestep.Thesolutionatthenested
boundariesofaparentdomain–velocitycomponentsand
scalarquantities,e.g.,temperatureandhumidity–islinearly
interpolatedtoallnestedboundaries,exceptthebottomsur-
face,asboundaryconditions.Thebottomsurfaceisalways
locatedatazerolevelasintherootdomainandutilizes
DirichletorNeumannboundaryconditionsasprescribedin
thecorrespondingchilddomaininputfiles.

Aftertheinterpolation,theprognosticequationsaresolved
forachilddomain.Inthecaseofcascadingnesting,thepro-
cedureisrepeateduntilthesolutionisfoundforallnested
domainsatthecurrentstep.Inaone-waynestingcase,the
simulationproceedstothepressure-correctionstep,sothe
solutioninparentdomainsremainsunaffectedbythesolu-
tioninchilddomains.Inatwo-waynestingcase,PALMuses
ananterpolationscheme–atermsuggestedbySullivanet
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etal.(2019).Thedomainissimulatedforanon-nestedgrid
andnestedgridswithone-wayortwo-waynestingmodes.
Theresultingturbulencestatisticsarethencomparedwiththe
measurementstoevaluatethemodel’sperformance.

2Data

Thereferencemeasurementscontainwindspeeddirectional
componentsu,v,andwrecordedwithsonicanemometers
duringtheOffshoreBoundary-LayerExperimentatFINO1
(OBLEX-F1)campaignin2015–2016intheNorthSea.The
meteorologicalmastisinstalledontheFINO1platformlo-
catedintheNorthSeaat54
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tothenorthoftheGermanislandofBorkum.
Thesonicanemometerswereinstalledatthemeteorolog-

icalmastat40,60,and80m.Themeasurementswerepro-
cessedbyNybøetal.(2019)andorganizedinto1htimese-
riesof1Hzfrequency.Eachprocessedseriescorrespondsto
differentpairsofastabilityconditionandmeanwindspeed
atthereferenceheightof119m.Thisheightwaschosenas
anoutlookintofuturewindturbinedevelopmentandcorre-
spondstoahubheightoftheDTUreference10MWtur-
bine(Baketal.,2013).Thereferenceheightunifiesdifferent
stabilityconditionsundertheassumptionofasimilarflow
speed.Duetothecomputationaltimerestrictions,wesimu-
lateonlythoseconditionswherethehorizontalwindspeed
reachesapproximatelyU119=12.5ms

−1atthereference
height(Table1).

ThewindspeedU119atthereferenceheightwasesti-
matedfromthemeasurementdata.Sincethemeasurements
areoriginallyavailableonlyforthreelevels,themeanwind
speedprofilewasapproximatedbyNybøetal.(2020)byfit-
tingthelogarithmiclaw

u(z)=uF1

ln(zz0
−ψ)

ln(zF1
z0
−ψ)


,(1)

wherethewindspeeduF1measuredatFINO1istakenfor
thehighestavailablelevelzF1=80m,andthestabilitycor-
rectionfunctionψisdefinedasinStull(1988):

ψ=




0–NBL,
−2ln1+x

2−ln1+x2

2+2arctanx−
π
2–CBL,

4.7ζ–SBL,
(2)

wherex=(1−15ζ)1/4.Thestabilityparameterζisderived
fromtheheightabovethesurfacezandObukhovlengthLas

ζ=
z

L
.(3)

Theroughnesslengthz0inEq.(1)is,therefore,afitting
parametertobefound.Theestimationisbasedontheas-
sumptionthattheboundarylayerextendsbeyond119mso

thatthelogarithmiclawcanbeappliedtothemeanwind
profile.Duringthesimulation,weattempttomatchthemean
windprofile,includingtheestimatedwindspeedat119m
andturbulenceintensitycalculatedforlevels40,60,and
80m.

3Methodology

3.1PALMLESmodel

Weperformafree-flowlarge-eddysimulation(LES)using
theFortrancodePALMdevelopedatLeibnizUniversität
Hannover(Marongaetal.,2020).PALMutilizesastaggered
ArakawaCgrid:thevelocitycomponentsaredefinedatthe
gridcelledgesandareshiftedbyahalf-gridspacing;the
scalarvariablesaredefinedatthecenterofagridcell.The
subgrid-scalefluxesareresolvedviatheDeardorff1.5-order
closuremodel.

Bydefault,PALMsolvesprognosticequationsfortheve-
locitycomponentsu,v,andwandpotentialtemperatureθ.
Ifthestabilityconditionissettotrueneutral,thetempera-
tureisconsideredconstant,andthecorrespondingequation
isnotsolved.Buoyancytermsarealsonotconsideredina
trueneutralsimulation

AnestedsimulationinPALMconsistsofatleastone
childdomaininsideaparentdomain.Eachchilddomain
cansimultaneouslybeaparentdomainforanotherchilddo-
main,thusformingacascadingself-nestedstructure.The
top-levelparentdomainisfurtherreferredtoastherootdo-
maintomakeadistinctionfrominnerparentdomains.Over-
all,PALMsupportssimulationofonerootdomainandupto
63childdomains.

Thenestingalgorithmisconstructedinawaytoopti-
mizecomputationaltimeformultiplechilddomains(Hell-
stenetal.,2021).Thenesteddomainscommunicatevia
interpolationwhichisperformedjustbeforethepressure-
correctionstep,sothatthetime-consumingpressuresolver
isrunonlyonceperthetimestep.Thesolutionatthenested
boundariesofaparentdomain–velocitycomponentsand
scalarquantities,e.g.,temperatureandhumidity–islinearly
interpolatedtoallnestedboundaries,exceptthebottomsur-
face,asboundaryconditions.Thebottomsurfaceisalways
locatedatazerolevelasintherootdomainandutilizes
DirichletorNeumannboundaryconditionsasprescribedin
thecorrespondingchilddomaininputfiles.

Aftertheinterpolation,theprognosticequationsaresolved
forachilddomain.Inthecaseofcascadingnesting,thepro-
cedureisrepeateduntilthesolutionisfoundforallnested
domainsatthecurrentstep.Inaone-waynestingcase,the
simulationproceedstothepressure-correctionstep,sothe
solutioninparentdomainsremainsunaffectedbythesolu-
tioninchilddomains.Inatwo-waynestingcase,PALMuses
ananterpolationscheme–atermsuggestedbySullivanet
al.(1988)andfirstdescribedbyClarkandFarley(1984).
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sumptionthattheboundarylayerextendsbeyond119mso

thatthelogarithmiclawcanbeappliedtothemeanwind
profile.Duringthesimulation,weattempttomatchthemean
windprofile,includingtheestimatedwindspeedat119m
andturbulenceintensitycalculatedforlevels40,60,and
80m.

3Methodology

3.1PALMLESmodel

Weperformafree-flowlarge-eddysimulation(LES)using
theFortrancodePALMdevelopedatLeibnizUniversität
Hannover(Marongaetal.,2020).PALMutilizesastaggered
ArakawaCgrid:thevelocitycomponentsaredefinedatthe
gridcelledgesandareshiftedbyahalf-gridspacing;the
scalarvariablesaredefinedatthecenterofagridcell.The
subgrid-scalefluxesareresolvedviatheDeardorff1.5-order
closuremodel.

Bydefault,PALMsolvesprognosticequationsfortheve-
locitycomponentsu,v,andwandpotentialtemperatureθ.
Ifthestabilityconditionissettotrueneutral,thetempera-
tureisconsideredconstant,andthecorrespondingequation
isnotsolved.Buoyancytermsarealsonotconsideredina
trueneutralsimulation

AnestedsimulationinPALMconsistsofatleastone
childdomaininsideaparentdomain.Eachchilddomain
cansimultaneouslybeaparentdomainforanotherchilddo-
main,thusformingacascadingself-nestedstructure.The
top-levelparentdomainisfurtherreferredtoastherootdo-
maintomakeadistinctionfrominnerparentdomains.Over-
all,PALMsupportssimulationofonerootdomainandupto
63childdomains.

Thenestingalgorithmisconstructedinawaytoopti-
mizecomputationaltimeformultiplechilddomains(Hell-
stenetal.,2021).Thenesteddomainscommunicatevia
interpolationwhichisperformedjustbeforethepressure-
correctionstep,sothatthetime-consumingpressuresolver
isrunonlyonceperthetimestep.Thesolutionatthenested
boundariesofaparentdomain–velocitycomponentsand
scalarquantities,e.g.,temperatureandhumidity–islinearly
interpolatedtoallnestedboundaries,exceptthebottomsur-
face,asboundaryconditions.Thebottomsurfaceisalways
locatedatazerolevelasintherootdomainandutilizes
DirichletorNeumannboundaryconditionsasprescribedin
thecorrespondingchilddomaininputfiles.

Aftertheinterpolation,theprognosticequationsaresolved
forachilddomain.Inthecaseofcascadingnesting,thepro-
cedureisrepeateduntilthesolutionisfoundforallnested
domainsatthecurrentstep.Inaone-waynestingcase,the
simulationproceedstothepressure-correctionstep,sothe
solutioninparentdomainsremainsunaffectedbythesolu-
tioninchilddomains.Inatwo-waynestingcase,PALMuses
ananterpolationscheme–atermsuggestedbySullivanet
al.(1988)andfirstdescribedbyClarkandFarley(1984).
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Table 1. Aggregated statistics of 1 h sonic anemometer time series.

Stability U119, TI80, L, ζ ψ 1 h period start,
m s−1 % m UTC

NBL 12.41 6.6 2753 0.043 0 18 April 2016 04:30
CBL 12.58 6.1 −451 −0.263 0.528 22 February 2016 19:00
SBL 12.14 3.2 158 0.753 −3.540 2 June 2016 16:30

The technical details behind the implementation in PALM
are explained in Hellsten et al. (2021). Each child domain
anterpolates its solution via first-order integration to the re-
spective parent domain before the pressure-correction step.
Therefore, the two-way nested solution remains similar in the
nested area, while the one-way nested solution may eventu-
ally diverge for parent and child domains.

3.2 Precursor and main LES run parameters

One of the ways PALM can simulate a turbulent flow is a pre-
cursor scheme, which does not require complex dynamic in-
put data and effectively reduces the domain size required for
turbulence development (Witha et al., 2014). First, a small
precursor domain is simulated with cyclic boundaries un-
til the flow reaches a steady state. The resulting mean wind
speed and temperature profiles are then copied over the larger
main domain to set up an initial non-cyclic flow with a de-
veloped turbulence. Provided that the main run is simulated
with the same forcing as the precursor, the mean profiles in
the main run remain stationary.

The size of the precursor domain is usually smaller than
for the main run, and the y-shift procedure is performed at
left/right cyclic boundaries to avoid non-physical regularity
of the flow (Munters et al., 2016). The y-shift procedure is
also applied in the main run for an additional disruption of
regularity. Using the precursor scheme also ensures that an
idealized input flow remains the same within a stability case
regarded.

The grid characteristics of the root and innermost child
domain in the PALM simulation were selected to closely
match the SOWFA simulation in Nybø et al. (2020). The ra-
tio between the parent and child domains’ grid spacing, thus,
would reach 8 (from 10 to 1.25 m for NBL and CBL cases)
or 4 (from 5 to 1.25 m for SBL case). As shown by Hell-
sten et al. (2021), the discrepancy with a fine-grid simulation
in PALM increases if the grid spacing ratio is 4 or higher.
Therefore, we add intermediate child domains and reduce
the grid spacing by a factor of 2 until the desired refinement
is reached. Hence, NBL and CBL simulations contain three
child domains, while the SBL simulation has two (Tables 2
and 3, Fig. 1).

We perform one-way and two-way nested simulations. To
evaluate the nesting effect, we also simulate domains without
nested grids using the same precursor flow. Due to high com-

Table 2. Grid parameters for NBL and CBL nested domains
(Fig. 1a).

Bottom-left
corner

Domain Nx Ny Nz 1x , m x, m y, m

Precursor 256 256 160 10 – –
Precursor 512 512 256 5 – –
Root 1024 512 160 10 – –
Child #1 384 192 128 5 4480 2080
Child #2 640 256 192 2.5 4640 2240
Child #3 1024 256 256 1.25 4800 2400

Table 3. Grid parameters for SBL nested domains (Fig. 1b).

Bottom-left
corner

Domain Nx Ny Nz 1x , m x, m y, m

Precursor 512 288 160 5 – –
Root 1920 384 160 5 – –
Child #1 640 256 192 2.5 3840 640
Child #2 1024 256 256 1.25 4000 800

putational time and memory requirements, we only simulate
non-nested domains for the grid spacing of1x = 10 and 5 m.

The precursor profiles undergo development during a sim-
ulation and thus may deviate from the initial profiles. The
precursor’s input parameters are then selected so that the re-
sulting steady-state profiles of mean wind speed and turbu-
lence intensity follow the values estimated from the measure-
ments, particularly the wind speed at the reference height.
The Coriolis force is switched off; hence the required wind
speed and turbulence intensity profiles in the precursor run
are enforced by a combination of the parameters: the initial
mean wind U0, the pressure gradient forcing dp/dx, and the
roughness length z0. The NBL case is run as the true neu-
tral flow with no heat flux. The CBL case is defined via the
positive heat flux w′θ ′ in addition to the parameters men-
tioned above. The SBL case uses surface cooling over time
dTs/dt instead of the heat flux (Wurps et al., 2020). NBL and
SBL cases start with zero temperature gradient; the CBL case
has an initial temperature gradient of 1 K (100 m)−1. The sur-
face temperature Ts is varied to match the conditions ob-
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Table1.Aggregatedstatisticsof1hsonicanemometertimeseries.

StabilityU119,TI80,L,ζψ1hperiodstart,
ms−1%mUTC

NBL12.416.627530.043018April201604:30
CBL12.586.1−451−0.2630.52822February201619:00
SBL12.143.21580.753−3.5402June201616:30

ThetechnicaldetailsbehindtheimplementationinPALM
areexplainedinHellstenetal.(2021).Eachchilddomain
anterpolatesitssolutionviafirst-orderintegrationtothere-
spectiveparentdomainbeforethepressure-correctionstep.
Therefore,thetwo-waynestedsolutionremainssimilarinthe
nestedarea,whiletheone-waynestedsolutionmayeventu-
allydivergeforparentandchilddomains.

3.2PrecursorandmainLESrunparameters

OneofthewaysPALMcansimulateaturbulentflowisapre-
cursorscheme,whichdoesnotrequirecomplexdynamicin-
putdataandeffectivelyreducesthedomainsizerequiredfor
turbulencedevelopment(Withaetal.,2014).First,asmall
precursordomainissimulatedwithcyclicboundariesun-
tiltheflowreachesasteadystate.Theresultingmeanwind
speedandtemperatureprofilesarethencopiedoverthelarger
maindomaintosetupaninitialnon-cyclicflowwithade-
velopedturbulence.Providedthatthemainrunissimulated
withthesameforcingastheprecursor,themeanprofilesin
themainrunremainstationary.

Thesizeoftheprecursordomainisusuallysmallerthan
forthemainrun,andthey-shiftprocedureisperformedat
left/rightcyclicboundariestoavoidnon-physicalregularity
oftheflow(Muntersetal.,2016).They-shiftprocedureis
alsoappliedinthemainrunforanadditionaldisruptionof
regularity.Usingtheprecursorschemealsoensuresthatan
idealizedinputflowremainsthesamewithinastabilitycase
regarded.

Thegridcharacteristicsoftherootandinnermostchild
domaininthePALMsimulationwereselectedtoclosely
matchtheSOWFAsimulationinNybøetal.(2020).Thera-
tiobetweentheparentandchilddomains’gridspacing,thus,
wouldreach8(from10to1.25mforNBLandCBLcases)
or4(from5to1.25mforSBLcase).AsshownbyHell-
stenetal.(2021),thediscrepancywithafine-gridsimulation
inPALMincreasesifthegridspacingratiois4orhigher.
Therefore,weaddintermediatechilddomainsandreduce
thegridspacingbyafactorof2untilthedesiredrefinement
isreached.Hence,NBLandCBLsimulationscontainthree
childdomains,whiletheSBLsimulationhastwo(Tables2
and3,Fig.1).

Weperformone-wayandtwo-waynestedsimulations.To
evaluatethenestingeffect,wealsosimulatedomainswithout
nestedgridsusingthesameprecursorflow.Duetohighcom-

Table2.GridparametersforNBLandCBLnesteddomains
(Fig.1a).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor25625616010––
Precursor5125122565––
Root102451216010––
Child#1384192128544802080
Child#26402561922.546402240
Child#310242562561.2548002400

Table3.GridparametersforSBLnesteddomains(Fig.1b).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor5122881605––
Root19203841605––
Child#16402561922.53840640
Child#210242562561.254000800

putationaltimeandmemoryrequirements,weonlysimulate
non-nesteddomainsforthegridspacingof1x=10and5m.

Theprecursorprofilesundergodevelopmentduringasim-
ulationandthusmaydeviatefromtheinitialprofiles.The
precursor’sinputparametersarethenselectedsothatthere-
sultingsteady-stateprofilesofmeanwindspeedandturbu-
lenceintensityfollowthevaluesestimatedfromthemeasure-
ments,particularlythewindspeedatthereferenceheight.
TheCoriolisforceisswitchedoff;hencetherequiredwind
speedandturbulenceintensityprofilesintheprecursorrun
areenforcedbyacombinationoftheparameters:theinitial
meanwindU0,thepressuregradientforcingdp/dx,andthe
roughnesslengthz0.TheNBLcaseisrunasthetrueneu-
tralflowwithnoheatflux.TheCBLcaseisdefinedviathe
positiveheatfluxw′θ′inadditiontotheparametersmen-
tionedabove.TheSBLcaseusessurfacecoolingovertime
dTs/dtinsteadoftheheatflux(Wurpsetal.,2020).NBLand
SBLcasesstartwithzerotemperaturegradient;theCBLcase
hasaninitialtemperaturegradientof1K(100m)−1.Thesur-
facetemperatureTsisvariedtomatchtheconditionsob-
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Table1.Aggregatedstatisticsof1hsonicanemometertimeseries.
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anterpolatesitssolutionviafirst-orderintegrationtothere-
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Therefore,thetwo-waynestedsolutionremainssimilarinthe
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alsoappliedinthemainrunforanadditionaldisruptionof
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regarded.
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stenetal.(2021),thediscrepancywithafine-gridsimulation
inPALMincreasesifthegridspacingratiois4orhigher.
Therefore,weaddintermediatechilddomainsandreduce
thegridspacingbyafactorof2untilthedesiredrefinement
isreached.Hence,NBLandCBLsimulationscontainthree
childdomains,whiletheSBLsimulationhastwo(Tables2
and3,Fig.1).

Weperformone-wayandtwo-waynestedsimulations.To
evaluatethenestingeffect,wealsosimulatedomainswithout
nestedgridsusingthesameprecursorflow.Duetohighcom-
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putationaltimeandmemoryrequirements,weonlysimulate
non-nesteddomainsforthegridspacingof1x=10and5m.

Theprecursorprofilesundergodevelopmentduringasim-
ulationandthusmaydeviatefromtheinitialprofiles.The
precursor’sinputparametersarethenselectedsothatthere-
sultingsteady-stateprofilesofmeanwindspeedandturbu-
lenceintensityfollowthevaluesestimatedfromthemeasure-
ments,particularlythewindspeedatthereferenceheight.
TheCoriolisforceisswitchedoff;hencetherequiredwind
speedandturbulenceintensityprofilesintheprecursorrun
areenforcedbyacombinationoftheparameters:theinitial
meanwindU0,thepressuregradientforcingdp/dx,andthe
roughnesslengthz0.TheNBLcaseisrunasthetrueneu-
tralflowwithnoheatflux.TheCBLcaseisdefinedviathe
positiveheatfluxw′θ′inadditiontotheparametersmen-
tionedabove.TheSBLcaseusessurfacecoolingovertime
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Table 1. Aggregated statistics of 1 h sonic anemometer time series.

Stability U119, TI80, L, ζ ψ 1 h period start,
m s
−1 % m UTC

NBL 12.41 6.6 2753 0.043 0 18 April 2016 04:30
CBL 12.58 6.1 −451 −0.263 0.528 22 February 2016 19:00
SBL 12.14 3.2 158 0.753 −3.540 2 June 2016 16:30

The technical details behind the implementation in PALM
are explained in Hellsten et al. (2021). Each child domain
anterpolates its solution via first-order integration to the re-
spective parent domain before the pressure-correction step.
Therefore, the two-way nested solution remains similar in the
nested area, while the one-way nested solution may eventu-
ally diverge for parent and child domains.

3.2 Precursor and main LES run parameters

One of the ways PALM can simulate a turbulent flow is a pre-
cursor scheme, which does not require complex dynamic in-
put data and effectively reduces the domain size required for
turbulence development (Witha et al., 2014). First, a small
precursor domain is simulated with cyclic boundaries un-
til the flow reaches a steady state. The resulting mean wind
speed and temperature profiles are then copied over the larger
main domain to set up an initial non-cyclic flow with a de-
veloped turbulence. Provided that the main run is simulated
with the same forcing as the precursor, the mean profiles in
the main run remain stationary.

The size of the precursor domain is usually smaller than
for the main run, and the y-shift procedure is performed at
left/right cyclic boundaries to avoid non-physical regularity
of the flow (Munters et al., 2016). The y-shift procedure is
also applied in the main run for an additional disruption of
regularity. Using the precursor scheme also ensures that an
idealized input flow remains the same within a stability case
regarded.

The grid characteristics of the root and innermost child
domain in the PALM simulation were selected to closely
match the SOWFA simulation in Nybø et al. (2020). The ra-
tio between the parent and child domains’ grid spacing, thus,
would reach 8 (from 10 to 1.25 m for NBL and CBL cases)
or 4 (from 5 to 1.25 m for SBL case). As shown by Hell-
sten et al. (2021), the discrepancy with a fine-grid simulation
in PALM increases if the grid spacing ratio is 4 or higher.
Therefore, we add intermediate child domains and reduce
the grid spacing by a factor of 2 until the desired refinement
is reached. Hence, NBL and CBL simulations contain three
child domains, while the SBL simulation has two (Tables 2
and 3, Fig. 1).

We perform one-way and two-way nested simulations. To
evaluate the nesting effect, we also simulate domains without
nested grids using the same precursor flow. Due to high com-

Table 2. Grid parameters for NBL and CBL nested domains
(Fig. 1a).

Bottom-left
corner

Domain Nx Ny Nz 1x , m x, m y, m

Precursor 256 256 160 10 – –
Precursor 512 512 256 5 – –
Root 1024 512 160 10 – –
Child #1 384 192 128 5 4480 2080
Child #2 640 256 192 2.5 4640 2240
Child #3 1024 256 256 1.25 4800 2400

Table 3. Grid parameters for SBL nested domains (Fig. 1b).

Bottom-left
corner

Domain Nx Ny Nz 1x , m x, m y, m

Precursor 512 288 160 5 – –
Root 1920 384 160 5 – –
Child #1 640 256 192 2.5 3840 640
Child #2 1024 256 256 1.25 4000 800

putational time and memory requirements, we only simulate
non-nested domains for the grid spacing of1x = 10 and 5 m.

The precursor profiles undergo development during a sim-
ulation and thus may deviate from the initial profiles. The
precursor’s input parameters are then selected so that the re-
sulting steady-state profiles of mean wind speed and turbu-
lence intensity follow the values estimated from the measure-
ments, particularly the wind speed at the reference height.
The Coriolis force is switched off; hence the required wind
speed and turbulence intensity profiles in the precursor run
are enforced by a combination of the parameters: the initial
mean wind U0, the pressure gradient forcing dp/dx, and the
roughness length z0. The NBL case is run as the true neu-
tral flow with no heat flux. The CBL case is defined via the
positive heat flux w

′
θ
′

in addition to the parameters men-
tioned above. The SBL case uses surface cooling over time
dTs/dt instead of the heat flux (Wurps et al., 2020). NBL and
SBL cases start with zero temperature gradient; the CBL case
has an initial temperature gradient of 1 K (100 m)

−1. The sur-
face temperature Ts is varied to match the conditions ob-
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Table 1. Aggregated statistics of 1 h sonic anemometer time series.

Stability U119, TI80, L, ζ ψ 1 h period start,
m s
−1 % m UTC

NBL 12.41 6.6 2753 0.043 0 18 April 2016 04:30
CBL 12.58 6.1 −451 −0.263 0.528 22 February 2016 19:00
SBL 12.14 3.2 158 0.753 −3.540 2 June 2016 16:30

The technical details behind the implementation in PALM
are explained in Hellsten et al. (2021). Each child domain
anterpolates its solution via first-order integration to the re-
spective parent domain before the pressure-correction step.
Therefore, the two-way nested solution remains similar in the
nested area, while the one-way nested solution may eventu-
ally diverge for parent and child domains.

3.2 Precursor and main LES run parameters

One of the ways PALM can simulate a turbulent flow is a pre-
cursor scheme, which does not require complex dynamic in-
put data and effectively reduces the domain size required for
turbulence development (Witha et al., 2014). First, a small
precursor domain is simulated with cyclic boundaries un-
til the flow reaches a steady state. The resulting mean wind
speed and temperature profiles are then copied over the larger
main domain to set up an initial non-cyclic flow with a de-
veloped turbulence. Provided that the main run is simulated
with the same forcing as the precursor, the mean profiles in
the main run remain stationary.

The size of the precursor domain is usually smaller than
for the main run, and the y-shift procedure is performed at
left/right cyclic boundaries to avoid non-physical regularity
of the flow (Munters et al., 2016). The y-shift procedure is
also applied in the main run for an additional disruption of
regularity. Using the precursor scheme also ensures that an
idealized input flow remains the same within a stability case
regarded.

The grid characteristics of the root and innermost child
domain in the PALM simulation were selected to closely
match the SOWFA simulation in Nybø et al. (2020). The ra-
tio between the parent and child domains’ grid spacing, thus,
would reach 8 (from 10 to 1.25 m for NBL and CBL cases)
or 4 (from 5 to 1.25 m for SBL case). As shown by Hell-
sten et al. (2021), the discrepancy with a fine-grid simulation
in PALM increases if the grid spacing ratio is 4 or higher.
Therefore, we add intermediate child domains and reduce
the grid spacing by a factor of 2 until the desired refinement
is reached. Hence, NBL and CBL simulations contain three
child domains, while the SBL simulation has two (Tables 2
and 3, Fig. 1).

We perform one-way and two-way nested simulations. To
evaluate the nesting effect, we also simulate domains without
nested grids using the same precursor flow. Due to high com-

Table 2. Grid parameters for NBL and CBL nested domains
(Fig. 1a).

Bottom-left
corner

Domain Nx Ny Nz 1x , m x, m y, m

Precursor 256 256 160 10 – –
Precursor 512 512 256 5 – –
Root 1024 512 160 10 – –
Child #1 384 192 128 5 4480 2080
Child #2 640 256 192 2.5 4640 2240
Child #3 1024 256 256 1.25 4800 2400

Table 3. Grid parameters for SBL nested domains (Fig. 1b).

Bottom-left
corner

Domain Nx Ny Nz 1x , m x, m y, m

Precursor 512 288 160 5 – –
Root 1920 384 160 5 – –
Child #1 640 256 192 2.5 3840 640
Child #2 1024 256 256 1.25 4000 800

putational time and memory requirements, we only simulate
non-nested domains for the grid spacing of1x = 10 and 5 m.

The precursor profiles undergo development during a sim-
ulation and thus may deviate from the initial profiles. The
precursor’s input parameters are then selected so that the re-
sulting steady-state profiles of mean wind speed and turbu-
lence intensity follow the values estimated from the measure-
ments, particularly the wind speed at the reference height.
The Coriolis force is switched off; hence the required wind
speed and turbulence intensity profiles in the precursor run
are enforced by a combination of the parameters: the initial
mean wind U0, the pressure gradient forcing dp/dx, and the
roughness length z0. The NBL case is run as the true neu-
tral flow with no heat flux. The CBL case is defined via the
positive heat flux w

′
θ
′

in addition to the parameters men-
tioned above. The SBL case uses surface cooling over time
dTs/dt instead of the heat flux (Wurps et al., 2020). NBL and
SBL cases start with zero temperature gradient; the CBL case
has an initial temperature gradient of 1 K (100 m)

−1. The sur-
face temperature Ts is varied to match the conditions ob-
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Table1.Aggregatedstatisticsof1hsonicanemometertimeseries.

StabilityU119,TI80,L,ζψ1hperiodstart,
ms
−1%mUTC

NBL12.416.627530.043018April201604:30
CBL12.586.1−451−0.2630.52822February201619:00
SBL12.143.21580.753−3.5402June201616:30

ThetechnicaldetailsbehindtheimplementationinPALM
areexplainedinHellstenetal.(2021).Eachchilddomain
anterpolatesitssolutionviafirst-orderintegrationtothere-
spectiveparentdomainbeforethepressure-correctionstep.
Therefore,thetwo-waynestedsolutionremainssimilarinthe
nestedarea,whiletheone-waynestedsolutionmayeventu-
allydivergeforparentandchilddomains.

3.2PrecursorandmainLESrunparameters

OneofthewaysPALMcansimulateaturbulentflowisapre-
cursorscheme,whichdoesnotrequirecomplexdynamicin-
putdataandeffectivelyreducesthedomainsizerequiredfor
turbulencedevelopment(Withaetal.,2014).First,asmall
precursordomainissimulatedwithcyclicboundariesun-
tiltheflowreachesasteadystate.Theresultingmeanwind
speedandtemperatureprofilesarethencopiedoverthelarger
maindomaintosetupaninitialnon-cyclicflowwithade-
velopedturbulence.Providedthatthemainrunissimulated
withthesameforcingastheprecursor,themeanprofilesin
themainrunremainstationary.

Thesizeoftheprecursordomainisusuallysmallerthan
forthemainrun,andthey-shiftprocedureisperformedat
left/rightcyclicboundariestoavoidnon-physicalregularity
oftheflow(Muntersetal.,2016).They-shiftprocedureis
alsoappliedinthemainrunforanadditionaldisruptionof
regularity.Usingtheprecursorschemealsoensuresthatan
idealizedinputflowremainsthesamewithinastabilitycase
regarded.

Thegridcharacteristicsoftherootandinnermostchild
domaininthePALMsimulationwereselectedtoclosely
matchtheSOWFAsimulationinNybøetal.(2020).Thera-
tiobetweentheparentandchilddomains’gridspacing,thus,
wouldreach8(from10to1.25mforNBLandCBLcases)
or4(from5to1.25mforSBLcase).AsshownbyHell-
stenetal.(2021),thediscrepancywithafine-gridsimulation
inPALMincreasesifthegridspacingratiois4orhigher.
Therefore,weaddintermediatechilddomainsandreduce
thegridspacingbyafactorof2untilthedesiredrefinement
isreached.Hence,NBLandCBLsimulationscontainthree
childdomains,whiletheSBLsimulationhastwo(Tables2
and3,Fig.1).

Weperformone-wayandtwo-waynestedsimulations.To
evaluatethenestingeffect,wealsosimulatedomainswithout
nestedgridsusingthesameprecursorflow.Duetohighcom-

Table2.GridparametersforNBLandCBLnesteddomains
(Fig.1a).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor25625616010––
Precursor5125122565––
Root102451216010––
Child#1384192128544802080
Child#26402561922.546402240
Child#310242562561.2548002400

Table3.GridparametersforSBLnesteddomains(Fig.1b).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor5122881605––
Root19203841605––
Child#16402561922.53840640
Child#210242562561.254000800

putationaltimeandmemoryrequirements,weonlysimulate
non-nesteddomainsforthegridspacingof1x=10and5m.

Theprecursorprofilesundergodevelopmentduringasim-
ulationandthusmaydeviatefromtheinitialprofiles.The
precursor’sinputparametersarethenselectedsothatthere-
sultingsteady-stateprofilesofmeanwindspeedandturbu-
lenceintensityfollowthevaluesestimatedfromthemeasure-
ments,particularlythewindspeedatthereferenceheight.
TheCoriolisforceisswitchedoff;hencetherequiredwind
speedandturbulenceintensityprofilesintheprecursorrun
areenforcedbyacombinationoftheparameters:theinitial
meanwindU0,thepressuregradientforcingdp/dx,andthe
roughnesslengthz0.TheNBLcaseisrunasthetrueneu-
tralflowwithnoheatflux.TheCBLcaseisdefinedviathe
positiveheatfluxw

′
θ
′

inadditiontotheparametersmen-
tionedabove.TheSBLcaseusessurfacecoolingovertime
dTs/dtinsteadoftheheatflux(Wurpsetal.,2020).NBLand
SBLcasesstartwithzerotemperaturegradient;theCBLcase
hasaninitialtemperaturegradientof1K(100m)

−1.Thesur-
facetemperatureTsisvariedtomatchtheconditionsob-
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Table1.Aggregatedstatisticsof1hsonicanemometertimeseries.

StabilityU119,TI80,L,ζψ1hperiodstart,
ms
−1%mUTC

NBL12.416.627530.043018April201604:30
CBL12.586.1−451−0.2630.52822February201619:00
SBL12.143.21580.753−3.5402June201616:30

ThetechnicaldetailsbehindtheimplementationinPALM
areexplainedinHellstenetal.(2021).Eachchilddomain
anterpolatesitssolutionviafirst-orderintegrationtothere-
spectiveparentdomainbeforethepressure-correctionstep.
Therefore,thetwo-waynestedsolutionremainssimilarinthe
nestedarea,whiletheone-waynestedsolutionmayeventu-
allydivergeforparentandchilddomains.

3.2PrecursorandmainLESrunparameters

OneofthewaysPALMcansimulateaturbulentflowisapre-
cursorscheme,whichdoesnotrequirecomplexdynamicin-
putdataandeffectivelyreducesthedomainsizerequiredfor
turbulencedevelopment(Withaetal.,2014).First,asmall
precursordomainissimulatedwithcyclicboundariesun-
tiltheflowreachesasteadystate.Theresultingmeanwind
speedandtemperatureprofilesarethencopiedoverthelarger
maindomaintosetupaninitialnon-cyclicflowwithade-
velopedturbulence.Providedthatthemainrunissimulated
withthesameforcingastheprecursor,themeanprofilesin
themainrunremainstationary.

Thesizeoftheprecursordomainisusuallysmallerthan
forthemainrun,andthey-shiftprocedureisperformedat
left/rightcyclicboundariestoavoidnon-physicalregularity
oftheflow(Muntersetal.,2016).They-shiftprocedureis
alsoappliedinthemainrunforanadditionaldisruptionof
regularity.Usingtheprecursorschemealsoensuresthatan
idealizedinputflowremainsthesamewithinastabilitycase
regarded.

Thegridcharacteristicsoftherootandinnermostchild
domaininthePALMsimulationwereselectedtoclosely
matchtheSOWFAsimulationinNybøetal.(2020).Thera-
tiobetweentheparentandchilddomains’gridspacing,thus,
wouldreach8(from10to1.25mforNBLandCBLcases)
or4(from5to1.25mforSBLcase).AsshownbyHell-
stenetal.(2021),thediscrepancywithafine-gridsimulation
inPALMincreasesifthegridspacingratiois4orhigher.
Therefore,weaddintermediatechilddomainsandreduce
thegridspacingbyafactorof2untilthedesiredrefinement
isreached.Hence,NBLandCBLsimulationscontainthree
childdomains,whiletheSBLsimulationhastwo(Tables2
and3,Fig.1).

Weperformone-wayandtwo-waynestedsimulations.To
evaluatethenestingeffect,wealsosimulatedomainswithout
nestedgridsusingthesameprecursorflow.Duetohighcom-

Table2.GridparametersforNBLandCBLnesteddomains
(Fig.1a).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor25625616010––
Precursor5125122565––
Root102451216010––
Child#1384192128544802080
Child#26402561922.546402240
Child#310242562561.2548002400

Table3.GridparametersforSBLnesteddomains(Fig.1b).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor5122881605––
Root19203841605––
Child#16402561922.53840640
Child#210242562561.254000800

putationaltimeandmemoryrequirements,weonlysimulate
non-nesteddomainsforthegridspacingof1x=10and5m.

Theprecursorprofilesundergodevelopmentduringasim-
ulationandthusmaydeviatefromtheinitialprofiles.The
precursor’sinputparametersarethenselectedsothatthere-
sultingsteady-stateprofilesofmeanwindspeedandturbu-
lenceintensityfollowthevaluesestimatedfromthemeasure-
ments,particularlythewindspeedatthereferenceheight.
TheCoriolisforceisswitchedoff;hencetherequiredwind
speedandturbulenceintensityprofilesintheprecursorrun
areenforcedbyacombinationoftheparameters:theinitial
meanwindU0,thepressuregradientforcingdp/dx,andthe
roughnesslengthz0.TheNBLcaseisrunasthetrueneu-
tralflowwithnoheatflux.TheCBLcaseisdefinedviathe
positiveheatfluxw

′
θ
′

inadditiontotheparametersmen-
tionedabove.TheSBLcaseusessurfacecoolingovertime
dTs/dtinsteadoftheheatflux(Wurpsetal.,2020).NBLand
SBLcasesstartwithzerotemperaturegradient;theCBLcase
hasaninitialtemperaturegradientof1K(100m)

−1.Thesur-
facetemperatureTsisvariedtomatchtheconditionsob-
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Table1.Aggregatedstatisticsof1hsonicanemometertimeseries.

StabilityU119,TI80,L,ζψ1hperiodstart,
ms
−1%mUTC

NBL12.416.627530.043018April201604:30
CBL12.586.1−451−0.2630.52822February201619:00
SBL12.143.21580.753−3.5402June201616:30

ThetechnicaldetailsbehindtheimplementationinPALM
areexplainedinHellstenetal.(2021).Eachchilddomain
anterpolatesitssolutionviafirst-orderintegrationtothere-
spectiveparentdomainbeforethepressure-correctionstep.
Therefore,thetwo-waynestedsolutionremainssimilarinthe
nestedarea,whiletheone-waynestedsolutionmayeventu-
allydivergeforparentandchilddomains.

3.2PrecursorandmainLESrunparameters

OneofthewaysPALMcansimulateaturbulentflowisapre-
cursorscheme,whichdoesnotrequirecomplexdynamicin-
putdataandeffectivelyreducesthedomainsizerequiredfor
turbulencedevelopment(Withaetal.,2014).First,asmall
precursordomainissimulatedwithcyclicboundariesun-
tiltheflowreachesasteadystate.Theresultingmeanwind
speedandtemperatureprofilesarethencopiedoverthelarger
maindomaintosetupaninitialnon-cyclicflowwithade-
velopedturbulence.Providedthatthemainrunissimulated
withthesameforcingastheprecursor,themeanprofilesin
themainrunremainstationary.

Thesizeoftheprecursordomainisusuallysmallerthan
forthemainrun,andthey-shiftprocedureisperformedat
left/rightcyclicboundariestoavoidnon-physicalregularity
oftheflow(Muntersetal.,2016).They-shiftprocedureis
alsoappliedinthemainrunforanadditionaldisruptionof
regularity.Usingtheprecursorschemealsoensuresthatan
idealizedinputflowremainsthesamewithinastabilitycase
regarded.

Thegridcharacteristicsoftherootandinnermostchild
domaininthePALMsimulationwereselectedtoclosely
matchtheSOWFAsimulationinNybøetal.(2020).Thera-
tiobetweentheparentandchilddomains’gridspacing,thus,
wouldreach8(from10to1.25mforNBLandCBLcases)
or4(from5to1.25mforSBLcase).AsshownbyHell-
stenetal.(2021),thediscrepancywithafine-gridsimulation
inPALMincreasesifthegridspacingratiois4orhigher.
Therefore,weaddintermediatechilddomainsandreduce
thegridspacingbyafactorof2untilthedesiredrefinement
isreached.Hence,NBLandCBLsimulationscontainthree
childdomains,whiletheSBLsimulationhastwo(Tables2
and3,Fig.1).

Weperformone-wayandtwo-waynestedsimulations.To
evaluatethenestingeffect,wealsosimulatedomainswithout
nestedgridsusingthesameprecursorflow.Duetohighcom-

Table2.GridparametersforNBLandCBLnesteddomains
(Fig.1a).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor25625616010––
Precursor5125122565––
Root102451216010––
Child#1384192128544802080
Child#26402561922.546402240
Child#310242562561.2548002400

Table3.GridparametersforSBLnesteddomains(Fig.1b).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor5122881605––
Root19203841605––
Child#16402561922.53840640
Child#210242562561.254000800

putationaltimeandmemoryrequirements,weonlysimulate
non-nesteddomainsforthegridspacingof1x=10and5m.

Theprecursorprofilesundergodevelopmentduringasim-
ulationandthusmaydeviatefromtheinitialprofiles.The
precursor’sinputparametersarethenselectedsothatthere-
sultingsteady-stateprofilesofmeanwindspeedandturbu-
lenceintensityfollowthevaluesestimatedfromthemeasure-
ments,particularlythewindspeedatthereferenceheight.
TheCoriolisforceisswitchedoff;hencetherequiredwind
speedandturbulenceintensityprofilesintheprecursorrun
areenforcedbyacombinationoftheparameters:theinitial
meanwindU0,thepressuregradientforcingdp/dx,andthe
roughnesslengthz0.TheNBLcaseisrunasthetrueneu-
tralflowwithnoheatflux.TheCBLcaseisdefinedviathe
positiveheatfluxw

′
θ
′

inadditiontotheparametersmen-
tionedabove.TheSBLcaseusessurfacecoolingovertime
dTs/dtinsteadoftheheatflux(Wurpsetal.,2020).NBLand
SBLcasesstartwithzerotemperaturegradient;theCBLcase
hasaninitialtemperaturegradientof1K(100m)

−1.Thesur-
facetemperatureTsisvariedtomatchtheconditionsob-
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Table1.Aggregatedstatisticsof1hsonicanemometertimeseries.

StabilityU119,TI80,L,ζψ1hperiodstart,
ms
−1%mUTC

NBL12.416.627530.043018April201604:30
CBL12.586.1−451−0.2630.52822February201619:00
SBL12.143.21580.753−3.5402June201616:30

ThetechnicaldetailsbehindtheimplementationinPALM
areexplainedinHellstenetal.(2021).Eachchilddomain
anterpolatesitssolutionviafirst-orderintegrationtothere-
spectiveparentdomainbeforethepressure-correctionstep.
Therefore,thetwo-waynestedsolutionremainssimilarinthe
nestedarea,whiletheone-waynestedsolutionmayeventu-
allydivergeforparentandchilddomains.

3.2PrecursorandmainLESrunparameters

OneofthewaysPALMcansimulateaturbulentflowisapre-
cursorscheme,whichdoesnotrequirecomplexdynamicin-
putdataandeffectivelyreducesthedomainsizerequiredfor
turbulencedevelopment(Withaetal.,2014).First,asmall
precursordomainissimulatedwithcyclicboundariesun-
tiltheflowreachesasteadystate.Theresultingmeanwind
speedandtemperatureprofilesarethencopiedoverthelarger
maindomaintosetupaninitialnon-cyclicflowwithade-
velopedturbulence.Providedthatthemainrunissimulated
withthesameforcingastheprecursor,themeanprofilesin
themainrunremainstationary.

Thesizeoftheprecursordomainisusuallysmallerthan
forthemainrun,andthey-shiftprocedureisperformedat
left/rightcyclicboundariestoavoidnon-physicalregularity
oftheflow(Muntersetal.,2016).They-shiftprocedureis
alsoappliedinthemainrunforanadditionaldisruptionof
regularity.Usingtheprecursorschemealsoensuresthatan
idealizedinputflowremainsthesamewithinastabilitycase
regarded.

Thegridcharacteristicsoftherootandinnermostchild
domaininthePALMsimulationwereselectedtoclosely
matchtheSOWFAsimulationinNybøetal.(2020).Thera-
tiobetweentheparentandchilddomains’gridspacing,thus,
wouldreach8(from10to1.25mforNBLandCBLcases)
or4(from5to1.25mforSBLcase).AsshownbyHell-
stenetal.(2021),thediscrepancywithafine-gridsimulation
inPALMincreasesifthegridspacingratiois4orhigher.
Therefore,weaddintermediatechilddomainsandreduce
thegridspacingbyafactorof2untilthedesiredrefinement
isreached.Hence,NBLandCBLsimulationscontainthree
childdomains,whiletheSBLsimulationhastwo(Tables2
and3,Fig.1).

Weperformone-wayandtwo-waynestedsimulations.To
evaluatethenestingeffect,wealsosimulatedomainswithout
nestedgridsusingthesameprecursorflow.Duetohighcom-

Table2.GridparametersforNBLandCBLnesteddomains
(Fig.1a).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor25625616010––
Precursor5125122565––
Root102451216010––
Child#1384192128544802080
Child#26402561922.546402240
Child#310242562561.2548002400

Table3.GridparametersforSBLnesteddomains(Fig.1b).

Bottom-left
corner

DomainNxNyNz1x,mx,my,m

Precursor5122881605––
Root19203841605––
Child#16402561922.53840640
Child#210242562561.254000800

putationaltimeandmemoryrequirements,weonlysimulate
non-nesteddomainsforthegridspacingof1x=10and5m.

Theprecursorprofilesundergodevelopmentduringasim-
ulationandthusmaydeviatefromtheinitialprofiles.The
precursor’sinputparametersarethenselectedsothatthere-
sultingsteady-stateprofilesofmeanwindspeedandturbu-
lenceintensityfollowthevaluesestimatedfromthemeasure-
ments,particularlythewindspeedatthereferenceheight.
TheCoriolisforceisswitchedoff;hencetherequiredwind
speedandturbulenceintensityprofilesintheprecursorrun
areenforcedbyacombinationoftheparameters:theinitial
meanwindU0,thepressuregradientforcingdp/dx,andthe
roughnesslengthz0.TheNBLcaseisrunasthetrueneu-
tralflowwithnoheatflux.TheCBLcaseisdefinedviathe
positiveheatfluxw

′
θ
′

inadditiontotheparametersmen-
tionedabove.TheSBLcaseusessurfacecoolingovertime
dTs/dtinsteadoftheheatflux(Wurpsetal.,2020).NBLand
SBLcasesstartwithzerotemperaturegradient;theCBLcase
hasaninitialtemperaturegradientof1K(100m)

−1.Thesur-
facetemperatureTsisvariedtomatchtheconditionsob-
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Table 4. Input parameters of the precursor runs.

U0, dp/dx, z0, Ts, w′θ ′, dTs/dt , Run time,
m s−1 Pa m−1 m K K m s−1 K s−1 s

NBL (coarse) 13.8 −2× 10−4 1.2× 10−3 300 0 – 144 000
NBL (fine) 14.0 −2× 10−4 1.6× 10−3 300 0 – 172 800
CBL 11.5 −1× 10−4 5× 10−4 281 0.015 – 525 600
SBL 13.0 −5× 10−4 8× 10−4 300 – −0.2 259 200

Figure 1. Nested domains schematic. (a) NBL and CBL domains
and (b) SBL domains.

Table 5. Steady state of the precursor runs – turbulent inflow for the
main run.

U119, TI80, Ts, L, Capping inversion,
m s−1 % K m K (100 m)−1

NBL (coarse) 12.3 7.5 300 106 0
NBL (fine) 12.6 7.7 300 106 0
CBL 12.1 6.2 295 −333 7.4
SBL 12.8 4.6 291 529 9

served during the reference meteorological measurements at
FINO1. The precursor domain characteristics and input pa-
rameters are listed in Tables 2–4.

During the precursor simulation, the initial profiles are al-
tered due to the influence of pressure forcing and heat fluxes.
The resulting precursor profiles are provided in Table 5; the
same profiles are used to initialize the main run.

We run main simulations for 3 h with a dynamic time step
selected by the model. The simulation is then continued for
another hour with the fixed time step of1t = 0.05 s to obtain
a high-frequency output. Then, we probe time series of each
wind speed component at the center of the innermost child
domain and the corresponding points of the parent domain
(Fig. 1). The high-frequency time series are further used to
compare turbulence statistics with the measurements. Spatial

averages (cross-sectional flows, profiles) are calculated for
10 min periods.

3.3 Turbulence characteristics

We evaluate the model performance based on turbulence
characteristics: power spectrum, coherence, co-coherence,
and phase. The coherence represents a correlation between
time series a(t) and b(t) at two points separated by a certain
distance δ and is calculated as follows

Cohab =
Sab

√
SaaSbb

, (4)

where Saa and Sbb are the spectral densities of a(t) and b(t),
while Sab is the cross-spectrum of the same series.

The co-coherence represents the real part of the coherence

Coab = Re Cohab = Re
Sab

√
SaaSbb

. (5)

The phase φab shows the level of synchronicity between
time series a(t) and b(t)

φab = arctan
Re Cohab
Im Cohab

. (6)

Since the measurement time series are available only for
three levels, 40, 60, and 80 m, the spectra are calculated and
compared at h= 80 m for the total horizontal U =

√
u2+ v2

and vertical w wind speed. The co-coherence is calculated
for two vertical separations of δ= 20 m (between levels 60
and 80 m) and δ= 40 m (between levels 40 and 80 m). The
sampling frequency for the LES time series matches the
output frequency f LES

s = 1/0.05 s= 20 Hz, and the segment
length is chosen as 60 s. The sampling frequency for the mea-
surement time series is lower, fmast

s = 1/0.1 s= 10 Hz, al-
though the segment length is left the same.

3.4 Flow characteristics for load analysis

We also review flow characteristics relevant to the turbine
performance analysis: power law coefficient and turbulence
anisotropy.

The power law is commonly applied to assess wind re-
sources at the hub height from near-surface wind speed mea-
surements.

U(z)= U10

( z
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)α
, (7)
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Table5.Steadystateoftheprecursorruns–turbulentinflowforthe
mainrun.

U119,TI80,Ts,L,Cappinginversion,
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NBL(coarse)12.37.53001060
NBL(fine)12.67.73001060
CBL12.16.2295−3337.4
SBL12.84.62915299

servedduringthereferencemeteorologicalmeasurementsat
FINO1.Theprecursordomaincharacteristicsandinputpa-
rametersarelistedinTables2–4.

Duringtheprecursorsimulation,theinitialprofilesareal-
teredduetotheinfluenceofpressureforcingandheatfluxes.
TheresultingprecursorprofilesareprovidedinTable5;the
sameprofilesareusedtoinitializethemainrun.

Werunmainsimulationsfor3hwithadynamictimestep
selectedbythemodel.Thesimulationisthencontinuedfor
anotherhourwiththefixedtimestepof1t=0.05stoobtain
ahigh-frequencyoutput.Then,weprobetimeseriesofeach
windspeedcomponentatthecenteroftheinnermostchild
domainandthecorrespondingpointsoftheparentdomain
(Fig.1).Thehigh-frequencytimeseriesarefurtherusedto
compareturbulencestatisticswiththemeasurements.Spatial

averages(cross-sectionalflows,profiles)arecalculatedfor
10minperiods.

3.3Turbulencecharacteristics

Weevaluatethemodelperformancebasedonturbulence
characteristics:powerspectrum,coherence,co-coherence,
andphase.Thecoherencerepresentsacorrelationbetween
timeseriesa(t)andb(t)attwopointsseparatedbyacertain
distanceδandiscalculatedasfollows
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φab=arctan
ReCohab
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.(6)

Sincethemeasurementtimeseriesareavailableonlyfor
threelevels,40,60,and80m,thespectraarecalculatedand
comparedath=80mforthetotalhorizontalU=

√
u2+v2

andverticalwwindspeed.Theco-coherenceiscalculated
fortwoverticalseparationsofδ=20m(betweenlevels60
and80m)andδ=40m(betweenlevels40and80m).The
samplingfrequencyfortheLEStimeseriesmatchesthe
outputfrequencyfLES

s=1/0.05s=20Hz,andthesegment
lengthischosenas60s.Thesamplingfrequencyforthemea-
surementtimeseriesislower,fmast

s=1/0.1s=10Hz,al-
thoughthesegmentlengthisleftthesame.

3.4Flowcharacteristicsforloadanalysis

Wealsoreviewflowcharacteristicsrelevanttotheturbine
performanceanalysis:powerlawcoefficientandturbulence
anisotropy.

Thepowerlawiscommonlyappliedtoassesswindre-
sourcesatthehubheightfromnear-surfacewindspeedmea-
surements.

U(z)=U10

(z
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)α
,(7)
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performanceanalysis:powerlawcoefficientandturbulence
anisotropy.

Thepowerlawiscommonlyappliedtoassesswindre-
sourcesatthehubheightfromnear-surfacewindspeedmea-
surements.

U(z)=U10

(z
10

)α
,(7)

Geosci.ModelDev.,16,3553–3564,2023https://doi.org/10.5194/gmd-16-3553-2023

3556 M. Krutova et al.: Self-nested simulations in PALM for wind energy application

Table 4. Input parameters of the precursor runs.

U0, dp/dx, z0, Ts, w′θ ′, dTs/dt , Run time,
m s
−1 Pa m

−1 m K K m s
−1 K s

−1 s

NBL (coarse) 13.8 −2× 10
−4 1.2× 10

−3 300 0 – 144 000
NBL (fine) 14.0 −2× 10

−4 1.6× 10
−3 300 0 – 172 800

CBL 11.5 −1× 10
−4 5× 10

−4 281 0.015 – 525 600
SBL 13.0 −5× 10

−4 8× 10
−4 300 – −0.2 259 200

Figure 1. Nested domains schematic. (a) NBL and CBL domains
and (b) SBL domains.

Table 5. Steady state of the precursor runs – turbulent inflow for the
main run.

U119, TI80, Ts, L, Capping inversion,
m s
−1 % K m K (100 m)

−1

NBL (coarse) 12.3 7.5 300 106 0
NBL (fine) 12.6 7.7 300 106 0
CBL 12.1 6.2 295 −333 7.4
SBL 12.8 4.6 291 529 9

served during the reference meteorological measurements at
FINO1. The precursor domain characteristics and input pa-
rameters are listed in Tables 2–4.

During the precursor simulation, the initial profiles are al-
tered due to the influence of pressure forcing and heat fluxes.
The resulting precursor profiles are provided in Table 5; the
same profiles are used to initialize the main run.

We run main simulations for 3 h with a dynamic time step
selected by the model. The simulation is then continued for
another hour with the fixed time step of1t = 0.05 s to obtain
a high-frequency output. Then, we probe time series of each
wind speed component at the center of the innermost child
domain and the corresponding points of the parent domain
(Fig. 1). The high-frequency time series are further used to
compare turbulence statistics with the measurements. Spatial

averages (cross-sectional flows, profiles) are calculated for
10 min periods.

3.3 Turbulence characteristics

We evaluate the model performance based on turbulence
characteristics: power spectrum, coherence, co-coherence,
and phase. The coherence represents a correlation between
time series a(t) and b(t) at two points separated by a certain
distance δ and is calculated as follows

Cohab =
Sab

√
SaaSbb

, (4)

where Saa and Sbb are the spectral densities of a(t) and b(t),
while Sab is the cross-spectrum of the same series.

The co-coherence represents the real part of the coherence

Coab = Re Cohab = Re
Sab

√
SaaSbb

. (5)

The phase φab shows the level of synchronicity between
time series a(t) and b(t)

φab = arctan
Re Cohab
Im Cohab

. (6)

Since the measurement time series are available only for
three levels, 40, 60, and 80 m, the spectra are calculated and
compared at h= 80 m for the total horizontal U =

√
u2+ v2

and vertical w wind speed. The co-coherence is calculated
for two vertical separations of δ= 20 m (between levels 60
and 80 m) and δ= 40 m (between levels 40 and 80 m). The
sampling frequency for the LES time series matches the
output frequency f LES

s = 1/0.05 s= 20 Hz, and the segment
length is chosen as 60 s. The sampling frequency for the mea-
surement time series is lower, fmast

s = 1/0.1 s= 10 Hz, al-
though the segment length is left the same.

3.4 Flow characteristics for load analysis

We also review flow characteristics relevant to the turbine
performance analysis: power law coefficient and turbulence
anisotropy.

The power law is commonly applied to assess wind re-
sources at the hub height from near-surface wind speed mea-
surements.

U(z)= U10( z10)α, (7)
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NBL (fine) 12.6 7.7 300 106 0
CBL 12.1 6.2 295 −333 7.4
SBL 12.8 4.6 291 529 9

served during the reference meteorological measurements at
FINO1. The precursor domain characteristics and input pa-
rameters are listed in Tables 2–4.

During the precursor simulation, the initial profiles are al-
tered due to the influence of pressure forcing and heat fluxes.
The resulting precursor profiles are provided in Table 5; the
same profiles are used to initialize the main run.

We run main simulations for 3 h with a dynamic time step
selected by the model. The simulation is then continued for
another hour with the fixed time step of1t = 0.05 s to obtain
a high-frequency output. Then, we probe time series of each
wind speed component at the center of the innermost child
domain and the corresponding points of the parent domain
(Fig. 1). The high-frequency time series are further used to
compare turbulence statistics with the measurements. Spatial

averages (cross-sectional flows, profiles) are calculated for
10 min periods.

3.3 Turbulence characteristics

We evaluate the model performance based on turbulence
characteristics: power spectrum, coherence, co-coherence,
and phase. The coherence represents a correlation between
time series a(t) and b(t) at two points separated by a certain
distance δ and is calculated as follows

Cohab =
Sab

√
SaaSbb

, (4)

where Saa and Sbb are the spectral densities of a(t) and b(t),
while Sab is the cross-spectrum of the same series.

The co-coherence represents the real part of the coherence

Coab = Re Cohab = Re
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√
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. (5)

The phase φab shows the level of synchronicity between
time series a(t) and b(t)

φab = arctan
Re Cohab
Im Cohab

. (6)

Since the measurement time series are available only for
three levels, 40, 60, and 80 m, the spectra are calculated and
compared at h= 80 m for the total horizontal U =

√
u2+ v2

and vertical w wind speed. The co-coherence is calculated
for two vertical separations of δ= 20 m (between levels 60
and 80 m) and δ= 40 m (between levels 40 and 80 m). The
sampling frequency for the LES time series matches the
output frequency f LES

s = 1/0.05 s= 20 Hz, and the segment
length is chosen as 60 s. The sampling frequency for the mea-
surement time series is lower, fmast

s = 1/0.1 s= 10 Hz, al-
though the segment length is left the same.

3.4 Flow characteristics for load analysis

We also review flow characteristics relevant to the turbine
performance analysis: power law coefficient and turbulence
anisotropy.

The power law is commonly applied to assess wind re-
sources at the hub height from near-surface wind speed mea-
surements.

U(z)= U10( z10)α, (7)
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Table4.Inputparametersoftheprecursorruns.

U0,dp/dx,z0,Ts,w′θ′,dTs/dt,Runtime,
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−1Pam

−1mKKms
−1Ks

−1s

NBL(coarse)13.8−2×10
−41.2×10

−33000–144000
NBL(fine)14.0−2×10

−41.6×10
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Figure1.Nesteddomainsschematic.(a)NBLandCBLdomains
and(b)SBLdomains.

Table5.Steadystateoftheprecursorruns–turbulentinflowforthe
mainrun.

U119,TI80,Ts,L,Cappinginversion,
ms
−1%KmK(100m)

−1

NBL(coarse)12.37.53001060
NBL(fine)12.67.73001060
CBL12.16.2295−3337.4
SBL12.84.62915299

servedduringthereferencemeteorologicalmeasurementsat
FINO1.Theprecursordomaincharacteristicsandinputpa-
rametersarelistedinTables2–4.

Duringtheprecursorsimulation,theinitialprofilesareal-
teredduetotheinfluenceofpressureforcingandheatfluxes.
TheresultingprecursorprofilesareprovidedinTable5;the
sameprofilesareusedtoinitializethemainrun.

Werunmainsimulationsfor3hwithadynamictimestep
selectedbythemodel.Thesimulationisthencontinuedfor
anotherhourwiththefixedtimestepof1t=0.05stoobtain
ahigh-frequencyoutput.Then,weprobetimeseriesofeach
windspeedcomponentatthecenteroftheinnermostchild
domainandthecorrespondingpointsoftheparentdomain
(Fig.1).Thehigh-frequencytimeseriesarefurtherusedto
compareturbulencestatisticswiththemeasurements.Spatial

averages(cross-sectionalflows,profiles)arecalculatedfor
10minperiods.

3.3Turbulencecharacteristics

Weevaluatethemodelperformancebasedonturbulence
characteristics:powerspectrum,coherence,co-coherence,
andphase.Thecoherencerepresentsacorrelationbetween
timeseriesa(t)andb(t)attwopointsseparatedbyacertain
distanceδandiscalculatedasfollows

Cohab=
Sab

√
SaaSbb

,(4)

whereSaaandSbbarethespectraldensitiesofa(t)andb(t),
whileSabisthecross-spectrumofthesameseries.

Theco-coherencerepresentstherealpartofthecoherence

Coab=ReCohab=Re
Sab

√
SaaSbb

.(5)

Thephaseφabshowsthelevelofsynchronicitybetween
timeseriesa(t)andb(t)

φab=arctan
ReCohab
ImCohab

.(6)

Sincethemeasurementtimeseriesareavailableonlyfor
threelevels,40,60,and80m,thespectraarecalculatedand
comparedath=80mforthetotalhorizontalU=

√
u2+v2

andverticalwwindspeed.Theco-coherenceiscalculated
fortwoverticalseparationsofδ=20m(betweenlevels60
and80m)andδ=40m(betweenlevels40and80m).The
samplingfrequencyfortheLEStimeseriesmatchesthe
outputfrequencyfLES

s=1/0.05s=20Hz,andthesegment
lengthischosenas60s.Thesamplingfrequencyforthemea-
surementtimeseriesislower,fmast

s=1/0.1s=10Hz,al-
thoughthesegmentlengthisleftthesame.

3.4Flowcharacteristicsforloadanalysis

Wealsoreviewflowcharacteristicsrelevanttotheturbine
performanceanalysis:powerlawcoefficientandturbulence
anisotropy.

Thepowerlawiscommonlyappliedtoassesswindre-
sourcesatthehubheightfromnear-surfacewindspeedmea-
surements.

U(z)=U10(z10)α,(7)
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Wealsoreviewflowcharacteristicsrelevanttotheturbine
performanceanalysis:powerlawcoefficientandturbulence
anisotropy.

Thepowerlawiscommonlyappliedtoassesswindre-
sourcesatthehubheightfromnear-surfacewindspeedmea-
surements.

U(z)=U10(z10)α,(7)
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Table4.Inputparametersoftheprecursorruns.

U0,dp/dx,z0,Ts,w′θ′,dTs/dt,Runtime,
ms
−1Pam

−1mKKms
−1Ks

−1s

NBL(coarse)13.8−2×10
−41.2×10

−33000–144000
NBL(fine)14.0−2×10

−41.6×10
−33000–172800

CBL11.5−1×10
−45×10

−42810.015–525600
SBL13.0−5×10

−48×10
−4300–−0.2259200

Figure1.Nesteddomainsschematic.(a)NBLandCBLdomains
and(b)SBLdomains.

Table5.Steadystateoftheprecursorruns–turbulentinflowforthe
mainrun.

U119,TI80,Ts,L,Cappinginversion,
ms
−1%KmK(100m)

−1

NBL(coarse)12.37.53001060
NBL(fine)12.67.73001060
CBL12.16.2295−3337.4
SBL12.84.62915299

servedduringthereferencemeteorologicalmeasurementsat
FINO1.Theprecursordomaincharacteristicsandinputpa-
rametersarelistedinTables2–4.

Duringtheprecursorsimulation,theinitialprofilesareal-
teredduetotheinfluenceofpressureforcingandheatfluxes.
TheresultingprecursorprofilesareprovidedinTable5;the
sameprofilesareusedtoinitializethemainrun.

Werunmainsimulationsfor3hwithadynamictimestep
selectedbythemodel.Thesimulationisthencontinuedfor
anotherhourwiththefixedtimestepof1t=0.05stoobtain
ahigh-frequencyoutput.Then,weprobetimeseriesofeach
windspeedcomponentatthecenteroftheinnermostchild
domainandthecorrespondingpointsoftheparentdomain
(Fig.1).Thehigh-frequencytimeseriesarefurtherusedto
compareturbulencestatisticswiththemeasurements.Spatial

averages(cross-sectionalflows,profiles)arecalculatedfor
10minperiods.

3.3Turbulencecharacteristics

Weevaluatethemodelperformancebasedonturbulence
characteristics:powerspectrum,coherence,co-coherence,
andphase.Thecoherencerepresentsacorrelationbetween
timeseriesa(t)andb(t)attwopointsseparatedbyacertain
distanceδandiscalculatedasfollows

Cohab=
Sab

√
SaaSbb

,(4)

whereSaaandSbbarethespectraldensitiesofa(t)andb(t),
whileSabisthecross-spectrumofthesameseries.

Theco-coherencerepresentstherealpartofthecoherence

Coab=ReCohab=Re
Sab

√
SaaSbb

.(5)

Thephaseφabshowsthelevelofsynchronicitybetween
timeseriesa(t)andb(t)

φab=arctan
ReCohab
ImCohab

.(6)

Sincethemeasurementtimeseriesareavailableonlyfor
threelevels,40,60,and80m,thespectraarecalculatedand
comparedath=80mforthetotalhorizontalU=

√
u2+v2

andverticalwwindspeed.Theco-coherenceiscalculated
fortwoverticalseparationsofδ=20m(betweenlevels60
and80m)andδ=40m(betweenlevels40and80m).The
samplingfrequencyfortheLEStimeseriesmatchesthe
outputfrequencyfLES

s=1/0.05s=20Hz,andthesegment
lengthischosenas60s.Thesamplingfrequencyforthemea-
surementtimeseriesislower,fmast

s=1/0.1s=10Hz,al-
thoughthesegmentlengthisleftthesame.

3.4Flowcharacteristicsforloadanalysis

Wealsoreviewflowcharacteristicsrelevanttotheturbine
performanceanalysis:powerlawcoefficientandturbulence
anisotropy.

Thepowerlawiscommonlyappliedtoassesswindre-
sourcesatthehubheightfromnear-surfacewindspeedmea-
surements.

U(z)=U10(z10)α,(7)
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where U10 is the wind speed at z= 10 m and α is the power
law exponent. The power law exponent is sensitive to at-
mospheric conditions and is usually approximated with a
constant; e.g., α = 1/7 is applicable to neutral onshore sites
but not other stabilities (Touma, 1977). Often, the approx-
imations do not reflect seasonal and diurnal variations in
mean wind profiles (Bratton and Womeldorf, 2011; Jung and
Schindler, 2021). Hence, simulating a long time series with
the LES gives a possibility to study wind profiles in detail.

The anisotropic turbulence naturally develops in a sim-
ulation with an anisotropic grid resolution (Haering et al.,
2019) but may also occur in isotropic grids, such as those
used in this study. The anisotropic turbulence affects wind
turbine loads, particularly fatigue loads. Therefore, it is im-
portant to evaluate its strength in the simulation (Dimitrov
et al., 2017). We estimate turbulence anisotropy by compar-
ing spectra of velocity components for the normalized fre-
quency fn = f z/Uz, where z= 80 m and Uz is the horizon-
tal velocity at this level. We compute ratios Svv/Suu and
Sww/Suu for all regarded cases at fn ≈ 1. The closer both
ratios are to the theoretical value of 4/3= 1.333, the more
isotropic the simulated turbulence is (Weiler and Burling,
1967; Smedman et al., 2003).

4 Results

4.1 Nesting effects

All LESs are run at 1024 cores for each case with a time step
of 1t = 0.05 s; the required simulation times for each sce-
nario are summarized in Table 6. Since the domains vary in
size and number of grid points, we compare not the total CPU
time but the CPU time per second of the simulated time. The
non-nested coarse domain (1x = 10 m) is not computation-
ally demanding, regardless of the stability case. However, the
required CPU time gradually increases if the grid spacing is
reduced globally for the whole domain. As could be seen for
the NBL case, the CPU time per second of the simulated time
increases from 5.1 s for 1x = 10 m to 31.7 s for 1x = 5 m,
respectively. Refining the grid locally by adding child do-
mains increases the CPU time compared to the coarse refer-
ence non-nested grid (1x = 10 m). Still, the nested simula-
tion finishes faster than the globally refined non-nested sim-
ulation (1x = 5 m), while allowing better a local grid refine-
ment up to 1x = 1.25 m.

Both NBL and CBL simulations have the same domain
structure and grid spacing (Table 2). However, CBL simu-
lations require more CPU time compared to the respective
NBL (true neutral) simulations due to solving the tempera-
ture equation. SBL simulations use CPU time comparable to
NBL simulations due to having one child domain less and a
smaller root domain size – and thus a lower overall number
of the grid points (Table 3).

Table 6. CPU time in seconds used per second of simulated time.
All simulations run at 1024 cores with a time step of 1t = 0.05 s.

Stability 1x , m Non-nested One-way Two-way

NBL 10 5.1 18.4 20.9
NBL 5 31.7 – –
CBL 10 7.9 28.8 30.8
SBL 5 4.5 25.1 28.7

Two-way nested simulations require additional ∼ 2–3 s of
the CPU time per simulated time step to anterpolate the child
domain solution back to the parent domain. This results in
about 10 % increase in the CPU time compared to one-way
nesting.

It should be noted that, unless obtaining high-frequency
time series is the main goal of a simulation, the time step
can be gradually increased for non-nested runs in order to
speed up the computation. The computational time will, nev-
ertheless, increase in a similar proportion with the global grid
refinement. The time step in nested runs is still limited by
the lowest grid spacing in child domains. For example, the
dynamic step in the regarded configuration does not exceed
0.075 s to satisfy Courant–Friedrichs–Lewy condition.

Depending on the simulation conditions, LES produces
different results in the nested area. If the true neutral case is
defined in PALM explicitly via setting a corresponding flag,
the one-way and the two-way nested simulations behave sim-
ilarly with respect to grid spacing and feedback between do-
mains (Fig. 2). Switching on the true neutral flag means that
the temperature equation and buoyancy terms are not con-
sidered in the calculations. As long as those terms are intro-
duced for non-neutral simulations, the two-way nested simu-
lation results in a decreased flow speed in child domains.

Since the child domains anterpolate their solution back to
the parent domain, the area of reduced flow speed spreads
to the root domain. While the effect is less prominent for
the instantaneous fields, it becomes apparent in the 10 min
averaged flow (Fig. 3). The induction of downward vertical
wind in two-way nested simulations was already described
by Hellsten et al. (2021) for the 5 h averaged buoyancy-
driven flow in PALM. Hellsten et al. (2021) argued that the
effect of the secondary circulation described by Moeng et al.
(2007) was caused solely by the insufficient domain size and
explained it with the different grid spacing and subsequent
divergence of the vertical heat flux in the parent and child do-
mains. The researchers hypothesized that the secondary cir-
culation was an inevitable side effect of the two-way nesting
solution due to the better resolution of the turbulence mixing
in child domains. In the case of the shear-driven flow, we ob-
serve that the slowing effect is more prominent and develops
faster. The effect emerges in the beginning of the simulation
within 20 min – an approximate time required for the pre-
cursor flow to pass the main run domain. In addition, some
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whereU10isthewindspeedatz=10mandαisthepower
lawexponent.Thepowerlawexponentissensitivetoat-
mosphericconditionsandisusuallyapproximatedwitha
constant;e.g.,α=1/7isapplicabletoneutralonshoresites
butnototherstabilities(Touma,1977).Often,theapprox-
imationsdonotreflectseasonalanddiurnalvariationsin
meanwindprofiles(BrattonandWomeldorf,2011;Jungand
Schindler,2021).Hence,simulatingalongtimeserieswith
theLESgivesapossibilitytostudywindprofilesindetail.

Theanisotropicturbulencenaturallydevelopsinasim-
ulationwithananisotropicgridresolution(Haeringetal.,
2019)butmayalsooccurinisotropicgrids,suchasthose
usedinthisstudy.Theanisotropicturbulenceaffectswind
turbineloads,particularlyfatigueloads.Therefore,itisim-
portanttoevaluateitsstrengthinthesimulation(Dimitrov
etal.,2017).Weestimateturbulenceanisotropybycompar-
ingspectraofvelocitycomponentsforthenormalizedfre-
quencyfn=fz/Uz,wherez=80mandUzisthehorizon-
talvelocityatthislevel.WecomputeratiosSvv/Suuand
Sww/Suuforallregardedcasesatfn≈1.Thecloserboth
ratiosaretothetheoreticalvalueof4/3=1.333,themore
isotropicthesimulatedturbulenceis(WeilerandBurling,
1967;Smedmanetal.,2003).

4Results

4.1Nestingeffects

AllLESsarerunat1024coresforeachcasewithatimestep
of1t=0.05s;therequiredsimulationtimesforeachsce-
narioaresummarizedinTable6.Sincethedomainsvaryin
sizeandnumberofgridpoints,wecomparenotthetotalCPU
timebuttheCPUtimepersecondofthesimulatedtime.The
non-nestedcoarsedomain(1x=10m)isnotcomputation-
allydemanding,regardlessofthestabilitycase.However,the
requiredCPUtimegraduallyincreasesifthegridspacingis
reducedgloballyforthewholedomain.Ascouldbeseenfor
theNBLcase,theCPUtimepersecondofthesimulatedtime
increasesfrom5.1sfor1x=10mto31.7sfor1x=5m,
respectively.Refiningthegridlocallybyaddingchilddo-
mainsincreasestheCPUtimecomparedtothecoarserefer-
encenon-nestedgrid(1x=10m).Still,thenestedsimula-
tionfinishesfasterthanthegloballyrefinednon-nestedsim-
ulation(1x=5m),whileallowingbetteralocalgridrefine-
mentupto1x=1.25m.

BothNBLandCBLsimulationshavethesamedomain
structureandgridspacing(Table2).However,CBLsimu-
lationsrequiremoreCPUtimecomparedtotherespective
NBL(trueneutral)simulationsduetosolvingthetempera-
tureequation.SBLsimulationsuseCPUtimecomparableto
NBLsimulationsduetohavingonechilddomainlessanda
smallerrootdomainsize–andthusaloweroverallnumber
ofthegridpoints(Table3).

Table6.CPUtimeinsecondsusedpersecondofsimulatedtime.
Allsimulationsrunat1024coreswithatimestepof1t=0.05s.

Stability1x,mNon-nestedOne-wayTwo-way

NBL105.118.420.9
NBL531.7––
CBL107.928.830.8
SBL54.525.128.7

Two-waynestedsimulationsrequireadditional∼2–3sof
theCPUtimepersimulatedtimesteptoanterpolatethechild
domainsolutionbacktotheparentdomain.Thisresultsin
about10%increaseintheCPUtimecomparedtoone-way
nesting.

Itshouldbenotedthat,unlessobtaininghigh-frequency
timeseriesisthemaingoalofasimulation,thetimestep
canbegraduallyincreasedfornon-nestedrunsinorderto
speedupthecomputation.Thecomputationaltimewill,nev-
ertheless,increaseinasimilarproportionwiththeglobalgrid
refinement.Thetimestepinnestedrunsisstilllimitedby
thelowestgridspacinginchilddomains.Forexample,the
dynamicstepintheregardedconfigurationdoesnotexceed
0.075stosatisfyCourant–Friedrichs–Lewycondition.

Dependingonthesimulationconditions,LESproduces
differentresultsinthenestedarea.Ifthetrueneutralcaseis
definedinPALMexplicitlyviasettingacorrespondingflag,
theone-wayandthetwo-waynestedsimulationsbehavesim-
ilarlywithrespecttogridspacingandfeedbackbetweendo-
mains(Fig.2).Switchingonthetrueneutralflagmeansthat
thetemperatureequationandbuoyancytermsarenotcon-
sideredinthecalculations.Aslongasthosetermsareintro-
ducedfornon-neutralsimulations,thetwo-waynestedsimu-
lationresultsinadecreasedflowspeedinchilddomains.

Sincethechilddomainsanterpolatetheirsolutionbackto
theparentdomain,theareaofreducedflowspeedspreads
totherootdomain.Whiletheeffectislessprominentfor
theinstantaneousfields,itbecomesapparentinthe10min
averagedflow(Fig.3).Theinductionofdownwardvertical
windintwo-waynestedsimulationswasalreadydescribed
byHellstenetal.(2021)forthe5haveragedbuoyancy-
drivenflowinPALM.Hellstenetal.(2021)arguedthatthe
effectofthesecondarycirculationdescribedbyMoengetal.
(2007)wascausedsolelybytheinsufficientdomainsizeand
explaineditwiththedifferentgridspacingandsubsequent
divergenceoftheverticalheatfluxintheparentandchilddo-
mains.Theresearchershypothesizedthatthesecondarycir-
culationwasaninevitablesideeffectofthetwo-waynesting
solutionduetothebetterresolutionoftheturbulencemixing
inchilddomains.Inthecaseoftheshear-drivenflow,weob-
servethattheslowingeffectismoreprominentanddevelops
faster.Theeffectemergesinthebeginningofthesimulation
within20min–anapproximatetimerequiredforthepre-
cursorflowtopassthemainrundomain.Inaddition,some
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whereU10isthewindspeedatz=10mandαisthepower
lawexponent.Thepowerlawexponentissensitivetoat-
mosphericconditionsandisusuallyapproximatedwitha
constant;e.g.,α=1/7isapplicabletoneutralonshoresites
butnototherstabilities(Touma,1977).Often,theapprox-
imationsdonotreflectseasonalanddiurnalvariationsin
meanwindprofiles(BrattonandWomeldorf,2011;Jungand
Schindler,2021).Hence,simulatingalongtimeserieswith
theLESgivesapossibilitytostudywindprofilesindetail.

Theanisotropicturbulencenaturallydevelopsinasim-
ulationwithananisotropicgridresolution(Haeringetal.,
2019)butmayalsooccurinisotropicgrids,suchasthose
usedinthisstudy.Theanisotropicturbulenceaffectswind
turbineloads,particularlyfatigueloads.Therefore,itisim-
portanttoevaluateitsstrengthinthesimulation(Dimitrov
etal.,2017).Weestimateturbulenceanisotropybycompar-
ingspectraofvelocitycomponentsforthenormalizedfre-
quencyfn=fz/Uz,wherez=80mandUzisthehorizon-
talvelocityatthislevel.WecomputeratiosSvv/Suuand
Sww/Suuforallregardedcasesatfn≈1.Thecloserboth
ratiosaretothetheoreticalvalueof4/3=1.333,themore
isotropicthesimulatedturbulenceis(WeilerandBurling,
1967;Smedmanetal.,2003).

4Results

4.1Nestingeffects

AllLESsarerunat1024coresforeachcasewithatimestep
of1t=0.05s;therequiredsimulationtimesforeachsce-
narioaresummarizedinTable6.Sincethedomainsvaryin
sizeandnumberofgridpoints,wecomparenotthetotalCPU
timebuttheCPUtimepersecondofthesimulatedtime.The
non-nestedcoarsedomain(1x=10m)isnotcomputation-
allydemanding,regardlessofthestabilitycase.However,the
requiredCPUtimegraduallyincreasesifthegridspacingis
reducedgloballyforthewholedomain.Ascouldbeseenfor
theNBLcase,theCPUtimepersecondofthesimulatedtime
increasesfrom5.1sfor1x=10mto31.7sfor1x=5m,
respectively.Refiningthegridlocallybyaddingchilddo-
mainsincreasestheCPUtimecomparedtothecoarserefer-
encenon-nestedgrid(1x=10m).Still,thenestedsimula-
tionfinishesfasterthanthegloballyrefinednon-nestedsim-
ulation(1x=5m),whileallowingbetteralocalgridrefine-
mentupto1x=1.25m.

BothNBLandCBLsimulationshavethesamedomain
structureandgridspacing(Table2).However,CBLsimu-
lationsrequiremoreCPUtimecomparedtotherespective
NBL(trueneutral)simulationsduetosolvingthetempera-
tureequation.SBLsimulationsuseCPUtimecomparableto
NBLsimulationsduetohavingonechilddomainlessanda
smallerrootdomainsize–andthusaloweroverallnumber
ofthegridpoints(Table3).

Table6.CPUtimeinsecondsusedpersecondofsimulatedtime.
Allsimulationsrunat1024coreswithatimestepof1t=0.05s.

Stability1x,mNon-nestedOne-wayTwo-way

NBL105.118.420.9
NBL531.7––
CBL107.928.830.8
SBL54.525.128.7

Two-waynestedsimulationsrequireadditional∼2–3sof
theCPUtimepersimulatedtimesteptoanterpolatethechild
domainsolutionbacktotheparentdomain.Thisresultsin
about10%increaseintheCPUtimecomparedtoone-way
nesting.

Itshouldbenotedthat,unlessobtaininghigh-frequency
timeseriesisthemaingoalofasimulation,thetimestep
canbegraduallyincreasedfornon-nestedrunsinorderto
speedupthecomputation.Thecomputationaltimewill,nev-
ertheless,increaseinasimilarproportionwiththeglobalgrid
refinement.Thetimestepinnestedrunsisstilllimitedby
thelowestgridspacinginchilddomains.Forexample,the
dynamicstepintheregardedconfigurationdoesnotexceed
0.075stosatisfyCourant–Friedrichs–Lewycondition.

Dependingonthesimulationconditions,LESproduces
differentresultsinthenestedarea.Ifthetrueneutralcaseis
definedinPALMexplicitlyviasettingacorrespondingflag,
theone-wayandthetwo-waynestedsimulationsbehavesim-
ilarlywithrespecttogridspacingandfeedbackbetweendo-
mains(Fig.2).Switchingonthetrueneutralflagmeansthat
thetemperatureequationandbuoyancytermsarenotcon-
sideredinthecalculations.Aslongasthosetermsareintro-
ducedfornon-neutralsimulations,thetwo-waynestedsimu-
lationresultsinadecreasedflowspeedinchilddomains.

Sincethechilddomainsanterpolatetheirsolutionbackto
theparentdomain,theareaofreducedflowspeedspreads
totherootdomain.Whiletheeffectislessprominentfor
theinstantaneousfields,itbecomesapparentinthe10min
averagedflow(Fig.3).Theinductionofdownwardvertical
windintwo-waynestedsimulationswasalreadydescribed
byHellstenetal.(2021)forthe5haveragedbuoyancy-
drivenflowinPALM.Hellstenetal.(2021)arguedthatthe
effectofthesecondarycirculationdescribedbyMoengetal.
(2007)wascausedsolelybytheinsufficientdomainsizeand
explaineditwiththedifferentgridspacingandsubsequent
divergenceoftheverticalheatfluxintheparentandchilddo-
mains.Theresearchershypothesizedthatthesecondarycir-
culationwasaninevitablesideeffectofthetwo-waynesting
solutionduetothebetterresolutionoftheturbulencemixing
inchilddomains.Inthecaseoftheshear-drivenflow,weob-
servethattheslowingeffectismoreprominentanddevelops
faster.Theeffectemergesinthebeginningofthesimulation
within20min–anapproximatetimerequiredforthepre-
cursorflowtopassthemainrundomain.Inaddition,some
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where U10 is the wind speed at z= 10 m and α is the power
law exponent. The power law exponent is sensitive to at-
mospheric conditions and is usually approximated with a
constant; e.g., α = 1/7 is applicable to neutral onshore sites
but not other stabilities (Touma, 1977). Often, the approx-
imations do not reflect seasonal and diurnal variations in
mean wind profiles (Bratton and Womeldorf, 2011; Jung and
Schindler, 2021). Hence, simulating a long time series with
the LES gives a possibility to study wind profiles in detail.

The anisotropic turbulence naturally develops in a sim-
ulation with an anisotropic grid resolution (Haering et al.,
2019) but may also occur in isotropic grids, such as those
used in this study. The anisotropic turbulence affects wind
turbine loads, particularly fatigue loads. Therefore, it is im-
portant to evaluate its strength in the simulation (Dimitrov
et al., 2017). We estimate turbulence anisotropy by compar-
ing spectra of velocity components for the normalized fre-
quency fn = f z/Uz, where z= 80 m and Uz is the horizon-
tal velocity at this level. We compute ratios Svv/Suu and
Sww/Suu for all regarded cases at fn ≈ 1. The closer both
ratios are to the theoretical value of 4/3= 1.333, the more
isotropic the simulated turbulence is (Weiler and Burling,
1967; Smedman et al., 2003).

4 Results

4.1 Nesting effects

All LESs are run at 1024 cores for each case with a time step
of 1t = 0.05 s; the required simulation times for each sce-
nario are summarized in Table 6. Since the domains vary in
size and number of grid points, we compare not the total CPU
time but the CPU time per second of the simulated time. The
non-nested coarse domain (1x = 10 m) is not computation-
ally demanding, regardless of the stability case. However, the
required CPU time gradually increases if the grid spacing is
reduced globally for the whole domain. As could be seen for
the NBL case, the CPU time per second of the simulated time
increases from 5.1 s for 1x = 10 m to 31.7 s for 1x = 5 m,
respectively. Refining the grid locally by adding child do-
mains increases the CPU time compared to the coarse refer-
ence non-nested grid (1x = 10 m). Still, the nested simula-
tion finishes faster than the globally refined non-nested sim-
ulation (1x = 5 m), while allowing better a local grid refine-
ment up to 1x = 1.25 m.

Both NBL and CBL simulations have the same domain
structure and grid spacing (Table 2). However, CBL simu-
lations require more CPU time compared to the respective
NBL (true neutral) simulations due to solving the tempera-
ture equation. SBL simulations use CPU time comparable to
NBL simulations due to having one child domain less and a
smaller root domain size – and thus a lower overall number
of the grid points (Table 3).

Table 6. CPU time in seconds used per second of simulated time.
All simulations run at 1024 cores with a time step of 1t = 0.05 s.

Stability 1x , m Non-nested One-way Two-way

NBL 10 5.1 18.4 20.9
NBL 5 31.7 – –
CBL 10 7.9 28.8 30.8
SBL 5 4.5 25.1 28.7

Two-way nested simulations require additional ∼ 2–3 s of
the CPU time per simulated time step to anterpolate the child
domain solution back to the parent domain. This results in
about 10 % increase in the CPU time compared to one-way
nesting.

It should be noted that, unless obtaining high-frequency
time series is the main goal of a simulation, the time step
can be gradually increased for non-nested runs in order to
speed up the computation. The computational time will, nev-
ertheless, increase in a similar proportion with the global grid
refinement. The time step in nested runs is still limited by
the lowest grid spacing in child domains. For example, the
dynamic step in the regarded configuration does not exceed
0.075 s to satisfy Courant–Friedrichs–Lewy condition.

Depending on the simulation conditions, LES produces
different results in the nested area. If the true neutral case is
defined in PALM explicitly via setting a corresponding flag,
the one-way and the two-way nested simulations behave sim-
ilarly with respect to grid spacing and feedback between do-
mains (Fig. 2). Switching on the true neutral flag means that
the temperature equation and buoyancy terms are not con-
sidered in the calculations. As long as those terms are intro-
duced for non-neutral simulations, the two-way nested simu-
lation results in a decreased flow speed in child domains.

Since the child domains anterpolate their solution back to
the parent domain, the area of reduced flow speed spreads
to the root domain. While the effect is less prominent for
the instantaneous fields, it becomes apparent in the 10 min
averaged flow (Fig. 3). The induction of downward vertical
wind in two-way nested simulations was already described
by Hellsten et al. (2021) for the 5 h averaged buoyancy-
driven flow in PALM. Hellsten et al. (2021) argued that the
effect of the secondary circulation described by Moeng et al.
(2007) was caused solely by the insufficient domain size and
explained it with the different grid spacing and subsequent
divergence of the vertical heat flux in the parent and child do-
mains. The researchers hypothesized that the secondary cir-
culation was an inevitable side effect of the two-way nesting
solution due to the better resolution of the turbulence mixing
in child domains. In the case of the shear-driven flow, we ob-
serve that the slowing effect is more prominent and develops
faster. The effect emerges in the beginning of the simulation
within 20 min – an approximate time required for the pre-
cursor flow to pass the main run domain. In addition, some
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where U10 is the wind speed at z= 10 m and α is the power
law exponent. The power law exponent is sensitive to at-
mospheric conditions and is usually approximated with a
constant; e.g., α = 1/7 is applicable to neutral onshore sites
but not other stabilities (Touma, 1977). Often, the approx-
imations do not reflect seasonal and diurnal variations in
mean wind profiles (Bratton and Womeldorf, 2011; Jung and
Schindler, 2021). Hence, simulating a long time series with
the LES gives a possibility to study wind profiles in detail.

The anisotropic turbulence naturally develops in a sim-
ulation with an anisotropic grid resolution (Haering et al.,
2019) but may also occur in isotropic grids, such as those
used in this study. The anisotropic turbulence affects wind
turbine loads, particularly fatigue loads. Therefore, it is im-
portant to evaluate its strength in the simulation (Dimitrov
et al., 2017). We estimate turbulence anisotropy by compar-
ing spectra of velocity components for the normalized fre-
quency fn = f z/Uz, where z= 80 m and Uz is the horizon-
tal velocity at this level. We compute ratios Svv/Suu and
Sww/Suu for all regarded cases at fn ≈ 1. The closer both
ratios are to the theoretical value of 4/3= 1.333, the more
isotropic the simulated turbulence is (Weiler and Burling,
1967; Smedman et al., 2003).

4 Results

4.1 Nesting effects

All LESs are run at 1024 cores for each case with a time step
of 1t = 0.05 s; the required simulation times for each sce-
nario are summarized in Table 6. Since the domains vary in
size and number of grid points, we compare not the total CPU
time but the CPU time per second of the simulated time. The
non-nested coarse domain (1x = 10 m) is not computation-
ally demanding, regardless of the stability case. However, the
required CPU time gradually increases if the grid spacing is
reduced globally for the whole domain. As could be seen for
the NBL case, the CPU time per second of the simulated time
increases from 5.1 s for 1x = 10 m to 31.7 s for 1x = 5 m,
respectively. Refining the grid locally by adding child do-
mains increases the CPU time compared to the coarse refer-
ence non-nested grid (1x = 10 m). Still, the nested simula-
tion finishes faster than the globally refined non-nested sim-
ulation (1x = 5 m), while allowing better a local grid refine-
ment up to 1x = 1.25 m.

Both NBL and CBL simulations have the same domain
structure and grid spacing (Table 2). However, CBL simu-
lations require more CPU time compared to the respective
NBL (true neutral) simulations due to solving the tempera-
ture equation. SBL simulations use CPU time comparable to
NBL simulations due to having one child domain less and a
smaller root domain size – and thus a lower overall number
of the grid points (Table 3).

Table 6. CPU time in seconds used per second of simulated time.
All simulations run at 1024 cores with a time step of 1t = 0.05 s.

Stability 1x , m Non-nested One-way Two-way

NBL 10 5.1 18.4 20.9
NBL 5 31.7 – –
CBL 10 7.9 28.8 30.8
SBL 5 4.5 25.1 28.7

Two-way nested simulations require additional ∼ 2–3 s of
the CPU time per simulated time step to anterpolate the child
domain solution back to the parent domain. This results in
about 10 % increase in the CPU time compared to one-way
nesting.

It should be noted that, unless obtaining high-frequency
time series is the main goal of a simulation, the time step
can be gradually increased for non-nested runs in order to
speed up the computation. The computational time will, nev-
ertheless, increase in a similar proportion with the global grid
refinement. The time step in nested runs is still limited by
the lowest grid spacing in child domains. For example, the
dynamic step in the regarded configuration does not exceed
0.075 s to satisfy Courant–Friedrichs–Lewy condition.

Depending on the simulation conditions, LES produces
different results in the nested area. If the true neutral case is
defined in PALM explicitly via setting a corresponding flag,
the one-way and the two-way nested simulations behave sim-
ilarly with respect to grid spacing and feedback between do-
mains (Fig. 2). Switching on the true neutral flag means that
the temperature equation and buoyancy terms are not con-
sidered in the calculations. As long as those terms are intro-
duced for non-neutral simulations, the two-way nested simu-
lation results in a decreased flow speed in child domains.

Since the child domains anterpolate their solution back to
the parent domain, the area of reduced flow speed spreads
to the root domain. While the effect is less prominent for
the instantaneous fields, it becomes apparent in the 10 min
averaged flow (Fig. 3). The induction of downward vertical
wind in two-way nested simulations was already described
by Hellsten et al. (2021) for the 5 h averaged buoyancy-
driven flow in PALM. Hellsten et al. (2021) argued that the
effect of the secondary circulation described by Moeng et al.
(2007) was caused solely by the insufficient domain size and
explained it with the different grid spacing and subsequent
divergence of the vertical heat flux in the parent and child do-
mains. The researchers hypothesized that the secondary cir-
culation was an inevitable side effect of the two-way nesting
solution due to the better resolution of the turbulence mixing
in child domains. In the case of the shear-driven flow, we ob-
serve that the slowing effect is more prominent and develops
faster. The effect emerges in the beginning of the simulation
within 20 min – an approximate time required for the pre-
cursor flow to pass the main run domain. In addition, some
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whereU10isthewindspeedatz=10mandαisthepower
lawexponent.Thepowerlawexponentissensitivetoat-
mosphericconditionsandisusuallyapproximatedwitha
constant;e.g.,α=1/7isapplicabletoneutralonshoresites
butnototherstabilities(Touma,1977).Often,theapprox-
imationsdonotreflectseasonalanddiurnalvariationsin
meanwindprofiles(BrattonandWomeldorf,2011;Jungand
Schindler,2021).Hence,simulatingalongtimeserieswith
theLESgivesapossibilitytostudywindprofilesindetail.

Theanisotropicturbulencenaturallydevelopsinasim-
ulationwithananisotropicgridresolution(Haeringetal.,
2019)butmayalsooccurinisotropicgrids,suchasthose
usedinthisstudy.Theanisotropicturbulenceaffectswind
turbineloads,particularlyfatigueloads.Therefore,itisim-
portanttoevaluateitsstrengthinthesimulation(Dimitrov
etal.,2017).Weestimateturbulenceanisotropybycompar-
ingspectraofvelocitycomponentsforthenormalizedfre-
quencyfn=fz/Uz,wherez=80mandUzisthehorizon-
talvelocityatthislevel.WecomputeratiosSvv/Suuand
Sww/Suuforallregardedcasesatfn≈1.Thecloserboth
ratiosaretothetheoreticalvalueof4/3=1.333,themore
isotropicthesimulatedturbulenceis(WeilerandBurling,
1967;Smedmanetal.,2003).

4Results

4.1Nestingeffects

AllLESsarerunat1024coresforeachcasewithatimestep
of1t=0.05s;therequiredsimulationtimesforeachsce-
narioaresummarizedinTable6.Sincethedomainsvaryin
sizeandnumberofgridpoints,wecomparenotthetotalCPU
timebuttheCPUtimepersecondofthesimulatedtime.The
non-nestedcoarsedomain(1x=10m)isnotcomputation-
allydemanding,regardlessofthestabilitycase.However,the
requiredCPUtimegraduallyincreasesifthegridspacingis
reducedgloballyforthewholedomain.Ascouldbeseenfor
theNBLcase,theCPUtimepersecondofthesimulatedtime
increasesfrom5.1sfor1x=10mto31.7sfor1x=5m,
respectively.Refiningthegridlocallybyaddingchilddo-
mainsincreasestheCPUtimecomparedtothecoarserefer-
encenon-nestedgrid(1x=10m).Still,thenestedsimula-
tionfinishesfasterthanthegloballyrefinednon-nestedsim-
ulation(1x=5m),whileallowingbetteralocalgridrefine-
mentupto1x=1.25m.

BothNBLandCBLsimulationshavethesamedomain
structureandgridspacing(Table2).However,CBLsimu-
lationsrequiremoreCPUtimecomparedtotherespective
NBL(trueneutral)simulationsduetosolvingthetempera-
tureequation.SBLsimulationsuseCPUtimecomparableto
NBLsimulationsduetohavingonechilddomainlessanda
smallerrootdomainsize–andthusaloweroverallnumber
ofthegridpoints(Table3).

Table6.CPUtimeinsecondsusedpersecondofsimulatedtime.
Allsimulationsrunat1024coreswithatimestepof1t=0.05s.

Stability1x,mNon-nestedOne-wayTwo-way

NBL105.118.420.9
NBL531.7––
CBL107.928.830.8
SBL54.525.128.7

Two-waynestedsimulationsrequireadditional∼2–3sof
theCPUtimepersimulatedtimesteptoanterpolatethechild
domainsolutionbacktotheparentdomain.Thisresultsin
about10%increaseintheCPUtimecomparedtoone-way
nesting.

Itshouldbenotedthat,unlessobtaininghigh-frequency
timeseriesisthemaingoalofasimulation,thetimestep
canbegraduallyincreasedfornon-nestedrunsinorderto
speedupthecomputation.Thecomputationaltimewill,nev-
ertheless,increaseinasimilarproportionwiththeglobalgrid
refinement.Thetimestepinnestedrunsisstilllimitedby
thelowestgridspacinginchilddomains.Forexample,the
dynamicstepintheregardedconfigurationdoesnotexceed
0.075stosatisfyCourant–Friedrichs–Lewycondition.

Dependingonthesimulationconditions,LESproduces
differentresultsinthenestedarea.Ifthetrueneutralcaseis
definedinPALMexplicitlyviasettingacorrespondingflag,
theone-wayandthetwo-waynestedsimulationsbehavesim-
ilarlywithrespecttogridspacingandfeedbackbetweendo-
mains(Fig.2).Switchingonthetrueneutralflagmeansthat
thetemperatureequationandbuoyancytermsarenotcon-
sideredinthecalculations.Aslongasthosetermsareintro-
ducedfornon-neutralsimulations,thetwo-waynestedsimu-
lationresultsinadecreasedflowspeedinchilddomains.

Sincethechilddomainsanterpolatetheirsolutionbackto
theparentdomain,theareaofreducedflowspeedspreads
totherootdomain.Whiletheeffectislessprominentfor
theinstantaneousfields,itbecomesapparentinthe10min
averagedflow(Fig.3).Theinductionofdownwardvertical
windintwo-waynestedsimulationswasalreadydescribed
byHellstenetal.(2021)forthe5haveragedbuoyancy-
drivenflowinPALM.Hellstenetal.(2021)arguedthatthe
effectofthesecondarycirculationdescribedbyMoengetal.
(2007)wascausedsolelybytheinsufficientdomainsizeand
explaineditwiththedifferentgridspacingandsubsequent
divergenceoftheverticalheatfluxintheparentandchilddo-
mains.Theresearchershypothesizedthatthesecondarycir-
culationwasaninevitablesideeffectofthetwo-waynesting
solutionduetothebetterresolutionoftheturbulencemixing
inchilddomains.Inthecaseoftheshear-drivenflow,weob-
servethattheslowingeffectismoreprominentanddevelops
faster.Theeffectemergesinthebeginningofthesimulation
within20min–anapproximatetimerequiredforthepre-
cursorflowtopassthemainrundomain.Inaddition,some
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whereU10isthewindspeedatz=10mandαisthepower
lawexponent.Thepowerlawexponentissensitivetoat-
mosphericconditionsandisusuallyapproximatedwitha
constant;e.g.,α=1/7isapplicabletoneutralonshoresites
butnototherstabilities(Touma,1977).Often,theapprox-
imationsdonotreflectseasonalanddiurnalvariationsin
meanwindprofiles(BrattonandWomeldorf,2011;Jungand
Schindler,2021).Hence,simulatingalongtimeserieswith
theLESgivesapossibilitytostudywindprofilesindetail.

Theanisotropicturbulencenaturallydevelopsinasim-
ulationwithananisotropicgridresolution(Haeringetal.,
2019)butmayalsooccurinisotropicgrids,suchasthose
usedinthisstudy.Theanisotropicturbulenceaffectswind
turbineloads,particularlyfatigueloads.Therefore,itisim-
portanttoevaluateitsstrengthinthesimulation(Dimitrov
etal.,2017).Weestimateturbulenceanisotropybycompar-
ingspectraofvelocitycomponentsforthenormalizedfre-
quencyfn=fz/Uz,wherez=80mandUzisthehorizon-
talvelocityatthislevel.WecomputeratiosSvv/Suuand
Sww/Suuforallregardedcasesatfn≈1.Thecloserboth
ratiosaretothetheoreticalvalueof4/3=1.333,themore
isotropicthesimulatedturbulenceis(WeilerandBurling,
1967;Smedmanetal.,2003).

4Results

4.1Nestingeffects

AllLESsarerunat1024coresforeachcasewithatimestep
of1t=0.05s;therequiredsimulationtimesforeachsce-
narioaresummarizedinTable6.Sincethedomainsvaryin
sizeandnumberofgridpoints,wecomparenotthetotalCPU
timebuttheCPUtimepersecondofthesimulatedtime.The
non-nestedcoarsedomain(1x=10m)isnotcomputation-
allydemanding,regardlessofthestabilitycase.However,the
requiredCPUtimegraduallyincreasesifthegridspacingis
reducedgloballyforthewholedomain.Ascouldbeseenfor
theNBLcase,theCPUtimepersecondofthesimulatedtime
increasesfrom5.1sfor1x=10mto31.7sfor1x=5m,
respectively.Refiningthegridlocallybyaddingchilddo-
mainsincreasestheCPUtimecomparedtothecoarserefer-
encenon-nestedgrid(1x=10m).Still,thenestedsimula-
tionfinishesfasterthanthegloballyrefinednon-nestedsim-
ulation(1x=5m),whileallowingbetteralocalgridrefine-
mentupto1x=1.25m.

BothNBLandCBLsimulationshavethesamedomain
structureandgridspacing(Table2).However,CBLsimu-
lationsrequiremoreCPUtimecomparedtotherespective
NBL(trueneutral)simulationsduetosolvingthetempera-
tureequation.SBLsimulationsuseCPUtimecomparableto
NBLsimulationsduetohavingonechilddomainlessanda
smallerrootdomainsize–andthusaloweroverallnumber
ofthegridpoints(Table3).

Table6.CPUtimeinsecondsusedpersecondofsimulatedtime.
Allsimulationsrunat1024coreswithatimestepof1t=0.05s.

Stability1x,mNon-nestedOne-wayTwo-way

NBL105.118.420.9
NBL531.7––
CBL107.928.830.8
SBL54.525.128.7

Two-waynestedsimulationsrequireadditional∼2–3sof
theCPUtimepersimulatedtimesteptoanterpolatethechild
domainsolutionbacktotheparentdomain.Thisresultsin
about10%increaseintheCPUtimecomparedtoone-way
nesting.

Itshouldbenotedthat,unlessobtaininghigh-frequency
timeseriesisthemaingoalofasimulation,thetimestep
canbegraduallyincreasedfornon-nestedrunsinorderto
speedupthecomputation.Thecomputationaltimewill,nev-
ertheless,increaseinasimilarproportionwiththeglobalgrid
refinement.Thetimestepinnestedrunsisstilllimitedby
thelowestgridspacinginchilddomains.Forexample,the
dynamicstepintheregardedconfigurationdoesnotexceed
0.075stosatisfyCourant–Friedrichs–Lewycondition.

Dependingonthesimulationconditions,LESproduces
differentresultsinthenestedarea.Ifthetrueneutralcaseis
definedinPALMexplicitlyviasettingacorrespondingflag,
theone-wayandthetwo-waynestedsimulationsbehavesim-
ilarlywithrespecttogridspacingandfeedbackbetweendo-
mains(Fig.2).Switchingonthetrueneutralflagmeansthat
thetemperatureequationandbuoyancytermsarenotcon-
sideredinthecalculations.Aslongasthosetermsareintro-
ducedfornon-neutralsimulations,thetwo-waynestedsimu-
lationresultsinadecreasedflowspeedinchilddomains.

Sincethechilddomainsanterpolatetheirsolutionbackto
theparentdomain,theareaofreducedflowspeedspreads
totherootdomain.Whiletheeffectislessprominentfor
theinstantaneousfields,itbecomesapparentinthe10min
averagedflow(Fig.3).Theinductionofdownwardvertical
windintwo-waynestedsimulationswasalreadydescribed
byHellstenetal.(2021)forthe5haveragedbuoyancy-
drivenflowinPALM.Hellstenetal.(2021)arguedthatthe
effectofthesecondarycirculationdescribedbyMoengetal.
(2007)wascausedsolelybytheinsufficientdomainsizeand
explaineditwiththedifferentgridspacingandsubsequent
divergenceoftheverticalheatfluxintheparentandchilddo-
mains.Theresearchershypothesizedthatthesecondarycir-
culationwasaninevitablesideeffectofthetwo-waynesting
solutionduetothebetterresolutionoftheturbulencemixing
inchilddomains.Inthecaseoftheshear-drivenflow,weob-
servethattheslowingeffectismoreprominentanddevelops
faster.Theeffectemergesinthebeginningofthesimulation
within20min–anapproximatetimerequiredforthepre-
cursorflowtopassthemainrundomain.Inaddition,some
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whereU10isthewindspeedatz=10mandαisthepower
lawexponent.Thepowerlawexponentissensitivetoat-
mosphericconditionsandisusuallyapproximatedwitha
constant;e.g.,α=1/7isapplicabletoneutralonshoresites
butnototherstabilities(Touma,1977).Often,theapprox-
imationsdonotreflectseasonalanddiurnalvariationsin
meanwindprofiles(BrattonandWomeldorf,2011;Jungand
Schindler,2021).Hence,simulatingalongtimeserieswith
theLESgivesapossibilitytostudywindprofilesindetail.

Theanisotropicturbulencenaturallydevelopsinasim-
ulationwithananisotropicgridresolution(Haeringetal.,
2019)butmayalsooccurinisotropicgrids,suchasthose
usedinthisstudy.Theanisotropicturbulenceaffectswind
turbineloads,particularlyfatigueloads.Therefore,itisim-
portanttoevaluateitsstrengthinthesimulation(Dimitrov
etal.,2017).Weestimateturbulenceanisotropybycompar-
ingspectraofvelocitycomponentsforthenormalizedfre-
quencyfn=fz/Uz,wherez=80mandUzisthehorizon-
talvelocityatthislevel.WecomputeratiosSvv/Suuand
Sww/Suuforallregardedcasesatfn≈1.Thecloserboth
ratiosaretothetheoreticalvalueof4/3=1.333,themore
isotropicthesimulatedturbulenceis(WeilerandBurling,
1967;Smedmanetal.,2003).

4Results

4.1Nestingeffects

AllLESsarerunat1024coresforeachcasewithatimestep
of1t=0.05s;therequiredsimulationtimesforeachsce-
narioaresummarizedinTable6.Sincethedomainsvaryin
sizeandnumberofgridpoints,wecomparenotthetotalCPU
timebuttheCPUtimepersecondofthesimulatedtime.The
non-nestedcoarsedomain(1x=10m)isnotcomputation-
allydemanding,regardlessofthestabilitycase.However,the
requiredCPUtimegraduallyincreasesifthegridspacingis
reducedgloballyforthewholedomain.Ascouldbeseenfor
theNBLcase,theCPUtimepersecondofthesimulatedtime
increasesfrom5.1sfor1x=10mto31.7sfor1x=5m,
respectively.Refiningthegridlocallybyaddingchilddo-
mainsincreasestheCPUtimecomparedtothecoarserefer-
encenon-nestedgrid(1x=10m).Still,thenestedsimula-
tionfinishesfasterthanthegloballyrefinednon-nestedsim-
ulation(1x=5m),whileallowingbetteralocalgridrefine-
mentupto1x=1.25m.

BothNBLandCBLsimulationshavethesamedomain
structureandgridspacing(Table2).However,CBLsimu-
lationsrequiremoreCPUtimecomparedtotherespective
NBL(trueneutral)simulationsduetosolvingthetempera-
tureequation.SBLsimulationsuseCPUtimecomparableto
NBLsimulationsduetohavingonechilddomainlessanda
smallerrootdomainsize–andthusaloweroverallnumber
ofthegridpoints(Table3).

Table6.CPUtimeinsecondsusedpersecondofsimulatedtime.
Allsimulationsrunat1024coreswithatimestepof1t=0.05s.

Stability1x,mNon-nestedOne-wayTwo-way

NBL105.118.420.9
NBL531.7––
CBL107.928.830.8
SBL54.525.128.7

Two-waynestedsimulationsrequireadditional∼2–3sof
theCPUtimepersimulatedtimesteptoanterpolatethechild
domainsolutionbacktotheparentdomain.Thisresultsin
about10%increaseintheCPUtimecomparedtoone-way
nesting.

Itshouldbenotedthat,unlessobtaininghigh-frequency
timeseriesisthemaingoalofasimulation,thetimestep
canbegraduallyincreasedfornon-nestedrunsinorderto
speedupthecomputation.Thecomputationaltimewill,nev-
ertheless,increaseinasimilarproportionwiththeglobalgrid
refinement.Thetimestepinnestedrunsisstilllimitedby
thelowestgridspacinginchilddomains.Forexample,the
dynamicstepintheregardedconfigurationdoesnotexceed
0.075stosatisfyCourant–Friedrichs–Lewycondition.

Dependingonthesimulationconditions,LESproduces
differentresultsinthenestedarea.Ifthetrueneutralcaseis
definedinPALMexplicitlyviasettingacorrespondingflag,
theone-wayandthetwo-waynestedsimulationsbehavesim-
ilarlywithrespecttogridspacingandfeedbackbetweendo-
mains(Fig.2).Switchingonthetrueneutralflagmeansthat
thetemperatureequationandbuoyancytermsarenotcon-
sideredinthecalculations.Aslongasthosetermsareintro-
ducedfornon-neutralsimulations,thetwo-waynestedsimu-
lationresultsinadecreasedflowspeedinchilddomains.

Sincethechilddomainsanterpolatetheirsolutionbackto
theparentdomain,theareaofreducedflowspeedspreads
totherootdomain.Whiletheeffectislessprominentfor
theinstantaneousfields,itbecomesapparentinthe10min
averagedflow(Fig.3).Theinductionofdownwardvertical
windintwo-waynestedsimulationswasalreadydescribed
byHellstenetal.(2021)forthe5haveragedbuoyancy-
drivenflowinPALM.Hellstenetal.(2021)arguedthatthe
effectofthesecondarycirculationdescribedbyMoengetal.
(2007)wascausedsolelybytheinsufficientdomainsizeand
explaineditwiththedifferentgridspacingandsubsequent
divergenceoftheverticalheatfluxintheparentandchilddo-
mains.Theresearchershypothesizedthatthesecondarycir-
culationwasaninevitablesideeffectofthetwo-waynesting
solutionduetothebetterresolutionoftheturbulencemixing
inchilddomains.Inthecaseoftheshear-drivenflow,weob-
servethattheslowingeffectismoreprominentanddevelops
faster.Theeffectemergesinthebeginningofthesimulation
within20min–anapproximatetimerequiredforthepre-
cursorflowtopassthemainrundomain.Inaddition,some
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whereU10isthewindspeedatz=10mandαisthepower
lawexponent.Thepowerlawexponentissensitivetoat-
mosphericconditionsandisusuallyapproximatedwitha
constant;e.g.,α=1/7isapplicabletoneutralonshoresites
butnototherstabilities(Touma,1977).Often,theapprox-
imationsdonotreflectseasonalanddiurnalvariationsin
meanwindprofiles(BrattonandWomeldorf,2011;Jungand
Schindler,2021).Hence,simulatingalongtimeserieswith
theLESgivesapossibilitytostudywindprofilesindetail.

Theanisotropicturbulencenaturallydevelopsinasim-
ulationwithananisotropicgridresolution(Haeringetal.,
2019)butmayalsooccurinisotropicgrids,suchasthose
usedinthisstudy.Theanisotropicturbulenceaffectswind
turbineloads,particularlyfatigueloads.Therefore,itisim-
portanttoevaluateitsstrengthinthesimulation(Dimitrov
etal.,2017).Weestimateturbulenceanisotropybycompar-
ingspectraofvelocitycomponentsforthenormalizedfre-
quencyfn=fz/Uz,wherez=80mandUzisthehorizon-
talvelocityatthislevel.WecomputeratiosSvv/Suuand
Sww/Suuforallregardedcasesatfn≈1.Thecloserboth
ratiosaretothetheoreticalvalueof4/3=1.333,themore
isotropicthesimulatedturbulenceis(WeilerandBurling,
1967;Smedmanetal.,2003).

4Results

4.1Nestingeffects

AllLESsarerunat1024coresforeachcasewithatimestep
of1t=0.05s;therequiredsimulationtimesforeachsce-
narioaresummarizedinTable6.Sincethedomainsvaryin
sizeandnumberofgridpoints,wecomparenotthetotalCPU
timebuttheCPUtimepersecondofthesimulatedtime.The
non-nestedcoarsedomain(1x=10m)isnotcomputation-
allydemanding,regardlessofthestabilitycase.However,the
requiredCPUtimegraduallyincreasesifthegridspacingis
reducedgloballyforthewholedomain.Ascouldbeseenfor
theNBLcase,theCPUtimepersecondofthesimulatedtime
increasesfrom5.1sfor1x=10mto31.7sfor1x=5m,
respectively.Refiningthegridlocallybyaddingchilddo-
mainsincreasestheCPUtimecomparedtothecoarserefer-
encenon-nestedgrid(1x=10m).Still,thenestedsimula-
tionfinishesfasterthanthegloballyrefinednon-nestedsim-
ulation(1x=5m),whileallowingbetteralocalgridrefine-
mentupto1x=1.25m.

BothNBLandCBLsimulationshavethesamedomain
structureandgridspacing(Table2).However,CBLsimu-
lationsrequiremoreCPUtimecomparedtotherespective
NBL(trueneutral)simulationsduetosolvingthetempera-
tureequation.SBLsimulationsuseCPUtimecomparableto
NBLsimulationsduetohavingonechilddomainlessanda
smallerrootdomainsize–andthusaloweroverallnumber
ofthegridpoints(Table3).

Table6.CPUtimeinsecondsusedpersecondofsimulatedtime.
Allsimulationsrunat1024coreswithatimestepof1t=0.05s.

Stability1x,mNon-nestedOne-wayTwo-way

NBL105.118.420.9
NBL531.7––
CBL107.928.830.8
SBL54.525.128.7

Two-waynestedsimulationsrequireadditional∼2–3sof
theCPUtimepersimulatedtimesteptoanterpolatethechild
domainsolutionbacktotheparentdomain.Thisresultsin
about10%increaseintheCPUtimecomparedtoone-way
nesting.

Itshouldbenotedthat,unlessobtaininghigh-frequency
timeseriesisthemaingoalofasimulation,thetimestep
canbegraduallyincreasedfornon-nestedrunsinorderto
speedupthecomputation.Thecomputationaltimewill,nev-
ertheless,increaseinasimilarproportionwiththeglobalgrid
refinement.Thetimestepinnestedrunsisstilllimitedby
thelowestgridspacinginchilddomains.Forexample,the
dynamicstepintheregardedconfigurationdoesnotexceed
0.075stosatisfyCourant–Friedrichs–Lewycondition.

Dependingonthesimulationconditions,LESproduces
differentresultsinthenestedarea.Ifthetrueneutralcaseis
definedinPALMexplicitlyviasettingacorrespondingflag,
theone-wayandthetwo-waynestedsimulationsbehavesim-
ilarlywithrespecttogridspacingandfeedbackbetweendo-
mains(Fig.2).Switchingonthetrueneutralflagmeansthat
thetemperatureequationandbuoyancytermsarenotcon-
sideredinthecalculations.Aslongasthosetermsareintro-
ducedfornon-neutralsimulations,thetwo-waynestedsimu-
lationresultsinadecreasedflowspeedinchilddomains.

Sincethechilddomainsanterpolatetheirsolutionbackto
theparentdomain,theareaofreducedflowspeedspreads
totherootdomain.Whiletheeffectislessprominentfor
theinstantaneousfields,itbecomesapparentinthe10min
averagedflow(Fig.3).Theinductionofdownwardvertical
windintwo-waynestedsimulationswasalreadydescribed
byHellstenetal.(2021)forthe5haveragedbuoyancy-
drivenflowinPALM.Hellstenetal.(2021)arguedthatthe
effectofthesecondarycirculationdescribedbyMoengetal.
(2007)wascausedsolelybytheinsufficientdomainsizeand
explaineditwiththedifferentgridspacingandsubsequent
divergenceoftheverticalheatfluxintheparentandchilddo-
mains.Theresearchershypothesizedthatthesecondarycir-
culationwasaninevitablesideeffectofthetwo-waynesting
solutionduetothebetterresolutionoftheturbulencemixing
inchilddomains.Inthecaseoftheshear-drivenflow,weob-
servethattheslowingeffectismoreprominentanddevelops
faster.Theeffectemergesinthebeginningofthesimulation
within20min–anapproximatetimerequiredforthepre-
cursorflowtopassthemainrundomain.Inaddition,some
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Figure 2. NBL, flow at the reference height of 119 m for differ-
ent wind speed components: (a) one-way nesting and (b) two-way
nesting.

Figure 3. SBL, flow at the reference height of 119 m for different
wind speed components: (a) one-way nesting and (b) two-way nest-
ing.

of the quantities of a shear-driven flow, mainly the vertical
velocity w, are not uniformly distributed inside the child do-
mains (Fig. 4).

4.2 Subgrid scales

LES resolves scales larger than the grid spacing directly
but approximates smaller scales. In a well-resolved flow, the
unresolved (subgrid) scales should not exceed the resolved
ones. This relation holds for all simulations performed, im-
plying that the grid spacing of 1= 10 m is already small

Figure 4. The 10 min average profiles, SBL two-way nested case.
(a) Sampling points; (b) the mean flow is slowed down in the nested
area; (c) the vertical flow near the entrance of the nested area re-
mains weak but becomes stronger as the flow passes through the
nested area.

enough for the given flow (Fig. 5). The grid refinement does
not strongly affect momentum fluxes, except for the CBL
case (Fig. 5b), where turbulent eddies are generally larger
than in the NBL and SBL cases. The effect from the nest-
ing mode is also the most pronounced in CBL simulations
(Fig. 5b). The resolved wu and wv fluxes remain stationary
in the one-way nesting mode but decrease over time in the
two-way nesting mode and eventually merge.

The subgrid-scale fluxes consistently remain near zero for
all levels except near-surface cells, where the turbulence
intensity is expected to be high due to the surface influ-
ence (Fig. 6). Consequently, the near-surface subgrid-scale
fluxes are comparable to resolved-scale fluxes. However, the
subgrid-scale fluxes at lower levels tend to zero faster as the
grid spacing is refined. Unlike the one-way nesting mode,
the resolved fluxes in the two-way nesting mode show a
non-monotonic behavior near the surface in the intermediate
child domains. The effect is observed in all two-way simu-
lations, including true neutral conditions. Therefore, it can-
not be solely caused by the flow difference in the nested and
non-nested areas, despite the flux profiles being time and spa-
tial averages. The occurring non-monotonic behavior can be
rather attributed to the way PALM performs anterpolation
from a child to the parent domain.

4.3 Turbulence characteristics

Since the flow is driven by the pressure gradient instead of
the Coriolis force, the flow is aligned with the x axis, and
the wind direction remains nearly constant. The fluctuations
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Figure2.NBL,flowatthereferenceheightof119mfordiffer-
entwindspeedcomponents:(a)one-waynestingand(b)two-way
nesting.

Figure3.SBL,flowatthereferenceheightof119mfordifferent
windspeedcomponents:(a)one-waynestingand(b)two-waynest-
ing.

ofthequantitiesofashear-drivenflow,mainlythevertical
velocityw,arenotuniformlydistributedinsidethechilddo-
mains(Fig.4).

4.2Subgridscales

LESresolvesscaleslargerthanthegridspacingdirectly
butapproximatessmallerscales.Inawell-resolvedflow,the
unresolved(subgrid)scalesshouldnotexceedtheresolved
ones.Thisrelationholdsforallsimulationsperformed,im-
plyingthatthegridspacingof1=10misalreadysmall

Figure4.The10minaverageprofiles,SBLtwo-waynestedcase.
(a)Samplingpoints;(b)themeanflowissloweddowninthenested
area;(c)theverticalflowneartheentranceofthenestedareare-
mainsweakbutbecomesstrongerastheflowpassesthroughthe
nestedarea.

enoughforthegivenflow(Fig.5).Thegridrefinementdoes
notstronglyaffectmomentumfluxes,exceptfortheCBL
case(Fig.5b),whereturbulenteddiesaregenerallylarger
thanintheNBLandSBLcases.Theeffectfromthenest-
ingmodeisalsothemostpronouncedinCBLsimulations
(Fig.5b).Theresolvedwuandwvfluxesremainstationary
intheone-waynestingmodebutdecreaseovertimeinthe
two-waynestingmodeandeventuallymerge.

Thesubgrid-scalefluxesconsistentlyremainnearzerofor
alllevelsexceptnear-surfacecells,wheretheturbulence
intensityisexpectedtobehighduetothesurfaceinflu-
ence(Fig.6).Consequently,thenear-surfacesubgrid-scale
fluxesarecomparabletoresolved-scalefluxes.However,the
subgrid-scalefluxesatlowerlevelstendtozerofasterasthe
gridspacingisrefined.Unliketheone-waynestingmode,
theresolvedfluxesinthetwo-waynestingmodeshowa
non-monotonicbehaviornearthesurfaceintheintermediate
childdomains.Theeffectisobservedinalltwo-waysimu-
lations,includingtrueneutralconditions.Therefore,itcan-
notbesolelycausedbytheflowdifferenceinthenestedand
non-nestedareas,despitethefluxprofilesbeingtimeandspa-
tialaverages.Theoccurringnon-monotonicbehaviorcanbe
ratherattributedtothewayPALMperformsanterpolation
fromachildtotheparentdomain.

4.3Turbulencecharacteristics

Sincetheflowisdrivenbythepressuregradientinsteadof
theCoriolisforce,theflowisalignedwiththexaxis,and
thewinddirectionremainsnearlyconstant.Thefluctuations
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Figure 2. NBL, flow at the reference height of 119 m for differ-
ent wind speed components: (a) one-way nesting and (b) two-way
nesting.

Figure 3. SBL, flow at the reference height of 119 m for different
wind speed components: (a) one-way nesting and (b) two-way nest-
ing.

of the quantities of a shear-driven flow, mainly the vertical
velocity w, are not uniformly distributed inside the child do-
mains (Fig. 4).

4.2 Subgrid scales

LES resolves scales larger than the grid spacing directly
but approximates smaller scales. In a well-resolved flow, the
unresolved (subgrid) scales should not exceed the resolved
ones. This relation holds for all simulations performed, im-
plying that the grid spacing of 1= 10 m is already small

Figure 4. The 10 min average profiles, SBL two-way nested case.
(a) Sampling points; (b) the mean flow is slowed down in the nested
area; (c) the vertical flow near the entrance of the nested area re-
mains weak but becomes stronger as the flow passes through the
nested area.

enough for the given flow (Fig. 5). The grid refinement does
not strongly affect momentum fluxes, except for the CBL
case (Fig. 5b), where turbulent eddies are generally larger
than in the NBL and SBL cases. The effect from the nest-
ing mode is also the most pronounced in CBL simulations
(Fig. 5b). The resolved wu and wv fluxes remain stationary
in the one-way nesting mode but decrease over time in the
two-way nesting mode and eventually merge.

The subgrid-scale fluxes consistently remain near zero for
all levels except near-surface cells, where the turbulence
intensity is expected to be high due to the surface influ-
ence (Fig. 6). Consequently, the near-surface subgrid-scale
fluxes are comparable to resolved-scale fluxes. However, the
subgrid-scale fluxes at lower levels tend to zero faster as the
grid spacing is refined. Unlike the one-way nesting mode,
the resolved fluxes in the two-way nesting mode show a
non-monotonic behavior near the surface in the intermediate
child domains. The effect is observed in all two-way simu-
lations, including true neutral conditions. Therefore, it can-
not be solely caused by the flow difference in the nested and
non-nested areas, despite the flux profiles being time and spa-
tial averages. The occurring non-monotonic behavior can be
rather attributed to the way PALM performs anterpolation
from a child to the parent domain.

4.3 Turbulence characteristics

Since the flow is driven by the pressure gradient instead of
the Coriolis force, the flow is aligned with the x axis, and
the wind direction remains nearly constant. The fluctuations

Geosci. Model Dev., 16, 3553–3564, 2023 https://doi.org/10.5194/gmd-16-3553-2023

3558 M. Krutova et al.: Self-nested simulations in PALM for wind energy application

Figure 2. NBL, flow at the reference height of 119 m for differ-
ent wind speed components: (a) one-way nesting and (b) two-way
nesting.

Figure 3. SBL, flow at the reference height of 119 m for different
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unresolved (subgrid) scales should not exceed the resolved
ones. This relation holds for all simulations performed, im-
plying that the grid spacing of 1= 10 m is already small

Figure 4. The 10 min average profiles, SBL two-way nested case.
(a) Sampling points; (b) the mean flow is slowed down in the nested
area; (c) the vertical flow near the entrance of the nested area re-
mains weak but becomes stronger as the flow passes through the
nested area.

enough for the given flow (Fig. 5). The grid refinement does
not strongly affect momentum fluxes, except for the CBL
case (Fig. 5b), where turbulent eddies are generally larger
than in the NBL and SBL cases. The effect from the nest-
ing mode is also the most pronounced in CBL simulations
(Fig. 5b). The resolved wu and wv fluxes remain stationary
in the one-way nesting mode but decrease over time in the
two-way nesting mode and eventually merge.

The subgrid-scale fluxes consistently remain near zero for
all levels except near-surface cells, where the turbulence
intensity is expected to be high due to the surface influ-
ence (Fig. 6). Consequently, the near-surface subgrid-scale
fluxes are comparable to resolved-scale fluxes. However, the
subgrid-scale fluxes at lower levels tend to zero faster as the
grid spacing is refined. Unlike the one-way nesting mode,
the resolved fluxes in the two-way nesting mode show a
non-monotonic behavior near the surface in the intermediate
child domains. The effect is observed in all two-way simu-
lations, including true neutral conditions. Therefore, it can-
not be solely caused by the flow difference in the nested and
non-nested areas, despite the flux profiles being time and spa-
tial averages. The occurring non-monotonic behavior can be
rather attributed to the way PALM performs anterpolation
from a child to the parent domain.

4.3 Turbulence characteristics

Since the flow is driven by the pressure gradient instead of
the Coriolis force, the flow is aligned with the x axis, and
the wind direction remains nearly constant. The fluctuations
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Figure2.NBL,flowatthereferenceheightof119mfordiffer-
entwindspeedcomponents:(a)one-waynestingand(b)two-way
nesting.

Figure3.SBL,flowatthereferenceheightof119mfordifferent
windspeedcomponents:(a)one-waynestingand(b)two-waynest-
ing.

ofthequantitiesofashear-drivenflow,mainlythevertical
velocityw,arenotuniformlydistributedinsidethechilddo-
mains(Fig.4).

4.2Subgridscales

LESresolvesscaleslargerthanthegridspacingdirectly
butapproximatessmallerscales.Inawell-resolvedflow,the
unresolved(subgrid)scalesshouldnotexceedtheresolved
ones.Thisrelationholdsforallsimulationsperformed,im-
plyingthatthegridspacingof1=10misalreadysmall

Figure4.The10minaverageprofiles,SBLtwo-waynestedcase.
(a)Samplingpoints;(b)themeanflowissloweddowninthenested
area;(c)theverticalflowneartheentranceofthenestedareare-
mainsweakbutbecomesstrongerastheflowpassesthroughthe
nestedarea.

enoughforthegivenflow(Fig.5).Thegridrefinementdoes
notstronglyaffectmomentumfluxes,exceptfortheCBL
case(Fig.5b),whereturbulenteddiesaregenerallylarger
thanintheNBLandSBLcases.Theeffectfromthenest-
ingmodeisalsothemostpronouncedinCBLsimulations
(Fig.5b).Theresolvedwuandwvfluxesremainstationary
intheone-waynestingmodebutdecreaseovertimeinthe
two-waynestingmodeandeventuallymerge.

Thesubgrid-scalefluxesconsistentlyremainnearzerofor
alllevelsexceptnear-surfacecells,wheretheturbulence
intensityisexpectedtobehighduetothesurfaceinflu-
ence(Fig.6).Consequently,thenear-surfacesubgrid-scale
fluxesarecomparabletoresolved-scalefluxes.However,the
subgrid-scalefluxesatlowerlevelstendtozerofasterasthe
gridspacingisrefined.Unliketheone-waynestingmode,
theresolvedfluxesinthetwo-waynestingmodeshowa
non-monotonicbehaviornearthesurfaceintheintermediate
childdomains.Theeffectisobservedinalltwo-waysimu-
lations,includingtrueneutralconditions.Therefore,itcan-
notbesolelycausedbytheflowdifferenceinthenestedand
non-nestedareas,despitethefluxprofilesbeingtimeandspa-
tialaverages.Theoccurringnon-monotonicbehaviorcanbe
ratherattributedtothewayPALMperformsanterpolation
fromachildtotheparentdomain.

4.3Turbulencecharacteristics

Sincetheflowisdrivenbythepressuregradientinsteadof
theCoriolisforce,theflowisalignedwiththexaxis,and
thewinddirectionremainsnearlyconstant.Thefluctuations
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mains(Fig.4).
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LESresolvesscaleslargerthanthegridspacingdirectly
butapproximatessmallerscales.Inawell-resolvedflow,the
unresolved(subgrid)scalesshouldnotexceedtheresolved
ones.Thisrelationholdsforallsimulationsperformed,im-
plyingthatthegridspacingof1=10misalreadysmall

Figure4.The10minaverageprofiles,SBLtwo-waynestedcase.
(a)Samplingpoints;(b)themeanflowissloweddowninthenested
area;(c)theverticalflowneartheentranceofthenestedareare-
mainsweakbutbecomesstrongerastheflowpassesthroughthe
nestedarea.

enoughforthegivenflow(Fig.5).Thegridrefinementdoes
notstronglyaffectmomentumfluxes,exceptfortheCBL
case(Fig.5b),whereturbulenteddiesaregenerallylarger
thanintheNBLandSBLcases.Theeffectfromthenest-
ingmodeisalsothemostpronouncedinCBLsimulations
(Fig.5b).Theresolvedwuandwvfluxesremainstationary
intheone-waynestingmodebutdecreaseovertimeinthe
two-waynestingmodeandeventuallymerge.

Thesubgrid-scalefluxesconsistentlyremainnearzerofor
alllevelsexceptnear-surfacecells,wheretheturbulence
intensityisexpectedtobehighduetothesurfaceinflu-
ence(Fig.6).Consequently,thenear-surfacesubgrid-scale
fluxesarecomparabletoresolved-scalefluxes.However,the
subgrid-scalefluxesatlowerlevelstendtozerofasterasthe
gridspacingisrefined.Unliketheone-waynestingmode,
theresolvedfluxesinthetwo-waynestingmodeshowa
non-monotonicbehaviornearthesurfaceintheintermediate
childdomains.Theeffectisobservedinalltwo-waysimu-
lations,includingtrueneutralconditions.Therefore,itcan-
notbesolelycausedbytheflowdifferenceinthenestedand
non-nestedareas,despitethefluxprofilesbeingtimeandspa-
tialaverages.Theoccurringnon-monotonicbehaviorcanbe
ratherattributedtothewayPALMperformsanterpolation
fromachildtotheparentdomain.

4.3Turbulencecharacteristics

Sincetheflowisdrivenbythepressuregradientinsteadof
theCoriolisforce,theflowisalignedwiththexaxis,and
thewinddirectionremainsnearlyconstant.Thefluctuations
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case(Fig.5b),whereturbulenteddiesaregenerallylarger
thanintheNBLandSBLcases.Theeffectfromthenest-
ingmodeisalsothemostpronouncedinCBLsimulations
(Fig.5b).Theresolvedwuandwvfluxesremainstationary
intheone-waynestingmodebutdecreaseovertimeinthe
two-waynestingmodeandeventuallymerge.

Thesubgrid-scalefluxesconsistentlyremainnearzerofor
alllevelsexceptnear-surfacecells,wheretheturbulence
intensityisexpectedtobehighduetothesurfaceinflu-
ence(Fig.6).Consequently,thenear-surfacesubgrid-scale
fluxesarecomparabletoresolved-scalefluxes.However,the
subgrid-scalefluxesatlowerlevelstendtozerofasterasthe
gridspacingisrefined.Unliketheone-waynestingmode,
theresolvedfluxesinthetwo-waynestingmodeshowa
non-monotonicbehaviornearthesurfaceintheintermediate
childdomains.Theeffectisobservedinalltwo-waysimu-
lations,includingtrueneutralconditions.Therefore,itcan-
notbesolelycausedbytheflowdifferenceinthenestedand
non-nestedareas,despitethefluxprofilesbeingtimeandspa-
tialaverages.Theoccurringnon-monotonicbehaviorcanbe
ratherattributedtothewayPALMperformsanterpolation
fromachildtotheparentdomain.

4.3Turbulencecharacteristics

Sincetheflowisdrivenbythepressuregradientinsteadof
theCoriolisforce,theflowisalignedwiththexaxis,and
thewinddirectionremainsnearlyconstant.Thefluctuations
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Figure 5. Comparison of resolved and subgrid-scale momentum fluxes for different stability simulations and nesting modes.

Figure 6. Comparison of near-surface resolved and subgrid-scale momentum fluxes for different stability simulations and nesting modes.

of the lateral component v are stronger for the measurement
time series. Therefore, we compare turbulence statistics of
the horizontal wind speed u from the LES results to the total
horizontal flow in the measurementsU =

√
u2+ v2 and omit

the lateral component v for the LES data.

In one-way nested simulations, the parent domain does
not receive feedback from the child domain. Consequently,
the spectral characteristics of non-nested domains with the
grid spacing of 1x = 10 m (NBL and CBL) and 5 m (SBL)
match the characteristics of the corresponding domain in a
one-way nesting simulation (Figs. 7 and 8). The individual
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ofthelateralcomponentvarestrongerforthemeasurement
timeseries.Therefore,wecompareturbulencestatisticsof
thehorizontalwindspeedufromtheLESresultstothetotal
horizontalflowinthemeasurementsU=

√
u2+v2andomit

thelateralcomponentvfortheLESdata.

Inone-waynestedsimulations,theparentdomaindoes
notreceivefeedbackfromthechilddomain.Consequently,
thespectralcharacteristicsofnon-nesteddomainswiththe
gridspacingof1x=10m(NBLandCBL)and5m(SBL)
matchthecharacteristicsofthecorrespondingdomainina
one-waynestingsimulation(Figs.7and8).Theindividual
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the spectral characteristics of non-nested domains with the
grid spacing of 1x = 10 m (NBL and CBL) and 5 m (SBL)
match the characteristics of the corresponding domain in a
one-way nesting simulation (Figs. 7 and 8). The individual
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Figure 7. Spectra for the horizontal velocity u at the height z= 80 m. (a) NBL case, (b) CBL case, and (c) SBL case.

Figure 8. Spectra for the vertical velocity w at the height z= 80 m. (a) NBL case, (b) CBL case, and (c) SBL case.

spectra of the nested domains lie apart from each other but
show improvement as the grid spacing is reduced. The in-
ertial subrange resolved by LES widens as the grid becomes
more refined; however, it is not fully resolved despite the grid
spacing being reduced to 1x = 1.25 m.

The two-way nesting mode ensures feedback between the
nested domains. Therefore, the root and child domain spec-
tra lie closer to each other and to the one-way spectra of
the most refined child domain (1x = 1.25 m). Despite the
exchange between domains in the two-way nested case, the
spectral characteristics do not coincide perfectly. The inertial
subrange being shorter for 1x = 10 m than for the refined
domains implies that the grid resolution is the limiting fac-
tor, and the solution for the root domain cannot be improved
further even in the two-way nesting case.

Despite the NBL case being simulated as a true neutral
condition, it showed good agreement with the measurements
on par with the CBL case. The result suggests that it is possi-
ble to omit a weak heat flux in neutral cases to save compu-
tational time and avoid secondary circulation in the two-way
nesting mode.

The SBL simulations largely overestimate the energy con-
tained in low-frequency eddies. The inertial subrange of the

corresponding measurement time series also starts at higher
frequencies, unlike in the NBL and CBL cases. The LES does
not fully resolve high frequencies despite gradually reduced
grid spacing. Hence the overall agreement for the SBL case
is worse than for NBL and CBL. When comparing available
measurement profiles for the specific period of SBL time se-
ries, we did not observe anomalies or irregularities, such as
reported by Kettle (2014), which could be studied as a possi-
ble cause of a discrepancy. The existing studies on SBL sim-
ulations with PALM (Beare et al., 2006; Wurps et al., 2020)
do not compare simulated spectra against measurements but
evaluate other aspects, such as fluxes and grid resolution in-
fluence. Hence, simulating SBL in PALM may require addi-
tional studies focusing on turbulence characteristics.

In order to match the SBL spectra shape, we performed a
short SBL simulation with lower forcing, which led to a de-
creased turbulence intensity but stronger mean profile shear.
The results are provided in Appendix.

The coherence, co-coherence, and phase are plotted
against the reduced frequency:

fr =
f δ

u
, (8)
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Figure7.Spectraforthehorizontalvelocityuattheheightz=80m.(a)NBLcase,(b)CBLcase,and(c)SBLcase.

Figure8.Spectrafortheverticalvelocitywattheheightz=80m.(a)NBLcase,(b)CBLcase,and(c)SBLcase.

spectraofthenesteddomainslieapartfromeachotherbut
showimprovementasthegridspacingisreduced.Thein-
ertialsubrangeresolvedbyLESwidensasthegridbecomes
morerefined;however,itisnotfullyresolveddespitethegrid
spacingbeingreducedto1x=1.25m.

Thetwo-waynestingmodeensuresfeedbackbetweenthe
nesteddomains.Therefore,therootandchilddomainspec-
tralieclosertoeachotherandtotheone-wayspectraof
themostrefinedchilddomain(1x=1.25m).Despitethe
exchangebetweendomainsinthetwo-waynestedcase,the
spectralcharacteristicsdonotcoincideperfectly.Theinertial
subrangebeingshorterfor1x=10mthanfortherefined
domainsimpliesthatthegridresolutionisthelimitingfac-
tor,andthesolutionfortherootdomaincannotbeimproved
furthereveninthetwo-waynestingcase.

DespitetheNBLcasebeingsimulatedasatrueneutral
condition,itshowedgoodagreementwiththemeasurements
onparwiththeCBLcase.Theresultsuggeststhatitispossi-
bletoomitaweakheatfluxinneutralcasestosavecompu-
tationaltimeandavoidsecondarycirculationinthetwo-way
nestingmode.

TheSBLsimulationslargelyoverestimatetheenergycon-
tainedinlow-frequencyeddies.Theinertialsubrangeofthe

correspondingmeasurementtimeseriesalsostartsathigher
frequencies,unlikeintheNBLandCBLcases.TheLESdoes
notfullyresolvehighfrequenciesdespitegraduallyreduced
gridspacing.HencetheoverallagreementfortheSBLcase
isworsethanforNBLandCBL.Whencomparingavailable
measurementprofilesforthespecificperiodofSBLtimese-
ries,wedidnotobserveanomaliesorirregularities,suchas
reportedbyKettle(2014),whichcouldbestudiedasapossi-
blecauseofadiscrepancy.TheexistingstudiesonSBLsim-
ulationswithPALM(Beareetal.,2006;Wurpsetal.,2020)
donotcomparesimulatedspectraagainstmeasurementsbut
evaluateotheraspects,suchasfluxesandgridresolutionin-
fluence.Hence,simulatingSBLinPALMmayrequireaddi-
tionalstudiesfocusingonturbulencecharacteristics.

InordertomatchtheSBLspectrashape,weperformeda
shortSBLsimulationwithlowerforcing,whichledtoade-
creasedturbulenceintensitybutstrongermeanprofileshear.
TheresultsareprovidedinAppendix.

Thecoherence,co-coherence,andphaseareplotted
againstthereducedfrequency:

fr=
fδ

u
,(8)
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Figure 7. Spectra for the horizontal velocity u at the height z= 80 m. (a) NBL case, (b) CBL case, and (c) SBL case.

Figure 8. Spectra for the vertical velocity w at the height z= 80 m. (a) NBL case, (b) CBL case, and (c) SBL case.

spectra of the nested domains lie apart from each other but
show improvement as the grid spacing is reduced. The in-
ertial subrange resolved by LES widens as the grid becomes
more refined; however, it is not fully resolved despite the grid
spacing being reduced to 1x = 1.25 m.

The two-way nesting mode ensures feedback between the
nested domains. Therefore, the root and child domain spec-
tra lie closer to each other and to the one-way spectra of
the most refined child domain (1x = 1.25 m). Despite the
exchange between domains in the two-way nested case, the
spectral characteristics do not coincide perfectly. The inertial
subrange being shorter for 1x = 10 m than for the refined
domains implies that the grid resolution is the limiting fac-
tor, and the solution for the root domain cannot be improved
further even in the two-way nesting case.

Despite the NBL case being simulated as a true neutral
condition, it showed good agreement with the measurements
on par with the CBL case. The result suggests that it is possi-
ble to omit a weak heat flux in neutral cases to save compu-
tational time and avoid secondary circulation in the two-way
nesting mode.

The SBL simulations largely overestimate the energy con-
tained in low-frequency eddies. The inertial subrange of the

corresponding measurement time series also starts at higher
frequencies, unlike in the NBL and CBL cases. The LES does
not fully resolve high frequencies despite gradually reduced
grid spacing. Hence the overall agreement for the SBL case
is worse than for NBL and CBL. When comparing available
measurement profiles for the specific period of SBL time se-
ries, we did not observe anomalies or irregularities, such as
reported by Kettle (2014), which could be studied as a possi-
ble cause of a discrepancy. The existing studies on SBL sim-
ulations with PALM (Beare et al., 2006; Wurps et al., 2020)
do not compare simulated spectra against measurements but
evaluate other aspects, such as fluxes and grid resolution in-
fluence. Hence, simulating SBL in PALM may require addi-
tional studies focusing on turbulence characteristics.

In order to match the SBL spectra shape, we performed a
short SBL simulation with lower forcing, which led to a de-
creased turbulence intensity but stronger mean profile shear.
The results are provided in Appendix.

The coherence, co-coherence, and phase are plotted
against the reduced frequency:

fr =
f δ

u
, (8)
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Figure 7. Spectra for the horizontal velocity u at the height z= 80 m. (a) NBL case, (b) CBL case, and (c) SBL case.

Figure 8. Spectra for the vertical velocity w at the height z= 80 m. (a) NBL case, (b) CBL case, and (c) SBL case.

spectra of the nested domains lie apart from each other but
show improvement as the grid spacing is reduced. The in-
ertial subrange resolved by LES widens as the grid becomes
more refined; however, it is not fully resolved despite the grid
spacing being reduced to 1x = 1.25 m.

The two-way nesting mode ensures feedback between the
nested domains. Therefore, the root and child domain spec-
tra lie closer to each other and to the one-way spectra of
the most refined child domain (1x = 1.25 m). Despite the
exchange between domains in the two-way nested case, the
spectral characteristics do not coincide perfectly. The inertial
subrange being shorter for 1x = 10 m than for the refined
domains implies that the grid resolution is the limiting fac-
tor, and the solution for the root domain cannot be improved
further even in the two-way nesting case.

Despite the NBL case being simulated as a true neutral
condition, it showed good agreement with the measurements
on par with the CBL case. The result suggests that it is possi-
ble to omit a weak heat flux in neutral cases to save compu-
tational time and avoid secondary circulation in the two-way
nesting mode.

The SBL simulations largely overestimate the energy con-
tained in low-frequency eddies. The inertial subrange of the

corresponding measurement time series also starts at higher
frequencies, unlike in the NBL and CBL cases. The LES does
not fully resolve high frequencies despite gradually reduced
grid spacing. Hence the overall agreement for the SBL case
is worse than for NBL and CBL. When comparing available
measurement profiles for the specific period of SBL time se-
ries, we did not observe anomalies or irregularities, such as
reported by Kettle (2014), which could be studied as a possi-
ble cause of a discrepancy. The existing studies on SBL sim-
ulations with PALM (Beare et al., 2006; Wurps et al., 2020)
do not compare simulated spectra against measurements but
evaluate other aspects, such as fluxes and grid resolution in-
fluence. Hence, simulating SBL in PALM may require addi-
tional studies focusing on turbulence characteristics.

In order to match the SBL spectra shape, we performed a
short SBL simulation with lower forcing, which led to a de-
creased turbulence intensity but stronger mean profile shear.
The results are provided in Appendix.

The coherence, co-coherence, and phase are plotted
against the reduced frequency:

fr =
f δ
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Figure7.Spectraforthehorizontalvelocityuattheheightz=80m.(a)NBLcase,(b)CBLcase,and(c)SBLcase.

Figure8.Spectrafortheverticalvelocitywattheheightz=80m.(a)NBLcase,(b)CBLcase,and(c)SBLcase.

spectraofthenesteddomainslieapartfromeachotherbut
showimprovementasthegridspacingisreduced.Thein-
ertialsubrangeresolvedbyLESwidensasthegridbecomes
morerefined;however,itisnotfullyresolveddespitethegrid
spacingbeingreducedto1x=1.25m.

Thetwo-waynestingmodeensuresfeedbackbetweenthe
nesteddomains.Therefore,therootandchilddomainspec-
tralieclosertoeachotherandtotheone-wayspectraof
themostrefinedchilddomain(1x=1.25m).Despitethe
exchangebetweendomainsinthetwo-waynestedcase,the
spectralcharacteristicsdonotcoincideperfectly.Theinertial
subrangebeingshorterfor1x=10mthanfortherefined
domainsimpliesthatthegridresolutionisthelimitingfac-
tor,andthesolutionfortherootdomaincannotbeimproved
furthereveninthetwo-waynestingcase.

DespitetheNBLcasebeingsimulatedasatrueneutral
condition,itshowedgoodagreementwiththemeasurements
onparwiththeCBLcase.Theresultsuggeststhatitispossi-
bletoomitaweakheatfluxinneutralcasestosavecompu-
tationaltimeandavoidsecondarycirculationinthetwo-way
nestingmode.

TheSBLsimulationslargelyoverestimatetheenergycon-
tainedinlow-frequencyeddies.Theinertialsubrangeofthe

correspondingmeasurementtimeseriesalsostartsathigher
frequencies,unlikeintheNBLandCBLcases.TheLESdoes
notfullyresolvehighfrequenciesdespitegraduallyreduced
gridspacing.HencetheoverallagreementfortheSBLcase
isworsethanforNBLandCBL.Whencomparingavailable
measurementprofilesforthespecificperiodofSBLtimese-
ries,wedidnotobserveanomaliesorirregularities,suchas
reportedbyKettle(2014),whichcouldbestudiedasapossi-
blecauseofadiscrepancy.TheexistingstudiesonSBLsim-
ulationswithPALM(Beareetal.,2006;Wurpsetal.,2020)
donotcomparesimulatedspectraagainstmeasurementsbut
evaluateotheraspects,suchasfluxesandgridresolutionin-
fluence.Hence,simulatingSBLinPALMmayrequireaddi-
tionalstudiesfocusingonturbulencecharacteristics.

InordertomatchtheSBLspectrashape,weperformeda
shortSBLsimulationwithlowerforcing,whichledtoade-
creasedturbulenceintensitybutstrongermeanprofileshear.
TheresultsareprovidedinAppendix.

Thecoherence,co-coherence,andphaseareplotted
againstthereducedfrequency:

fr=
fδ

u
,(8)
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isworsethanforNBLandCBL.Whencomparingavailable
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reportedbyKettle(2014),whichcouldbestudiedasapossi-
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evaluateotheraspects,suchasfluxesandgridresolutionin-
fluence.Hence,simulatingSBLinPALMmayrequireaddi-
tionalstudiesfocusingonturbulencecharacteristics.

InordertomatchtheSBLspectrashape,weperformeda
shortSBLsimulationwithlowerforcing,whichledtoade-
creasedturbulenceintensitybutstrongermeanprofileshear.
TheresultsareprovidedinAppendix.
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Figure8.Spectrafortheverticalvelocitywattheheightz=80m.(a)NBLcase,(b)CBLcase,and(c)SBLcase.
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tainedinlow-frequencyeddies.Theinertialsubrangeofthe

correspondingmeasurementtimeseriesalsostartsathigher
frequencies,unlikeintheNBLandCBLcases.TheLESdoes
notfullyresolvehighfrequenciesdespitegraduallyreduced
gridspacing.HencetheoverallagreementfortheSBLcase
isworsethanforNBLandCBL.Whencomparingavailable
measurementprofilesforthespecificperiodofSBLtimese-
ries,wedidnotobserveanomaliesorirregularities,suchas
reportedbyKettle(2014),whichcouldbestudiedasapossi-
blecauseofadiscrepancy.TheexistingstudiesonSBLsim-
ulationswithPALM(Beareetal.,2006;Wurpsetal.,2020)
donotcomparesimulatedspectraagainstmeasurementsbut
evaluateotheraspects,suchasfluxesandgridresolutionin-
fluence.Hence,simulatingSBLinPALMmayrequireaddi-
tionalstudiesfocusingonturbulencecharacteristics.

InordertomatchtheSBLspectrashape,weperformeda
shortSBLsimulationwithlowerforcing,whichledtoade-
creasedturbulenceintensitybutstrongermeanprofileshear.
TheresultsareprovidedinAppendix.

Thecoherence,co-coherence,andphaseareplotted
againstthereducedfrequency:

fr=
fδ

u
,(8)
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Figure 9. Coherence for the horizontal velocity u and different
stability cases. (a) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 20 m. (b) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 20 m.
(c) Root domain (1x = 10 m for NBL and CBL, 1x = 5 m for
SBL), vertical separation δ= 40 m. (d) Innermost child domain
(1x = 1.25 m, all cases), vertical separation δ= 40 m.

where f is the original frequency, δ is the vertical separation
distance, and u is the mean wind speed of the two regarded
levels, 60 and 80 m for δ = 20 m or 40 and 80 m for δ = 40 m.

The coherence and co-coherence calculated for NBL and
CBL coarse domains (1x = 10 m) and δ = 20 m show strong
deviation from the measurements for the one-way and non-
nested simulations at fr > 1 (Figs. 9a and 10a). The tendency
to the coherence/co-coherence value of 0.5 suggests that the
time series at points separated by δ = 20 m remain partially
correlated in the coarse grid, which is not the case for the cor-
responding measurements. While the most refined child do-
main (1x = 1.25 m) shows a good match between the LES
and measurement series (Figs. 9b and 10b), the agreement
already improves for 1x = 5 m, and the correlation falls to
zero for fr > 0.5. The SBL case shows better agreement for
the root domain because of the lower initial grid spacing
1x = 5 m. Nevertheless, the coherence is noticeably overes-
timated for low fr compared to the measurements (Fig. 9a,
b). The time series are generally uncorrelated for the vertical
separation of δ = 40 m both for the LESs and measurements
(Figs. 9c, d and 10c, d). However, the NBL case does not
capture the high coherence value at fr = 0 observed in the
measurements.

The phase plots are in line with the coherence. The time se-
ries are in phase for fr < 0.1, where the coherence is above
zero. The effect is strong for the low vertical separation of
δ = 20 m (Fig. 11a, b) and is in good agreement with the
measurements. The phase becomes more chaotic as the ver-
tical separation distance increases to δ = 40 m (Fig. 11c, d),
while the time series become less correlated (Figs. 9c, d and
10c, d).

Figure 10. Co-coherence for the horizontal velocity u and differ-
ent stability cases. (a) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 20 m. (b) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 20 m.
(c) Root domain (1x = 10 m for NBL and CBL, 1x = 5 m for
SBL), vertical separation δ= 40 m. (d) Innermost child domain
(1x = 1.25 m, all cases), vertical separation δ= 40 m.

Figure 11. Phase plot for the horizontal velocity u and differ-
ent stability cases and domains. (a) Root domain (1x = 10 m for
NBL and CBL, 1x = 5 m for SBL), vertical separation δ= 20 m.
(b) Innermost child domain (1x = 1.25 m, all cases), vertical sepa-
ration δ= 20 m. (c) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 40 m. (d) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 40 m.

4.4 Other flow characteristics

4.4.1 Power law

In general, the power law coefficient follows the known
trend, also observed in the measurement profile fits (Table 7):
high value in the stable layer and low value in the convective
layer (Touma, 1977). The discrepancy between exact values
of α in measurement and simulated fits is primarily caused
by the different way of obtaining U10. For sonic data, U10 is
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Figure9.Coherenceforthehorizontalvelocityuanddifferent
stabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

wherefistheoriginalfrequency,δistheverticalseparation
distance,anduisthemeanwindspeedofthetworegarded
levels,60and80mforδ=20mor40and80mforδ=40m.

Thecoherenceandco-coherencecalculatedforNBLand
CBLcoarsedomains(1x=10m)andδ=20mshowstrong
deviationfromthemeasurementsfortheone-wayandnon-
nestedsimulationsatfr>1(Figs.9aand10a).Thetendency
tothecoherence/co-coherencevalueof0.5suggeststhatthe
timeseriesatpointsseparatedbyδ=20mremainpartially
correlatedinthecoarsegrid,whichisnotthecaseforthecor-
respondingmeasurements.Whilethemostrefinedchilddo-
main(1x=1.25m)showsagoodmatchbetweentheLES
andmeasurementseries(Figs.9band10b),theagreement
alreadyimprovesfor1x=5m,andthecorrelationfallsto
zeroforfr>0.5.TheSBLcaseshowsbetteragreementfor
therootdomainbecauseofthelowerinitialgridspacing
1x=5m.Nevertheless,thecoherenceisnoticeablyoveres-
timatedforlowfrcomparedtothemeasurements(Fig.9a,
b).Thetimeseriesaregenerallyuncorrelatedforthevertical
separationofδ=40mbothfortheLESsandmeasurements
(Figs.9c,dand10c,d).However,theNBLcasedoesnot
capturethehighcoherencevalueatfr=0observedinthe
measurements.

Thephaseplotsareinlinewiththecoherence.Thetimese-
riesareinphaseforfr<0.1,wherethecoherenceisabove
zero.Theeffectisstrongforthelowverticalseparationof
δ=20m(Fig.11a,b)andisingoodagreementwiththe
measurements.Thephasebecomesmorechaoticasthever-
ticalseparationdistanceincreasestoδ=40m(Fig.11c,d),
whilethetimeseriesbecomelesscorrelated(Figs.9c,dand
10c,d).

Figure10.Co-coherenceforthehorizontalvelocityuanddiffer-
entstabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

Figure11.Phaseplotforthehorizontalvelocityuanddiffer-
entstabilitycasesanddomains.(a)Rootdomain(1x=10mfor
NBLandCBL,1x=5mforSBL),verticalseparationδ=20m.
(b)Innermostchilddomain(1x=1.25m,allcases),verticalsepa-
rationδ=20m.(c)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=40m.(d)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=40m.

4.4Otherflowcharacteristics

4.4.1Powerlaw

Ingeneral,thepowerlawcoefficientfollowstheknown
trend,alsoobservedinthemeasurementprofilefits(Table7):
highvalueinthestablelayerandlowvalueintheconvective
layer(Touma,1977).Thediscrepancybetweenexactvalues
ofαinmeasurementandsimulatedfitsisprimarilycaused
bythedifferentwayofobtainingU10.Forsonicdata,U10is
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Figure9.Coherenceforthehorizontalvelocityuanddifferent
stabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

wherefistheoriginalfrequency,δistheverticalseparation
distance,anduisthemeanwindspeedofthetworegarded
levels,60and80mforδ=20mor40and80mforδ=40m.

Thecoherenceandco-coherencecalculatedforNBLand
CBLcoarsedomains(1x=10m)andδ=20mshowstrong
deviationfromthemeasurementsfortheone-wayandnon-
nestedsimulationsatfr>1(Figs.9aand10a).Thetendency
tothecoherence/co-coherencevalueof0.5suggeststhatthe
timeseriesatpointsseparatedbyδ=20mremainpartially
correlatedinthecoarsegrid,whichisnotthecaseforthecor-
respondingmeasurements.Whilethemostrefinedchilddo-
main(1x=1.25m)showsagoodmatchbetweentheLES
andmeasurementseries(Figs.9band10b),theagreement
alreadyimprovesfor1x=5m,andthecorrelationfallsto
zeroforfr>0.5.TheSBLcaseshowsbetteragreementfor
therootdomainbecauseofthelowerinitialgridspacing
1x=5m.Nevertheless,thecoherenceisnoticeablyoveres-
timatedforlowfrcomparedtothemeasurements(Fig.9a,
b).Thetimeseriesaregenerallyuncorrelatedforthevertical
separationofδ=40mbothfortheLESsandmeasurements
(Figs.9c,dand10c,d).However,theNBLcasedoesnot
capturethehighcoherencevalueatfr=0observedinthe
measurements.

Thephaseplotsareinlinewiththecoherence.Thetimese-
riesareinphaseforfr<0.1,wherethecoherenceisabove
zero.Theeffectisstrongforthelowverticalseparationof
δ=20m(Fig.11a,b)andisingoodagreementwiththe
measurements.Thephasebecomesmorechaoticasthever-
ticalseparationdistanceincreasestoδ=40m(Fig.11c,d),
whilethetimeseriesbecomelesscorrelated(Figs.9c,dand
10c,d).

Figure10.Co-coherenceforthehorizontalvelocityuanddiffer-
entstabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

Figure11.Phaseplotforthehorizontalvelocityuanddiffer-
entstabilitycasesanddomains.(a)Rootdomain(1x=10mfor
NBLandCBL,1x=5mforSBL),verticalseparationδ=20m.
(b)Innermostchilddomain(1x=1.25m,allcases),verticalsepa-
rationδ=20m.(c)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=40m.(d)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=40m.

4.4Otherflowcharacteristics

4.4.1Powerlaw

Ingeneral,thepowerlawcoefficientfollowstheknown
trend,alsoobservedinthemeasurementprofilefits(Table7):
highvalueinthestablelayerandlowvalueintheconvective
layer(Touma,1977).Thediscrepancybetweenexactvalues
ofαinmeasurementandsimulatedfitsisprimarilycaused
bythedifferentwayofobtainingU10.Forsonicdata,U10is
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Figure 9. Coherence for the horizontal velocity u and different
stability cases. (a) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 20 m. (b) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 20 m.
(c) Root domain (1x = 10 m for NBL and CBL, 1x = 5 m for
SBL), vertical separation δ= 40 m. (d) Innermost child domain
(1x = 1.25 m, all cases), vertical separation δ= 40 m.

where f is the original frequency, δ is the vertical separation
distance, and u is the mean wind speed of the two regarded
levels, 60 and 80 m for δ = 20 m or 40 and 80 m for δ = 40 m.

The coherence and co-coherence calculated for NBL and
CBL coarse domains (1x = 10 m) and δ = 20 m show strong
deviation from the measurements for the one-way and non-
nested simulations at fr > 1 (Figs. 9a and 10a). The tendency
to the coherence/co-coherence value of 0.5 suggests that the
time series at points separated by δ = 20 m remain partially
correlated in the coarse grid, which is not the case for the cor-
responding measurements. While the most refined child do-
main (1x = 1.25 m) shows a good match between the LES
and measurement series (Figs. 9b and 10b), the agreement
already improves for 1x = 5 m, and the correlation falls to
zero for fr > 0.5. The SBL case shows better agreement for
the root domain because of the lower initial grid spacing
1x = 5 m. Nevertheless, the coherence is noticeably overes-
timated for low fr compared to the measurements (Fig. 9a,
b). The time series are generally uncorrelated for the vertical
separation of δ = 40 m both for the LESs and measurements
(Figs. 9c, d and 10c, d). However, the NBL case does not
capture the high coherence value at fr = 0 observed in the
measurements.

The phase plots are in line with the coherence. The time se-
ries are in phase for fr < 0.1, where the coherence is above
zero. The effect is strong for the low vertical separation of
δ = 20 m (Fig. 11a, b) and is in good agreement with the
measurements. The phase becomes more chaotic as the ver-
tical separation distance increases to δ = 40 m (Fig. 11c, d),
while the time series become less correlated (Figs. 9c, d and
10c, d).

Figure 10. Co-coherence for the horizontal velocity u and differ-
ent stability cases. (a) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 20 m. (b) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 20 m.
(c) Root domain (1x = 10 m for NBL and CBL, 1x = 5 m for
SBL), vertical separation δ= 40 m. (d) Innermost child domain
(1x = 1.25 m, all cases), vertical separation δ= 40 m.

Figure 11. Phase plot for the horizontal velocity u and differ-
ent stability cases and domains. (a) Root domain (1x = 10 m for
NBL and CBL, 1x = 5 m for SBL), vertical separation δ= 20 m.
(b) Innermost child domain (1x = 1.25 m, all cases), vertical sepa-
ration δ= 20 m. (c) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 40 m. (d) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 40 m.

4.4 Other flow characteristics

4.4.1 Power law

In general, the power law coefficient follows the known
trend, also observed in the measurement profile fits (Table 7):
high value in the stable layer and low value in the convective
layer (Touma, 1977). The discrepancy between exact values
of α in measurement and simulated fits is primarily caused
by the different way of obtaining U10. For sonic data, U10 is
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Figure 9. Coherence for the horizontal velocity u and different
stability cases. (a) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 20 m. (b) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 20 m.
(c) Root domain (1x = 10 m for NBL and CBL, 1x = 5 m for
SBL), vertical separation δ= 40 m. (d) Innermost child domain
(1x = 1.25 m, all cases), vertical separation δ= 40 m.

where f is the original frequency, δ is the vertical separation
distance, and u is the mean wind speed of the two regarded
levels, 60 and 80 m for δ = 20 m or 40 and 80 m for δ = 40 m.

The coherence and co-coherence calculated for NBL and
CBL coarse domains (1x = 10 m) and δ = 20 m show strong
deviation from the measurements for the one-way and non-
nested simulations at fr > 1 (Figs. 9a and 10a). The tendency
to the coherence/co-coherence value of 0.5 suggests that the
time series at points separated by δ = 20 m remain partially
correlated in the coarse grid, which is not the case for the cor-
responding measurements. While the most refined child do-
main (1x = 1.25 m) shows a good match between the LES
and measurement series (Figs. 9b and 10b), the agreement
already improves for 1x = 5 m, and the correlation falls to
zero for fr > 0.5. The SBL case shows better agreement for
the root domain because of the lower initial grid spacing
1x = 5 m. Nevertheless, the coherence is noticeably overes-
timated for low fr compared to the measurements (Fig. 9a,
b). The time series are generally uncorrelated for the vertical
separation of δ = 40 m both for the LESs and measurements
(Figs. 9c, d and 10c, d). However, the NBL case does not
capture the high coherence value at fr = 0 observed in the
measurements.

The phase plots are in line with the coherence. The time se-
ries are in phase for fr < 0.1, where the coherence is above
zero. The effect is strong for the low vertical separation of
δ = 20 m (Fig. 11a, b) and is in good agreement with the
measurements. The phase becomes more chaotic as the ver-
tical separation distance increases to δ = 40 m (Fig. 11c, d),
while the time series become less correlated (Figs. 9c, d and
10c, d).

Figure 10. Co-coherence for the horizontal velocity u and differ-
ent stability cases. (a) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 20 m. (b) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 20 m.
(c) Root domain (1x = 10 m for NBL and CBL, 1x = 5 m for
SBL), vertical separation δ= 40 m. (d) Innermost child domain
(1x = 1.25 m, all cases), vertical separation δ= 40 m.

Figure 11. Phase plot for the horizontal velocity u and differ-
ent stability cases and domains. (a) Root domain (1x = 10 m for
NBL and CBL, 1x = 5 m for SBL), vertical separation δ= 20 m.
(b) Innermost child domain (1x = 1.25 m, all cases), vertical sepa-
ration δ= 20 m. (c) Root domain (1x = 10 m for NBL and CBL,
1x = 5 m for SBL), vertical separation δ= 40 m. (d) Innermost
child domain (1x = 1.25 m, all cases), vertical separation δ= 40 m.

4.4 Other flow characteristics

4.4.1 Power law

In general, the power law coefficient follows the known
trend, also observed in the measurement profile fits (Table 7):
high value in the stable layer and low value in the convective
layer (Touma, 1977). The discrepancy between exact values
of α in measurement and simulated fits is primarily caused
by the different way of obtaining U10. For sonic data, U10 is
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Figure9.Coherenceforthehorizontalvelocityuanddifferent
stabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

wherefistheoriginalfrequency,δistheverticalseparation
distance,anduisthemeanwindspeedofthetworegarded
levels,60and80mforδ=20mor40and80mforδ=40m.

Thecoherenceandco-coherencecalculatedforNBLand
CBLcoarsedomains(1x=10m)andδ=20mshowstrong
deviationfromthemeasurementsfortheone-wayandnon-
nestedsimulationsatfr>1(Figs.9aand10a).Thetendency
tothecoherence/co-coherencevalueof0.5suggeststhatthe
timeseriesatpointsseparatedbyδ=20mremainpartially
correlatedinthecoarsegrid,whichisnotthecaseforthecor-
respondingmeasurements.Whilethemostrefinedchilddo-
main(1x=1.25m)showsagoodmatchbetweentheLES
andmeasurementseries(Figs.9band10b),theagreement
alreadyimprovesfor1x=5m,andthecorrelationfallsto
zeroforfr>0.5.TheSBLcaseshowsbetteragreementfor
therootdomainbecauseofthelowerinitialgridspacing
1x=5m.Nevertheless,thecoherenceisnoticeablyoveres-
timatedforlowfrcomparedtothemeasurements(Fig.9a,
b).Thetimeseriesaregenerallyuncorrelatedforthevertical
separationofδ=40mbothfortheLESsandmeasurements
(Figs.9c,dand10c,d).However,theNBLcasedoesnot
capturethehighcoherencevalueatfr=0observedinthe
measurements.

Thephaseplotsareinlinewiththecoherence.Thetimese-
riesareinphaseforfr<0.1,wherethecoherenceisabove
zero.Theeffectisstrongforthelowverticalseparationof
δ=20m(Fig.11a,b)andisingoodagreementwiththe
measurements.Thephasebecomesmorechaoticasthever-
ticalseparationdistanceincreasestoδ=40m(Fig.11c,d),
whilethetimeseriesbecomelesscorrelated(Figs.9c,dand
10c,d).

Figure10.Co-coherenceforthehorizontalvelocityuanddiffer-
entstabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

Figure11.Phaseplotforthehorizontalvelocityuanddiffer-
entstabilitycasesanddomains.(a)Rootdomain(1x=10mfor
NBLandCBL,1x=5mforSBL),verticalseparationδ=20m.
(b)Innermostchilddomain(1x=1.25m,allcases),verticalsepa-
rationδ=20m.(c)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=40m.(d)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=40m.

4.4Otherflowcharacteristics

4.4.1Powerlaw

Ingeneral,thepowerlawcoefficientfollowstheknown
trend,alsoobservedinthemeasurementprofilefits(Table7):
highvalueinthestablelayerandlowvalueintheconvective
layer(Touma,1977).Thediscrepancybetweenexactvalues
ofαinmeasurementandsimulatedfitsisprimarilycaused
bythedifferentwayofobtainingU10.Forsonicdata,U10is
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Figure9.Coherenceforthehorizontalvelocityuanddifferent
stabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

wherefistheoriginalfrequency,δistheverticalseparation
distance,anduisthemeanwindspeedofthetworegarded
levels,60and80mforδ=20mor40and80mforδ=40m.

Thecoherenceandco-coherencecalculatedforNBLand
CBLcoarsedomains(1x=10m)andδ=20mshowstrong
deviationfromthemeasurementsfortheone-wayandnon-
nestedsimulationsatfr>1(Figs.9aand10a).Thetendency
tothecoherence/co-coherencevalueof0.5suggeststhatthe
timeseriesatpointsseparatedbyδ=20mremainpartially
correlatedinthecoarsegrid,whichisnotthecaseforthecor-
respondingmeasurements.Whilethemostrefinedchilddo-
main(1x=1.25m)showsagoodmatchbetweentheLES
andmeasurementseries(Figs.9band10b),theagreement
alreadyimprovesfor1x=5m,andthecorrelationfallsto
zeroforfr>0.5.TheSBLcaseshowsbetteragreementfor
therootdomainbecauseofthelowerinitialgridspacing
1x=5m.Nevertheless,thecoherenceisnoticeablyoveres-
timatedforlowfrcomparedtothemeasurements(Fig.9a,
b).Thetimeseriesaregenerallyuncorrelatedforthevertical
separationofδ=40mbothfortheLESsandmeasurements
(Figs.9c,dand10c,d).However,theNBLcasedoesnot
capturethehighcoherencevalueatfr=0observedinthe
measurements.

Thephaseplotsareinlinewiththecoherence.Thetimese-
riesareinphaseforfr<0.1,wherethecoherenceisabove
zero.Theeffectisstrongforthelowverticalseparationof
δ=20m(Fig.11a,b)andisingoodagreementwiththe
measurements.Thephasebecomesmorechaoticasthever-
ticalseparationdistanceincreasestoδ=40m(Fig.11c,d),
whilethetimeseriesbecomelesscorrelated(Figs.9c,dand
10c,d).

Figure10.Co-coherenceforthehorizontalvelocityuanddiffer-
entstabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

Figure11.Phaseplotforthehorizontalvelocityuanddiffer-
entstabilitycasesanddomains.(a)Rootdomain(1x=10mfor
NBLandCBL,1x=5mforSBL),verticalseparationδ=20m.
(b)Innermostchilddomain(1x=1.25m,allcases),verticalsepa-
rationδ=20m.(c)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=40m.(d)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=40m.

4.4Otherflowcharacteristics

4.4.1Powerlaw

Ingeneral,thepowerlawcoefficientfollowstheknown
trend,alsoobservedinthemeasurementprofilefits(Table7):
highvalueinthestablelayerandlowvalueintheconvective
layer(Touma,1977).Thediscrepancybetweenexactvalues
ofαinmeasurementandsimulatedfitsisprimarilycaused
bythedifferentwayofobtainingU10.Forsonicdata,U10is
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Figure9.Coherenceforthehorizontalvelocityuanddifferent
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1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.

wherefistheoriginalfrequency,δistheverticalseparation
distance,anduisthemeanwindspeedofthetworegarded
levels,60and80mforδ=20mor40and80mforδ=40m.

Thecoherenceandco-coherencecalculatedforNBLand
CBLcoarsedomains(1x=10m)andδ=20mshowstrong
deviationfromthemeasurementsfortheone-wayandnon-
nestedsimulationsatfr>1(Figs.9aand10a).Thetendency
tothecoherence/co-coherencevalueof0.5suggeststhatthe
timeseriesatpointsseparatedbyδ=20mremainpartially
correlatedinthecoarsegrid,whichisnotthecaseforthecor-
respondingmeasurements.Whilethemostrefinedchilddo-
main(1x=1.25m)showsagoodmatchbetweentheLES
andmeasurementseries(Figs.9band10b),theagreement
alreadyimprovesfor1x=5m,andthecorrelationfallsto
zeroforfr>0.5.TheSBLcaseshowsbetteragreementfor
therootdomainbecauseofthelowerinitialgridspacing
1x=5m.Nevertheless,thecoherenceisnoticeablyoveres-
timatedforlowfrcomparedtothemeasurements(Fig.9a,
b).Thetimeseriesaregenerallyuncorrelatedforthevertical
separationofδ=40mbothfortheLESsandmeasurements
(Figs.9c,dand10c,d).However,theNBLcasedoesnot
capturethehighcoherencevalueatfr=0observedinthe
measurements.
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zero.Theeffectisstrongforthelowverticalseparationof
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ticalseparationdistanceincreasestoδ=40m(Fig.11c,d),
whilethetimeseriesbecomelesscorrelated(Figs.9c,dand
10c,d).

Figure10.Co-coherenceforthehorizontalvelocityuanddiffer-
entstabilitycases.(a)Rootdomain(1x=10mforNBLandCBL,
1x=5mforSBL),verticalseparationδ=20m.(b)Innermost
childdomain(1x=1.25m,allcases),verticalseparationδ=20m.
(c)Rootdomain(1x=10mforNBLandCBL,1x=5mfor
SBL),verticalseparationδ=40m.(d)Innermostchilddomain
(1x=1.25m,allcases),verticalseparationδ=40m.
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Table 7. Estimated power law coefficient.

Power law coefficient α

Nesting 1x , m NBL CBL SBL

non-nested 10 0.111 0.093 –
non-nested 5 0.099 – 0.154
one-way 10 0.112 0.093 –
one-way 5 0.103 0.067 0.156
one-way 2.5 0.092 0.077 0.145
one-way 1.25 0.087 0.073 0.145
two-way 10 0.109 0.089 –
two-way 5 0.095 0.083 0.158
two-way 2.5 0.088 0.080 0.164
two-way 1.25 0.085 0.077 0.172

Measurements 0.061 0.023 0.237

calculated from the previously estimated profile Eq. (1). The
LES returns the full mean profile on the pre-defined grid, so
U10 can be interpolated to the level of z= 10 m. U10 derived
from LES data consistently deviates from measurements U10
by 10 %–20 %, thus affecting the estimation of the power law
exponent.

The estimated power law coefficient α shows little varia-
tion for the NBL and CBL domains of the same refinement
but implies high sensitivity of the SBL profiles. Consider-
ing higher shear in the SBL profiles, the grid refinement may
affect the estimation of U10 more strongly than lower shear
NBL and CBL profiles.

4.4.2 Turbulence anisotropy

The anisotropy estimation captures only general trends seen
in the measurements with the nesting modes being radically
different between each other (Fig. 12). Since the inertial sub-
range resolved in a one-way nested root domain is slightly
shorter than of a two-way root domain (Figs. 7–8), fn ≈ 1
may fall outside of the resolved subrange and provide a
less precise estimation. The two-way nested cases approach
closer to the anisotropy seen in the measurement, although
the anisotropy strength may not match the value seen in the
measurement data. The divergence is particularly strong for
the SBL simulation, primarily caused by the differences in
power density spectra discussed in Sect. 4.3.

5 Conclusions

We performed nested LES of three stability cases for the
horizontal mean wind speed of 12–13 m s−1 at the reference
height of 119 m. The simulations were verified by comparing
turbulence characteristics to the corresponding measurement
time series. The comparison showed that the grid spacing of
1x = 10 m was insufficient for NBL and CBL simulations;
the spectral and coherence characteristics had improved their

Figure 12. Comparison of anisotropy across the regarded stability
and nesting cases. The color map is centered at the value 4/3=
1.333.

agreement with the measurements after the spacing was re-
duced to 1x = 5 m via nesting or a refined non-nested do-
main simulation. The inertial subrange was not fully resolved
despite further refinement and remained narrower than for
the measurement time series even at 1x = 1.25 m.

We confirmed that the nesting mode does not affect the
true neutral simulation, unlike when the temperature equa-
tion is solved along with other prognostic equations for CBL
and SBL conditions. In the case of CBL or SBL, the flow
inside the child domain differed for the one-way and two-
way nesting. The two-way nested simulation produced a sec-
ondary circulation resulting in a decreased velocity and in-
creased turbulence intensity in the child domains. Due to a
strong horizontal shear, the irregularities in lateral and ver-
tical velocity profiles were spread non-uniformly; e.g., the
downward flow was stronger at the exit of the nested domain.
The horizontal flow accelerated after leaving the nested area
so that the mass conservation law was not violated eventu-
ally. Unlike the existing research on buoyancy-driven flows,
the two-way nesting effects in a shear-driven flow emerged
in the first hour of the LES and did not dissipate as the simu-
lation proceeded for 3 more hours.

In theory, the two-way nesting is a good option to refine
the grid in the area of interest of a non-homogeneous flow,
e.g., wind turbine wakes, as the feedback between parent and
child domain allows accounting for the irregularities after the
flow exits the nested area. However, the fast development of a
secondary circulation in the shear-driven flow limits the two-
way nesting application strictly to the true neutral condition.
The one-way nested simulation did not add anomalies to the
flow; each child domain only refined the grid spacing and
resolved small turbulence scales. We, therefore, recommend
using the one-way nesting mode for the wind turbine wake
simulation. In the case when the two-way nesting mode is
preferable, only a true neutral setup does not produce sec-
ondary circulation.
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Table7.Estimatedpowerlawcoefficient.

Powerlawcoefficientα

Nesting1x,mNBLCBLSBL

non-nested100.1110.093–
non-nested50.099–0.154
one-way100.1120.093–
one-way50.1030.0670.156
one-way2.50.0920.0770.145
one-way1.250.0870.0730.145
two-way100.1090.089–
two-way50.0950.0830.158
two-way2.50.0880.0800.164
two-way1.250.0850.0770.172

Measurements0.0610.0230.237

calculatedfromthepreviouslyestimatedprofileEq.(1).The
LESreturnsthefullmeanprofileonthepre-definedgrid,so
U10canbeinterpolatedtothelevelofz=10m.U10derived
fromLESdataconsistentlydeviatesfrommeasurementsU10
by10%–20%,thusaffectingtheestimationofthepowerlaw
exponent.

Theestimatedpowerlawcoefficientαshowslittlevaria-
tionfortheNBLandCBLdomainsofthesamerefinement
butimplieshighsensitivityoftheSBLprofiles.Consider-
inghighershearintheSBLprofiles,thegridrefinementmay
affecttheestimationofU10morestronglythanlowershear
NBLandCBLprofiles.

4.4.2Turbulenceanisotropy

Theanisotropyestimationcapturesonlygeneraltrendsseen
inthemeasurementswiththenestingmodesbeingradically
differentbetweeneachother(Fig.12).Sincetheinertialsub-
rangeresolvedinaone-waynestedrootdomainisslightly
shorterthanofatwo-wayrootdomain(Figs.7–8),fn≈1
mayfalloutsideoftheresolvedsubrangeandprovidea
lesspreciseestimation.Thetwo-waynestedcasesapproach
closertotheanisotropyseeninthemeasurement,although
theanisotropystrengthmaynotmatchthevalueseeninthe
measurementdata.Thedivergenceisparticularlystrongfor
theSBLsimulation,primarilycausedbythedifferencesin
powerdensityspectradiscussedinSect.4.3.

5Conclusions

WeperformednestedLESofthreestabilitycasesforthe
horizontalmeanwindspeedof12–13ms−1atthereference
heightof119m.Thesimulationswereverifiedbycomparing
turbulencecharacteristicstothecorrespondingmeasurement
timeseries.Thecomparisonshowedthatthegridspacingof
1x=10mwasinsufficientforNBLandCBLsimulations;
thespectralandcoherencecharacteristicshadimprovedtheir

Figure12.Comparisonofanisotropyacrosstheregardedstability
andnestingcases.Thecolormapiscenteredatthevalue4/3=
1.333.

agreementwiththemeasurementsafterthespacingwasre-
ducedto1x=5mvianestingorarefinednon-nesteddo-
mainsimulation.Theinertialsubrangewasnotfullyresolved
despitefurtherrefinementandremainednarrowerthanfor
themeasurementtimeseriesevenat1x=1.25m.

Weconfirmedthatthenestingmodedoesnotaffectthe
trueneutralsimulation,unlikewhenthetemperatureequa-
tionissolvedalongwithotherprognosticequationsforCBL
andSBLconditions.InthecaseofCBLorSBL,theflow
insidethechilddomaindifferedfortheone-wayandtwo-
waynesting.Thetwo-waynestedsimulationproducedasec-
ondarycirculationresultinginadecreasedvelocityandin-
creasedturbulenceintensityinthechilddomains.Duetoa
stronghorizontalshear,theirregularitiesinlateralandver-
ticalvelocityprofileswerespreadnon-uniformly;e.g.,the
downwardflowwasstrongerattheexitofthenesteddomain.
Thehorizontalflowacceleratedafterleavingthenestedarea
sothatthemassconservationlawwasnotviolatedeventu-
ally.Unliketheexistingresearchonbuoyancy-drivenflows,
thetwo-waynestingeffectsinashear-drivenflowemerged
inthefirsthouroftheLESanddidnotdissipateasthesimu-
lationproceededfor3morehours.

Intheory,thetwo-waynestingisagoodoptiontorefine
thegridintheareaofinterestofanon-homogeneousflow,
e.g.,windturbinewakes,asthefeedbackbetweenparentand
childdomainallowsaccountingfortheirregularitiesafterthe
flowexitsthenestedarea.However,thefastdevelopmentofa
secondarycirculationintheshear-drivenflowlimitsthetwo-
waynestingapplicationstrictlytothetrueneutralcondition.
Theone-waynestedsimulationdidnotaddanomaliestothe
flow;eachchilddomainonlyrefinedthegridspacingand
resolvedsmallturbulencescales.We,therefore,recommend
usingtheone-waynestingmodeforthewindturbinewake
simulation.Inthecasewhenthetwo-waynestingmodeis
preferable,onlyatrueneutralsetupdoesnotproducesec-
ondarycirculation.
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Table7.Estimatedpowerlawcoefficient.
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Table 7. Estimated power law coefficient.

Power law coefficient α

Nesting 1x , m NBL CBL SBL

non-nested 10 0.111 0.093 –
non-nested 5 0.099 – 0.154
one-way 10 0.112 0.093 –
one-way 5 0.103 0.067 0.156
one-way 2.5 0.092 0.077 0.145
one-way 1.25 0.087 0.073 0.145
two-way 10 0.109 0.089 –
two-way 5 0.095 0.083 0.158
two-way 2.5 0.088 0.080 0.164
two-way 1.25 0.085 0.077 0.172

Measurements 0.061 0.023 0.237

calculated from the previously estimated profile Eq. (1). The
LES returns the full mean profile on the pre-defined grid, so
U10 can be interpolated to the level of z= 10 m. U10 derived
from LES data consistently deviates from measurements U10
by 10 %–20 %, thus affecting the estimation of the power law
exponent.

The estimated power law coefficient α shows little varia-
tion for the NBL and CBL domains of the same refinement
but implies high sensitivity of the SBL profiles. Consider-
ing higher shear in the SBL profiles, the grid refinement may
affect the estimation of U10 more strongly than lower shear
NBL and CBL profiles.

4.4.2 Turbulence anisotropy

The anisotropy estimation captures only general trends seen
in the measurements with the nesting modes being radically
different between each other (Fig. 12). Since the inertial sub-
range resolved in a one-way nested root domain is slightly
shorter than of a two-way root domain (Figs. 7–8), fn ≈ 1
may fall outside of the resolved subrange and provide a
less precise estimation. The two-way nested cases approach
closer to the anisotropy seen in the measurement, although
the anisotropy strength may not match the value seen in the
measurement data. The divergence is particularly strong for
the SBL simulation, primarily caused by the differences in
power density spectra discussed in Sect. 4.3.

5 Conclusions

We performed nested LES of three stability cases for the
horizontal mean wind speed of 12–13 m s

−1 at the reference
height of 119 m. The simulations were verified by comparing
turbulence characteristics to the corresponding measurement
time series. The comparison showed that the grid spacing of
1x = 10 m was insufficient for NBL and CBL simulations;
the spectral and coherence characteristics had improved their

Figure 12. Comparison of anisotropy across the regarded stability
and nesting cases. The color map is centered at the value 4/3=
1.333.

agreement with the measurements after the spacing was re-
duced to 1x = 5 m via nesting or a refined non-nested do-
main simulation. The inertial subrange was not fully resolved
despite further refinement and remained narrower than for
the measurement time series even at 1x = 1.25 m.

We confirmed that the nesting mode does not affect the
true neutral simulation, unlike when the temperature equa-
tion is solved along with other prognostic equations for CBL
and SBL conditions. In the case of CBL or SBL, the flow
inside the child domain differed for the one-way and two-
way nesting. The two-way nested simulation produced a sec-
ondary circulation resulting in a decreased velocity and in-
creased turbulence intensity in the child domains. Due to a
strong horizontal shear, the irregularities in lateral and ver-
tical velocity profiles were spread non-uniformly; e.g., the
downward flow was stronger at the exit of the nested domain.
The horizontal flow accelerated after leaving the nested area
so that the mass conservation law was not violated eventu-
ally. Unlike the existing research on buoyancy-driven flows,
the two-way nesting effects in a shear-driven flow emerged
in the first hour of the LES and did not dissipate as the simu-
lation proceeded for 3 more hours.

In theory, the two-way nesting is a good option to refine
the grid in the area of interest of a non-homogeneous flow,
e.g., wind turbine wakes, as the feedback between parent and
child domain allows accounting for the irregularities after the
flow exits the nested area. However, the fast development of a
secondary circulation in the shear-driven flow limits the two-
way nesting application strictly to the true neutral condition.
The one-way nested simulation did not add anomalies to the
flow; each child domain only refined the grid spacing and
resolved small turbulence scales. We, therefore, recommend
using the one-way nesting mode for the wind turbine wake
simulation. In the case when the two-way nesting mode is
preferable, only a true neutral setup does not produce sec-
ondary circulation.
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Table 7. Estimated power law coefficient.

Power law coefficient α
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calculated from the previously estimated profile Eq. (1). The
LES returns the full mean profile on the pre-defined grid, so
U10 can be interpolated to the level of z= 10 m. U10 derived
from LES data consistently deviates from measurements U10
by 10 %–20 %, thus affecting the estimation of the power law
exponent.

The estimated power law coefficient α shows little varia-
tion for the NBL and CBL domains of the same refinement
but implies high sensitivity of the SBL profiles. Consider-
ing higher shear in the SBL profiles, the grid refinement may
affect the estimation of U10 more strongly than lower shear
NBL and CBL profiles.

4.4.2 Turbulence anisotropy

The anisotropy estimation captures only general trends seen
in the measurements with the nesting modes being radically
different between each other (Fig. 12). Since the inertial sub-
range resolved in a one-way nested root domain is slightly
shorter than of a two-way root domain (Figs. 7–8), fn ≈ 1
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5 Conclusions
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−1 at the reference
height of 119 m. The simulations were verified by comparing
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time series. The comparison showed that the grid spacing of
1x = 10 m was insufficient for NBL and CBL simulations;
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Figure 12. Comparison of anisotropy across the regarded stability
and nesting cases. The color map is centered at the value 4/3=
1.333.

agreement with the measurements after the spacing was re-
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We confirmed that the nesting mode does not affect the
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Table7.Estimatedpowerlawcoefficient.
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one-way50.1030.0670.156
one-way2.50.0920.0770.145
one-way1.250.0870.0730.145
two-way100.1090.089–
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two-way1.250.0850.0770.172

Measurements0.0610.0230.237

calculatedfromthepreviouslyestimatedprofileEq.(1).The
LESreturnsthefullmeanprofileonthepre-definedgrid,so
U10canbeinterpolatedtothelevelofz=10m.U10derived
fromLESdataconsistentlydeviatesfrommeasurementsU10
by10%–20%,thusaffectingtheestimationofthepowerlaw
exponent.

Theestimatedpowerlawcoefficientαshowslittlevaria-
tionfortheNBLandCBLdomainsofthesamerefinement
butimplieshighsensitivityoftheSBLprofiles.Consider-
inghighershearintheSBLprofiles,thegridrefinementmay
affecttheestimationofU10morestronglythanlowershear
NBLandCBLprofiles.

4.4.2Turbulenceanisotropy

Theanisotropyestimationcapturesonlygeneraltrendsseen
inthemeasurementswiththenestingmodesbeingradically
differentbetweeneachother(Fig.12).Sincetheinertialsub-
rangeresolvedinaone-waynestedrootdomainisslightly
shorterthanofatwo-wayrootdomain(Figs.7–8),fn≈1
mayfalloutsideoftheresolvedsubrangeandprovidea
lesspreciseestimation.Thetwo-waynestedcasesapproach
closertotheanisotropyseeninthemeasurement,although
theanisotropystrengthmaynotmatchthevalueseeninthe
measurementdata.Thedivergenceisparticularlystrongfor
theSBLsimulation,primarilycausedbythedifferencesin
powerdensityspectradiscussedinSect.4.3.

5Conclusions

WeperformednestedLESofthreestabilitycasesforthe
horizontalmeanwindspeedof12–13ms

−1atthereference
heightof119m.Thesimulationswereverifiedbycomparing
turbulencecharacteristicstothecorrespondingmeasurement
timeseries.Thecomparisonshowedthatthegridspacingof
1x=10mwasinsufficientforNBLandCBLsimulations;
thespectralandcoherencecharacteristicshadimprovedtheir

Figure12.Comparisonofanisotropyacrosstheregardedstability
andnestingcases.Thecolormapiscenteredatthevalue4/3=
1.333.

agreementwiththemeasurementsafterthespacingwasre-
ducedto1x=5mvianestingorarefinednon-nesteddo-
mainsimulation.Theinertialsubrangewasnotfullyresolved
despitefurtherrefinementandremainednarrowerthanfor
themeasurementtimeseriesevenat1x=1.25m.

Weconfirmedthatthenestingmodedoesnotaffectthe
trueneutralsimulation,unlikewhenthetemperatureequa-
tionissolvedalongwithotherprognosticequationsforCBL
andSBLconditions.InthecaseofCBLorSBL,theflow
insidethechilddomaindifferedfortheone-wayandtwo-
waynesting.Thetwo-waynestedsimulationproducedasec-
ondarycirculationresultinginadecreasedvelocityandin-
creasedturbulenceintensityinthechilddomains.Duetoa
stronghorizontalshear,theirregularitiesinlateralandver-
ticalvelocityprofileswerespreadnon-uniformly;e.g.,the
downwardflowwasstrongerattheexitofthenesteddomain.
Thehorizontalflowacceleratedafterleavingthenestedarea
sothatthemassconservationlawwasnotviolatedeventu-
ally.Unliketheexistingresearchonbuoyancy-drivenflows,
thetwo-waynestingeffectsinashear-drivenflowemerged
inthefirsthouroftheLESanddidnotdissipateasthesimu-
lationproceededfor3morehours.

Intheory,thetwo-waynestingisagoodoptiontorefine
thegridintheareaofinterestofanon-homogeneousflow,
e.g.,windturbinewakes,asthefeedbackbetweenparentand
childdomainallowsaccountingfortheirregularitiesafterthe
flowexitsthenestedarea.However,thefastdevelopmentofa
secondarycirculationintheshear-drivenflowlimitsthetwo-
waynestingapplicationstrictlytothetrueneutralcondition.
Theone-waynestedsimulationdidnotaddanomaliestothe
flow;eachchilddomainonlyrefinedthegridspacingand
resolvedsmallturbulencescales.We,therefore,recommend
usingtheone-waynestingmodeforthewindturbinewake
simulation.Inthecasewhenthetwo-waynestingmodeis
preferable,onlyatrueneutralsetupdoesnotproducesec-
ondarycirculation.
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Appendix A: SBL simulation with reduced forcing

We performed a test simulation of an SBL precursor
for the same wind speed but weaker pressure gradient
(−0.0001 Pa m−1 instead of −0.0005 Pa m−1) and slightly
stronger surface cooling (−0.3 K s−1 instead of −0.2 K s−1).
As a result of the decreased forcing, the developed pro-
files deviated from the reference measurements and showed
stronger shear but lower turbulence intensity (Fig. A1). Due
to the computational time constraints we simulate only a non-
nested main run for a comparison of spectral characteristics.
We observe a better agreement with the measurements spec-
tra (Fig. A2), especially in thew component, whose spectrum
does not follow a −5/3 theoretical slope. Therefore, we are
able to match only one of two – either SBL profiles or SBL
spectra – and observe a strong discrepancy in another.

Figure A1. Precursor run profiles with original and reduced pres-
sure forcing. (a) Horizontal flow mean profile and (b) turbulence
intensity profile.

Figure A2. Main run spectra with original and reduced pressure
forcing. (a) Horizontal velocity spectrum and (b) vertical velocity
spectrum.
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AppendixA:SBLsimulationwithreducedforcing

WeperformedatestsimulationofanSBLprecursor
forthesamewindspeedbutweakerpressuregradient
(−0.0001Pam−1insteadof−0.0005Pam−1)andslightly
strongersurfacecooling(−0.3Ks−1insteadof−0.2Ks−1).
Asaresultofthedecreasedforcing,thedevelopedpro-
filesdeviatedfromthereferencemeasurementsandshowed
strongershearbutlowerturbulenceintensity(Fig.A1).Due
tothecomputationaltimeconstraintswesimulateonlyanon-
nestedmainrunforacomparisonofspectralcharacteristics.
Weobserveabetteragreementwiththemeasurementsspec-
tra(Fig.A2),especiallyinthewcomponent,whosespectrum
doesnotfollowa−5/3theoreticalslope.Therefore,weare
abletomatchonlyoneoftwo–eitherSBLprofilesorSBL
spectra–andobserveastrongdiscrepancyinanother.

FigureA1.Precursorrunprofileswithoriginalandreducedpres-
sureforcing.(a)Horizontalflowmeanprofileand(b)turbulence
intensityprofile.

FigureA2.Mainrunspectrawithoriginalandreducedpressure
forcing.(a)Horizontalvelocityspectrumand(b)verticalvelocity
spectrum.
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AppendixA:SBLsimulationwithreducedforcing

WeperformedatestsimulationofanSBLprecursor
forthesamewindspeedbutweakerpressuregradient
(−0.0001Pam−1insteadof−0.0005Pam−1)andslightly
strongersurfacecooling(−0.3Ks−1insteadof−0.2Ks−1).
Asaresultofthedecreasedforcing,thedevelopedpro-
filesdeviatedfromthereferencemeasurementsandshowed
strongershearbutlowerturbulenceintensity(Fig.A1).Due
tothecomputationaltimeconstraintswesimulateonlyanon-
nestedmainrunforacomparisonofspectralcharacteristics.
Weobserveabetteragreementwiththemeasurementsspec-
tra(Fig.A2),especiallyinthewcomponent,whosespectrum
doesnotfollowa−5/3theoreticalslope.Therefore,weare
abletomatchonlyoneoftwo–eitherSBLprofilesorSBL
spectra–andobserveastrongdiscrepancyinanother.

FigureA1.Precursorrunprofileswithoriginalandreducedpres-
sureforcing.(a)Horizontalflowmeanprofileand(b)turbulence
intensityprofile.

FigureA2.Mainrunspectrawithoriginalandreducedpressure
forcing.(a)Horizontalvelocityspectrumand(b)verticalvelocity
spectrum.
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Appendix A: SBL simulation with reduced forcing

We performed a test simulation of an SBL precursor
for the same wind speed but weaker pressure gradient
(−0.0001 Pa m

−1 instead of −0.0005 Pa m
−1) and slightly

stronger surface cooling (−0.3 K s
−1 instead of −0.2 K s

−1).
As a result of the decreased forcing, the developed pro-
files deviated from the reference measurements and showed
stronger shear but lower turbulence intensity (Fig. A1). Due
to the computational time constraints we simulate only a non-
nested main run for a comparison of spectral characteristics.
We observe a better agreement with the measurements spec-
tra (Fig. A2), especially in thew component, whose spectrum
does not follow a −5/3 theoretical slope. Therefore, we are
able to match only one of two – either SBL profiles or SBL
spectra – and observe a strong discrepancy in another.

Figure A1. Precursor run profiles with original and reduced pres-
sure forcing. (a) Horizontal flow mean profile and (b) turbulence
intensity profile.

Figure A2. Main run spectra with original and reduced pressure
forcing. (a) Horizontal velocity spectrum and (b) vertical velocity
spectrum.
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Appendix A: SBL simulation with reduced forcing

We performed a test simulation of an SBL precursor
for the same wind speed but weaker pressure gradient
(−0.0001 Pa m

−1 instead of −0.0005 Pa m
−1) and slightly

stronger surface cooling (−0.3 K s
−1 instead of −0.2 K s

−1).
As a result of the decreased forcing, the developed pro-
files deviated from the reference measurements and showed
stronger shear but lower turbulence intensity (Fig. A1). Due
to the computational time constraints we simulate only a non-
nested main run for a comparison of spectral characteristics.
We observe a better agreement with the measurements spec-
tra (Fig. A2), especially in thew component, whose spectrum
does not follow a −5/3 theoretical slope. Therefore, we are
able to match only one of two – either SBL profiles or SBL
spectra – and observe a strong discrepancy in another.

Figure A1. Precursor run profiles with original and reduced pres-
sure forcing. (a) Horizontal flow mean profile and (b) turbulence
intensity profile.

Figure A2. Main run spectra with original and reduced pressure
forcing. (a) Horizontal velocity spectrum and (b) vertical velocity
spectrum.
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AppendixA:SBLsimulationwithreducedforcing

WeperformedatestsimulationofanSBLprecursor
forthesamewindspeedbutweakerpressuregradient
(−0.0001Pam

−1insteadof−0.0005Pam
−1)andslightly

strongersurfacecooling(−0.3Ks
−1insteadof−0.2Ks

−1).
Asaresultofthedecreasedforcing,thedevelopedpro-
filesdeviatedfromthereferencemeasurementsandshowed
strongershearbutlowerturbulenceintensity(Fig.A1).Due
tothecomputationaltimeconstraintswesimulateonlyanon-
nestedmainrunforacomparisonofspectralcharacteristics.
Weobserveabetteragreementwiththemeasurementsspec-
tra(Fig.A2),especiallyinthewcomponent,whosespectrum
doesnotfollowa−5/3theoreticalslope.Therefore,weare
abletomatchonlyoneoftwo–eitherSBLprofilesorSBL
spectra–andobserveastrongdiscrepancyinanother.

FigureA1.Precursorrunprofileswithoriginalandreducedpres-
sureforcing.(a)Horizontalflowmeanprofileand(b)turbulence
intensityprofile.

FigureA2.Mainrunspectrawithoriginalandreducedpressure
forcing.(a)Horizontalvelocityspectrumand(b)verticalvelocity
spectrum.
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forthesamewindspeedbutweakerpressuregradient
(−0.0001Pam

−1insteadof−0.0005Pam
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filesdeviatedfromthereferencemeasurementsandshowed
strongershearbutlowerturbulenceintensity(Fig.A1).Due
tothecomputationaltimeconstraintswesimulateonlyanon-
nestedmainrunforacomparisonofspectralcharacteristics.
Weobserveabetteragreementwiththemeasurementsspec-
tra(Fig.A2),especiallyinthewcomponent,whosespectrum
doesnotfollowa−5/3theoreticalslope.Therefore,weare
abletomatchonlyoneoftwo–eitherSBLprofilesorSBL
spectra–andobserveastrongdiscrepancyinanother.

FigureA1.Precursorrunprofileswithoriginalandreducedpres-
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spectrum.

Codeanddataavailability.ThePALMmodelsystemisfreely
availableathttps://gitlab.palm-model.org/releases/palm_model_
system/-/releases/v21.10(Marongaetal.,2020)anddistributed
undertheGNUGeneralPublicLicensev3(http://www.
gnu.org/copyleft/gpl.html,lastaccess:12October2022).The
LESsinthisarticlewereperformedusingPALMmodel
systemv21.10.Thecorrespondingversionisprovidedat
https://doi.org/10.5281/zenodo.7886678(Krutova,2022)together
withinputandoutputfiles,aswellaspost-processingscripts
neededtoreproducethefigures.Theprocessedhigh-frequency
sonicanemometerdataareavailableuponrequestafterpermission
fromDEWI(DeutschesWindenergieInstitut)isgranted.

Authorcontributions.MKperformedtheLESsimulationsand
analysisinaccordancewiththeplandevelopedbyMPB;JRand
FGNprovidedvaluablediscussionsexplainingthediscrepancies
withthemeasurementdata.

Competinginterests.Thecontactauthorhasdeclaredthatnoneof
theauthorshasanycompetinginterests.

Disclaimer.Publisher’snote:CopernicusPublicationsremains
neutralwithregardtojurisdictionalclaimsinpublishedmapsand
institutionalaffiliations.

Acknowledgements.TheauthorswouldliketothankDEWI
(DeutschesWindenergieInstitut)forprovidingtheFINO1high-
resolutionsonicanemometerdataandAstridNybøfromtheUni-
versityofBergenfortheadditionalinformationandguidance.

Thelarge-eddysimulationsforthisstudyhavebeenperformed
byusingthehigh-performance-computerfacilitiesoftheNorwe-
giane-infrastructureUninettSigma2(projectnumberNS9696K).

Reviewstatement.ThispaperwaseditedbySylwesterArabasand
reviewedbytwoanonymousreferees.

References

Bak,C.,Zahle,F.,Bitsche,R.,Kim,T.,Yde,A.,Henriksen,
L.,Hansen,M.,Blasques,J.,Gaunaa,M.,andNatarajan,
A.:TheDTU10-MWReferenceWindTurbine,DanishWind
PowerResearch2013,Conference,27–28May2013,Fred-
ericia,Denmark,https://orbit.dtu.dk/en/publications/the-dtu-10-
mw-reference-wind-turbine(lastaccess:27June2023),2013.

Beare,R.J.,Macvean,M.K.,Holtslag,A.A.,Cuxart,J.,Esau,
I.,Golaz,J.C.,Jimenez,M.A.,Khairoutdinov,M.,Koso-
vic,B.,Lewellen,D.,Lund,T.S.,Lundquist,J.K.,Mc-
Cabe,A.,Moene,A.F.,Noh,Y.,Raasch,S.,andSullivan,
P.:AnIntercomparisonofLarge-EddySimulationsoftheSta-
bleBoundaryLayer,Bound.-Lay.Meteorol.,118,247–272,
https://doi.org/10.1007/S10546-004-2820-6,2006.

https://doi.org/10.5194/gmd-16-3553-2023Geosci.ModelDev.,16,3553–3564,2023

M.Krutovaetal.:Self-nestedsimulationsinPALMforwindenergyapplication3563

AppendixA:SBLsimulationwithreducedforcing

WeperformedatestsimulationofanSBLprecursor
forthesamewindspeedbutweakerpressuregradient
(−0.0001Pam

−1insteadof−0.0005Pam
−1)andslightly

strongersurfacecooling(−0.3Ks
−1insteadof−0.2Ks

−1).
Asaresultofthedecreasedforcing,thedevelopedpro-
filesdeviatedfromthereferencemeasurementsandshowed
strongershearbutlowerturbulenceintensity(Fig.A1).Due
tothecomputationaltimeconstraintswesimulateonlyanon-
nestedmainrunforacomparisonofspectralcharacteristics.
Weobserveabetteragreementwiththemeasurementsspec-
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Gronemeier,T.,Groß,G.,Heldens,W.,Hellsten,A.,Hoff-
mann,F.,Inagaki,A.,Kadasch,E.,Kanani-Sühring,F.,Ke-
telsen,K.,Khan,B.A.,Knigge,C.,Knoop,H.,Krč,P.,Kurppa,
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Abstract. Enhancing the performance of offshore wind park power production requires, to
a large extent, a better understanding of the interactions of wind farms and individual wind
turbines with the atmospheric boundary layer over a wide range of spatiotemporal scales. In this
study, we use a multiscale atmospheric model chain coupled offline with the aeroelastic Fatigue,
Aerodynamics, Structures, and Turbulence (FAST) code. The multiscale model contains two
different components in which the nested mesoscale Weather and Research Forecast (WRF)
model is coupled offline with the Parallelized Large-eddy Simulation Model (PALM). Such a
multiscale framework enables to study in detail the turbine behaviour under various atmospheric
forcing conditions, particularly during transient atmospheric events.

1. Introduction
Offshore wind is one of the key renewable energy resources today and for the years to come.
Therefore, a better understanding of wind and its spatiotemporal variability further offshore
plays a significant role in future technical and technological developments in offshore wind
industries. In some applications, the wind in the boundary layer is described using simple
representations, such as power-law or logarithmic profiles. However, these simplified wind
profiles cannot always properly capture the vertical distributions of observed wind, particularly,
during transient atmospheric events such as Low-Level Jets (LLJs)–during stably stratified
conditions, and Open Cellular Convection (OCC)–during convectively unstable conditions. In
such conditions, the wind characteristics, such as wind shear, wind veer, and turbulence intensity,
depart significantly from those assumed under standard conditions [1, 2, 3]. Furthermore, these
transient events modify the performance of wind power generation and structural loading by
impacting the turbine wake meandering, evolution, and recovery rates. Therefore, increased
knowledge of site-specific characteristics of events like OCCs, their formation mechanisms,
and their strengths and impacts are critical to improving farm power generation, turbine
performance, and offshore wind turbine load assessments [4].

Areas covered by a large number of wind park clusters experience a large variability of
wind speed and farm/turbine power fluctuations during the passage of OCCs. These transient
frontal episodes are common atmospheric processes in the North Sea [2]. OCCs are associated
with cold air advection over the warmer ocean surface and are visible from the satellite images
as honeycomb-like patterns of shallow convective clouds (with 1km-3km thickness) [6, 2]. The
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Abstract.Enhancingtheperformanceofoffshorewindparkpowerproductionrequires,to
alargeextent,abetterunderstandingoftheinteractionsofwindfarmsandindividualwind
turbineswiththeatmosphericboundarylayeroverawiderangeofspatiotemporalscales.Inthis
study,weuseamultiscaleatmosphericmodelchaincoupledofflinewiththeaeroelasticFatigue,
Aerodynamics,Structures,andTurbulence(FAST)code.Themultiscalemodelcontainstwo
differentcomponentsinwhichthenestedmesoscaleWeatherandResearchForecast(WRF)
modeliscoupledofflinewiththeParallelizedLarge-eddySimulationModel(PALM).Sucha
multiscaleframeworkenablestostudyindetailtheturbinebehaviourundervariousatmospheric
forcingconditions,particularlyduringtransientatmosphericevents.

1.Introduction
Offshorewindisoneofthekeyrenewableenergyresourcestodayandfortheyearstocome.
Therefore,abetterunderstandingofwindanditsspatiotemporalvariabilityfurtheroffshore
playsasignificantroleinfuturetechnicalandtechnologicaldevelopmentsinoffshorewind
industries.Insomeapplications,thewindintheboundarylayerisdescribedusingsimple
representations,suchaspower-laworlogarithmicprofiles.However,thesesimplifiedwind
profilescannotalwaysproperlycapturetheverticaldistributionsofobservedwind,particularly,
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Abstract. Enhancing the performance of offshore wind park power production requires, to
a large extent, a better understanding of the interactions of wind farms and individual wind
turbines with the atmospheric boundary layer over a wide range of spatiotemporal scales. In this
study, we use a multiscale atmospheric model chain coupled offline with the aeroelastic Fatigue,
Aerodynamics, Structures, and Turbulence (FAST) code. The multiscale model contains two
different components in which the nested mesoscale Weather and Research Forecast (WRF)
model is coupled offline with the Parallelized Large-eddy Simulation Model (PALM). Such a
multiscale framework enables to study in detail the turbine behaviour under various atmospheric
forcing conditions, particularly during transient atmospheric events.

1. Introduction
Offshore wind is one of the key renewable energy resources today and for the years to come.
Therefore, a better understanding of wind and its spatiotemporal variability further offshore
plays a significant role in future technical and technological developments in offshore wind
industries. In some applications, the wind in the boundary layer is described using simple
representations, such as power-law or logarithmic profiles. However, these simplified wind
profiles cannot always properly capture the vertical distributions of observed wind, particularly,
during transient atmospheric events such as Low-Level Jets (LLJs)–during stably stratified
conditions, and Open Cellular Convection (OCC)–during convectively unstable conditions. In
such conditions, the wind characteristics, such as wind shear, wind veer, and turbulence intensity,
depart significantly from those assumed under standard conditions [1, 2, 3]. Furthermore, these
transient events modify the performance of wind power generation and structural loading by
impacting the turbine wake meandering, evolution, and recovery rates. Therefore, increased
knowledge of site-specific characteristics of events like OCCs, their formation mechanisms,
and their strengths and impacts are critical to improving farm power generation, turbine
performance, and offshore wind turbine load assessments [4].

Areas covered by a large number of wind park clusters experience a large variability of
wind speed and farm/turbine power fluctuations during the passage of OCCs. These transient
frontal episodes are common atmospheric processes in the North Sea [2]. OCCs are associated
with cold air advection over the warmer ocean surface and are visible from the satellite images
as honeycomb-like patterns of shallow convective clouds (with 1km-3km thickness) [6, 2]. The
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vertical velocity is positive in the updraft regions at the cloudy edges of cells and is negative in the
downdraft regions at the cloud-free cell centres. Spatial scales of the cell in the Southern North
Sea vary between 7km and 80km with a temporal scale of minutes to hours. The spatiotemporal
behaviour of the OCCs at their multiple scales can be efficiently captured by the use of an
appropriate atmospheric multiscale modelling system.

Over the last couple of years, numerical research of flow field modelling in the offshore
wind energy applications has developed by coupling between the mesoscale Numerical Weather
Prediction (NWP) models and microscale high fidelity Large Eddy Simulation (LES) models [1].
NWPs are primarily Reynolds-Averaged Navier–Stokes (RANS) models, in which the turbulence
is parameterized based on averaged properties of the flow fields. However, LES models (for
example the Parallelized Large-eddy Simulation Model, or PALM) resolve turbulent eddies larger
than a spatial lengthscale (large eddies) and parameterize the eddies smaller than the spatial
filter lengthscale (subgrid scales) [8, 9]. While LES models have been primarily used in idealised
simulations, they can represent realistic flow evolution if the effects of time-varying mesoscale
flows along their outermost boundaries are implemented properly through an (one-way) offline
nesting approach [10]. PALM system is able to use the mesoscale data from the regional weather
prediction model such as Consortium for Small-scale Modeling (COSMO) and the Weather
Research and Forecast (WRF) [11] models. The PALM model also contains the implementation
of a wind turbine actuator disk parameterization with rotation that enables the multiscale
framework to predict more precisely the turbulent flow within the wind park under realistic
atmospheric forcing conditions. However, these types of simulations are subjected to several
uncertainties associated with the boundary forcing information, the land-use characteristics, the
choice of roughness length, etc. [1].

In this work, we develop a multi-scale model chain consisting of the WRF and the PALM
models: the WRF model downscales large-scale features and provides the lateral forcing for the
PALM model to perform LES simulation using a grid nesting approach. This modelling system
provides the LES model with a more realistic time-dependent inflow condition that enables it
to capture the variability of a broad range of differently stratified flows. The primary objectives
of this study are then:

• to tentatively assess the added value of simulations with the suggested multiscale framework.

• to preliminary study and improve the understanding of the effects of thermally-driven flows
on wake evolution and the turbine load behaviour during an OCC event at the area of
Alpha Ventus offshore wind park.

While the LES model can provide a non-Gaussian representation of inflow winds, to be
used for the load study, we simplify our analysis by assuming that the inflow turbulence field
is completely Gaussian by applying a so-called constrained turbulence generator that uses the
LES high-frequency time series at a number of separated points.

In this paper, we first introduce the site and its environmental conditions. The methodology
is then given in Section 3, and the multiscale model results and structural loading are presented
in Section 4. Finally, some conclusions are given in the last section.

2. Observational data and case study
The 100-m tall FINO1 meteorological mast (with coordinates of 54o0

′
53.5”N, 6o35

′
15.5”E) is

located in the Southern North Sea in a water depth of 30m, see Fig. 1. The mast is equipped with
various sensors to measure different atmospheric quantities such as wind velocity at 33, 40, 50,
60, 70, 80, 90, and 100 m. High-frequency measurements were collected by sonic anemometers
at 40, 60 and 80 m with a sampling frequency of 10 Hz, with an orientation of 308o in order to
remove the mast shadow zone during the data analysis step. During the NORCOWE OBLEX-
F1 campaign between May 2015 and October 2016 at FINO1, two additional sonic anemometers
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verticalvelocityispositiveintheupdraftregionsatthecloudyedgesofcellsandisnegativeinthe
downdraftregionsatthecloud-freecellcentres.SpatialscalesofthecellintheSouthernNorth
Seavarybetween7kmand80kmwithatemporalscaleofminutestohours.Thespatiotemporal
behaviouroftheOCCsattheirmultiplescalescanbeefficientlycapturedbytheuseofan
appropriateatmosphericmultiscalemodellingsystem.

Overthelastcoupleofyears,numericalresearchofflowfieldmodellingintheoffshore
windenergyapplicationshasdevelopedbycouplingbetweenthemesoscaleNumericalWeather
Prediction(NWP)modelsandmicroscalehighfidelityLargeEddySimulation(LES)models[1].
NWPsareprimarilyReynolds-AveragedNavier–Stokes(RANS)models,inwhichtheturbulence
isparameterizedbasedonaveragedpropertiesoftheflowfields.However,LESmodels(for
exampletheParallelizedLarge-eddySimulationModel,orPALM)resolveturbulenteddieslarger
thanaspatiallengthscale(largeeddies)andparameterizetheeddiessmallerthanthespatial
filterlengthscale(subgridscales)[8,9].WhileLESmodelshavebeenprimarilyusedinidealised
simulations,theycanrepresentrealisticflowevolutioniftheeffectsoftime-varyingmesoscale
flowsalongtheiroutermostboundariesareimplementedproperlythroughan(one-way)offline
nestingapproach[10].PALMsystemisabletousethemesoscaledatafromtheregionalweather
predictionmodelsuchasConsortiumforSmall-scaleModeling(COSMO)andtheWeather
ResearchandForecast(WRF)[11]models.ThePALMmodelalsocontainstheimplementation
ofawindturbineactuatordiskparameterizationwithrotationthatenablesthemultiscale
frameworktopredictmorepreciselytheturbulentflowwithinthewindparkunderrealistic
atmosphericforcingconditions.However,thesetypesofsimulationsaresubjectedtoseveral
uncertaintiesassociatedwiththeboundaryforcinginformation,theland-usecharacteristics,the
choiceofroughnesslength,etc.[1].

Inthiswork,wedevelopamulti-scalemodelchainconsistingoftheWRFandthePALM
models:theWRFmodeldownscaleslarge-scalefeaturesandprovidesthelateralforcingforthe
PALMmodeltoperformLESsimulationusingagridnestingapproach.Thismodellingsystem
providestheLESmodelwithamorerealistictime-dependentinflowconditionthatenablesit
tocapturethevariabilityofabroadrangeofdifferentlystratifiedflows.Theprimaryobjectives
ofthisstudyarethen:

•totentativelyassesstheaddedvalueofsimulationswiththesuggestedmultiscaleframework.

•topreliminarystudyandimprovetheunderstandingoftheeffectsofthermally-drivenflows
onwakeevolutionandtheturbineloadbehaviourduringanOCCeventattheareaof
AlphaVentusoffshorewindpark.

WhiletheLESmodelcanprovideanon-Gaussianrepresentationofinflowwinds,tobe
usedfortheloadstudy,wesimplifyouranalysisbyassumingthattheinflowturbulencefield
iscompletelyGaussianbyapplyingaso-calledconstrainedturbulencegeneratorthatusesthe
LEShigh-frequencytimeseriesatanumberofseparatedpoints.

Inthispaper,wefirstintroducethesiteanditsenvironmentalconditions.Themethodology
isthengiveninSection3,andthemultiscalemodelresultsandstructuralloadingarepresented
inSection4.Finally,someconclusionsaregiveninthelastsection.

2.Observationaldataandcasestudy
The100-mtallFINO1meteorologicalmast(withcoordinatesof54o0

′
53.5”N,6o35

′
15.5”E)is

locatedintheSouthernNorthSeainawaterdepthof30m,seeFig.1.Themastisequippedwith
varioussensorstomeasuredifferentatmosphericquantitiessuchaswindvelocityat33,40,50,
60,70,80,90,and100m.High-frequencymeasurementswerecollectedbysonicanemometers
at40,60and80mwithasamplingfrequencyof10Hz,withanorientationof308oinorderto
removethemastshadowzoneduringthedataanalysisstep.DuringtheNORCOWEOBLEX-
F1campaignbetweenMay2015andOctober2016atFINO1,twoadditionalsonicanemometers
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vertical velocity is positive in the updraft regions at the cloudy edges of cells and is negative in the
downdraft regions at the cloud-free cell centres. Spatial scales of the cell in the Southern North
Sea vary between 7km and 80km with a temporal scale of minutes to hours. The spatiotemporal
behaviour of the OCCs at their multiple scales can be efficiently captured by the use of an
appropriate atmospheric multiscale modelling system.

Over the last couple of years, numerical research of flow field modelling in the offshore
wind energy applications has developed by coupling between the mesoscale Numerical Weather
Prediction (NWP) models and microscale high fidelity Large Eddy Simulation (LES) models [1].
NWPs are primarily Reynolds-Averaged Navier–Stokes (RANS) models, in which the turbulence
is parameterized based on averaged properties of the flow fields. However, LES models (for
example the Parallelized Large-eddy Simulation Model, or PALM) resolve turbulent eddies larger
than a spatial lengthscale (large eddies) and parameterize the eddies smaller than the spatial
filter lengthscale (subgrid scales) [8, 9]. While LES models have been primarily used in idealised
simulations, they can represent realistic flow evolution if the effects of time-varying mesoscale
flows along their outermost boundaries are implemented properly through an (one-way) offline
nesting approach [10]. PALM system is able to use the mesoscale data from the regional weather
prediction model such as Consortium for Small-scale Modeling (COSMO) and the Weather
Research and Forecast (WRF) [11] models. The PALM model also contains the implementation
of a wind turbine actuator disk parameterization with rotation that enables the multiscale
framework to predict more precisely the turbulent flow within the wind park under realistic
atmospheric forcing conditions. However, these types of simulations are subjected to several
uncertainties associated with the boundary forcing information, the land-use characteristics, the
choice of roughness length, etc. [1].

In this work, we develop a multi-scale model chain consisting of the WRF and the PALM
models: the WRF model downscales large-scale features and provides the lateral forcing for the
PALM model to perform LES simulation using a grid nesting approach. This modelling system
provides the LES model with a more realistic time-dependent inflow condition that enables it
to capture the variability of a broad range of differently stratified flows. The primary objectives
of this study are then:

• to tentatively assess the added value of simulations with the suggested multiscale framework.

• to preliminary study and improve the understanding of the effects of thermally-driven flows
on wake evolution and the turbine load behaviour during an OCC event at the area of
Alpha Ventus offshore wind park.

While the LES model can provide a non-Gaussian representation of inflow winds, to be
used for the load study, we simplify our analysis by assuming that the inflow turbulence field
is completely Gaussian by applying a so-called constrained turbulence generator that uses the
LES high-frequency time series at a number of separated points.

In this paper, we first introduce the site and its environmental conditions. The methodology
is then given in Section 3, and the multiscale model results and structural loading are presented
in Section 4. Finally, some conclusions are given in the last section.

2. Observational data and case study
The 100-m tall FINO1 meteorological mast (with coordinates of 54o0′

53.5”N, 6o35′
15.5”E) is

located in the Southern North Sea in a water depth of 30m, see Fig. 1. The mast is equipped with
various sensors to measure different atmospheric quantities such as wind velocity at 33, 40, 50,
60, 70, 80, 90, and 100 m. High-frequency measurements were collected by sonic anemometers
at 40, 60 and 80 m with a sampling frequency of 10 Hz, with an orientation of 308o in order to
remove the mast shadow zone during the data analysis step. During the NORCOWE OBLEX-
F1 campaign between May 2015 and October 2016 at FINO1, two additional sonic anemometers
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behaviour of the OCCs at their multiple scales can be efficiently captured by the use of an
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wind energy applications has developed by coupling between the mesoscale Numerical Weather
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is parameterized based on averaged properties of the flow fields. However, LES models (for
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than a spatial lengthscale (large eddies) and parameterize the eddies smaller than the spatial
filter lengthscale (subgrid scales) [8, 9]. While LES models have been primarily used in idealised
simulations, they can represent realistic flow evolution if the effects of time-varying mesoscale
flows along their outermost boundaries are implemented properly through an (one-way) offline
nesting approach [10]. PALM system is able to use the mesoscale data from the regional weather
prediction model such as Consortium for Small-scale Modeling (COSMO) and the Weather
Research and Forecast (WRF) [11] models. The PALM model also contains the implementation
of a wind turbine actuator disk parameterization with rotation that enables the multiscale
framework to predict more precisely the turbulent flow within the wind park under realistic
atmospheric forcing conditions. However, these types of simulations are subjected to several
uncertainties associated with the boundary forcing information, the land-use characteristics, the
choice of roughness length, etc. [1].

In this work, we develop a multi-scale model chain consisting of the WRF and the PALM
models: the WRF model downscales large-scale features and provides the lateral forcing for the
PALM model to perform LES simulation using a grid nesting approach. This modelling system
provides the LES model with a more realistic time-dependent inflow condition that enables it
to capture the variability of a broad range of differently stratified flows. The primary objectives
of this study are then:

• to tentatively assess the added value of simulations with the suggested multiscale framework.

• to preliminary study and improve the understanding of the effects of thermally-driven flows
on wake evolution and the turbine load behaviour during an OCC event at the area of
Alpha Ventus offshore wind park.

While the LES model can provide a non-Gaussian representation of inflow winds, to be
used for the load study, we simplify our analysis by assuming that the inflow turbulence field
is completely Gaussian by applying a so-called constrained turbulence generator that uses the
LES high-frequency time series at a number of separated points.

In this paper, we first introduce the site and its environmental conditions. The methodology
is then given in Section 3, and the multiscale model results and structural loading are presented
in Section 4. Finally, some conclusions are given in the last section.

2. Observational data and case study
The 100-m tall FINO1 meteorological mast (with coordinates of 54o0′

53.5”N, 6o35′
15.5”E) is

located in the Southern North Sea in a water depth of 30m, see Fig. 1. The mast is equipped with
various sensors to measure different atmospheric quantities such as wind velocity at 33, 40, 50,
60, 70, 80, 90, and 100 m. High-frequency measurements were collected by sonic anemometers
at 40, 60 and 80 m with a sampling frequency of 10 Hz, with an orientation of 308o in order to
remove the mast shadow zone during the data analysis step. During the NORCOWE OBLEX-
F1 campaign between May 2015 and October 2016 at FINO1, two additional sonic anemometers
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verticalvelocityispositiveintheupdraftregionsatthecloudyedgesofcellsandisnegativeinthe
downdraftregionsatthecloud-freecellcentres.SpatialscalesofthecellintheSouthernNorth
Seavarybetween7kmand80kmwithatemporalscaleofminutestohours.Thespatiotemporal
behaviouroftheOCCsattheirmultiplescalescanbeefficientlycapturedbytheuseofan
appropriateatmosphericmultiscalemodellingsystem.

Overthelastcoupleofyears,numericalresearchofflowfieldmodellingintheoffshore
windenergyapplicationshasdevelopedbycouplingbetweenthemesoscaleNumericalWeather
Prediction(NWP)modelsandmicroscalehighfidelityLargeEddySimulation(LES)models[1].
NWPsareprimarilyReynolds-AveragedNavier–Stokes(RANS)models,inwhichtheturbulence
isparameterizedbasedonaveragedpropertiesoftheflowfields.However,LESmodels(for
exampletheParallelizedLarge-eddySimulationModel,orPALM)resolveturbulenteddieslarger
thanaspatiallengthscale(largeeddies)andparameterizetheeddiessmallerthanthespatial
filterlengthscale(subgridscales)[8,9].WhileLESmodelshavebeenprimarilyusedinidealised
simulations,theycanrepresentrealisticflowevolutioniftheeffectsoftime-varyingmesoscale
flowsalongtheiroutermostboundariesareimplementedproperlythroughan(one-way)offline
nestingapproach[10].PALMsystemisabletousethemesoscaledatafromtheregionalweather
predictionmodelsuchasConsortiumforSmall-scaleModeling(COSMO)andtheWeather
ResearchandForecast(WRF)[11]models.ThePALMmodelalsocontainstheimplementation
ofawindturbineactuatordiskparameterizationwithrotationthatenablesthemultiscale
frameworktopredictmorepreciselytheturbulentflowwithinthewindparkunderrealistic
atmosphericforcingconditions.However,thesetypesofsimulationsaresubjectedtoseveral
uncertaintiesassociatedwiththeboundaryforcinginformation,theland-usecharacteristics,the
choiceofroughnesslength,etc.[1].

Inthiswork,wedevelopamulti-scalemodelchainconsistingoftheWRFandthePALM
models:theWRFmodeldownscaleslarge-scalefeaturesandprovidesthelateralforcingforthe
PALMmodeltoperformLESsimulationusingagridnestingapproach.Thismodellingsystem
providestheLESmodelwithamorerealistictime-dependentinflowconditionthatenablesit
tocapturethevariabilityofabroadrangeofdifferentlystratifiedflows.Theprimaryobjectives
ofthisstudyarethen:

•totentativelyassesstheaddedvalueofsimulationswiththesuggestedmultiscaleframework.

•topreliminarystudyandimprovetheunderstandingoftheeffectsofthermally-drivenflows
onwakeevolutionandtheturbineloadbehaviourduringanOCCeventattheareaof
AlphaVentusoffshorewindpark.

WhiletheLESmodelcanprovideanon-Gaussianrepresentationofinflowwinds,tobe
usedfortheloadstudy,wesimplifyouranalysisbyassumingthattheinflowturbulencefield
iscompletelyGaussianbyapplyingaso-calledconstrainedturbulencegeneratorthatusesthe
LEShigh-frequencytimeseriesatanumberofseparatedpoints.

Inthispaper,wefirstintroducethesiteanditsenvironmentalconditions.Themethodology
isthengiveninSection3,andthemultiscalemodelresultsandstructuralloadingarepresented
inSection4.Finally,someconclusionsaregiveninthelastsection.

2.Observationaldataandcasestudy
The100-mtallFINO1meteorologicalmast(withcoordinatesof54o0′

53.5”N,6o35′
15.5”E)is

locatedintheSouthernNorthSeainawaterdepthof30m,seeFig.1.Themastisequippedwith
varioussensorstomeasuredifferentatmosphericquantitiessuchaswindvelocityat33,40,50,
60,70,80,90,and100m.High-frequencymeasurementswerecollectedbysonicanemometers
at40,60and80mwithasamplingfrequencyof10Hz,withanorientationof308oinorderto
removethemastshadowzoneduringthedataanalysisstep.DuringtheNORCOWEOBLEX-
F1campaignbetweenMay2015andOctober2016atFINO1,twoadditionalsonicanemometers
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windenergyapplicationshasdevelopedbycouplingbetweenthemesoscaleNumericalWeather
Prediction(NWP)modelsandmicroscalehighfidelityLargeEddySimulation(LES)models[1].
NWPsareprimarilyReynolds-AveragedNavier–Stokes(RANS)models,inwhichtheturbulence
isparameterizedbasedonaveragedpropertiesoftheflowfields.However,LESmodels(for
exampletheParallelizedLarge-eddySimulationModel,orPALM)resolveturbulenteddieslarger
thanaspatiallengthscale(largeeddies)andparameterizetheeddiessmallerthanthespatial
filterlengthscale(subgridscales)[8,9].WhileLESmodelshavebeenprimarilyusedinidealised
simulations,theycanrepresentrealisticflowevolutioniftheeffectsoftime-varyingmesoscale
flowsalongtheiroutermostboundariesareimplementedproperlythroughan(one-way)offline
nestingapproach[10].PALMsystemisabletousethemesoscaledatafromtheregionalweather
predictionmodelsuchasConsortiumforSmall-scaleModeling(COSMO)andtheWeather
ResearchandForecast(WRF)[11]models.ThePALMmodelalsocontainstheimplementation
ofawindturbineactuatordiskparameterizationwithrotationthatenablesthemultiscale
frameworktopredictmorepreciselytheturbulentflowwithinthewindparkunderrealistic
atmosphericforcingconditions.However,thesetypesofsimulationsaresubjectedtoseveral
uncertaintiesassociatedwiththeboundaryforcinginformation,theland-usecharacteristics,the
choiceofroughnesslength,etc.[1].
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tocapturethevariabilityofabroadrangeofdifferentlystratifiedflows.Theprimaryobjectives
ofthisstudyarethen:

•totentativelyassesstheaddedvalueofsimulationswiththesuggestedmultiscaleframework.

•topreliminarystudyandimprovetheunderstandingoftheeffectsofthermally-drivenflows
onwakeevolutionandtheturbineloadbehaviourduringanOCCeventattheareaof
AlphaVentusoffshorewindpark.

WhiletheLESmodelcanprovideanon-Gaussianrepresentationofinflowwinds,tobe
usedfortheloadstudy,wesimplifyouranalysisbyassumingthattheinflowturbulencefield
iscompletelyGaussianbyapplyingaso-calledconstrainedturbulencegeneratorthatusesthe
LEShigh-frequencytimeseriesatanumberofseparatedpoints.

Inthispaper,wefirstintroducethesiteanditsenvironmentalconditions.Themethodology
isthengiveninSection3,andthemultiscalemodelresultsandstructuralloadingarepresented
inSection4.Finally,someconclusionsaregiveninthelastsection.

2.Observationaldataandcasestudy
The100-mtallFINO1meteorologicalmast(withcoordinatesof54o0′

53.5”N,6o35′
15.5”E)is

locatedintheSouthernNorthSeainawaterdepthof30m,seeFig.1.Themastisequippedwith
varioussensorstomeasuredifferentatmosphericquantitiessuchaswindvelocityat33,40,50,
60,70,80,90,and100m.High-frequencymeasurementswerecollectedbysonicanemometers
at40,60and80mwithasamplingfrequencyof10Hz,withanorientationof308oinorderto
removethemastshadowzoneduringthedataanalysisstep.DuringtheNORCOWEOBLEX-
F1campaignbetweenMay2015andOctober2016atFINO1,twoadditionalsonicanemometers

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

2

verticalvelocityispositiveintheupdraftregionsatthecloudyedgesofcellsandisnegativeinthe
downdraftregionsatthecloud-freecellcentres.SpatialscalesofthecellintheSouthernNorth
Seavarybetween7kmand80kmwithatemporalscaleofminutestohours.Thespatiotemporal
behaviouroftheOCCsattheirmultiplescalescanbeefficientlycapturedbytheuseofan
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atmosphericforcingconditions.However,thesetypesofsimulationsaresubjectedtoseveral
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LEShigh-frequencytimeseriesatanumberofseparatedpoints.
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•totentativelyassesstheaddedvalueofsimulationswiththesuggestedmultiscaleframework.

•topreliminarystudyandimprovetheunderstandingoftheeffectsofthermally-drivenflows
onwakeevolutionandtheturbineloadbehaviourduringanOCCeventattheareaof
AlphaVentusoffshorewindpark.
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iscompletelyGaussianbyapplyingaso-calledconstrainedturbulencegeneratorthatusesthe
LEShigh-frequencytimeseriesatanumberofseparatedpoints.

Inthispaper,wefirstintroducethesiteanditsenvironmentalconditions.Themethodology
isthengiveninSection3,andthemultiscalemodelresultsandstructuralloadingarepresented
inSection4.Finally,someconclusionsaregiveninthelastsection.

2.Observationaldataandcasestudy
The100-mtallFINO1meteorologicalmast(withcoordinatesof54o0′

53.5”N,6o35′
15.5”E)is

locatedintheSouthernNorthSeainawaterdepthof30m,seeFig.1.Themastisequippedwith
varioussensorstomeasuredifferentatmosphericquantitiessuchaswindvelocityat33,40,50,
60,70,80,90,and100m.High-frequencymeasurementswerecollectedbysonicanemometers
at40,60and80mwithasamplingfrequencyof10Hz,withanorientationof308oinorderto
removethemastshadowzoneduringthedataanalysisstep.DuringtheNORCOWEOBLEX-
F1campaignbetweenMay2015andOctober2016atFINO1,twoadditionalsonicanemometers
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Figure 1. (a) The WRF’s nested domains used in this paper with the horizontal resolutions of
9 km (D01), 3 km (D02), and 1 km (D03); and (b) the WRF’s 1-km domain (D03) along with
the PALM’s two nested domains with horizontal resolutions of 375 m (D04) and 10 m (D05).
The FINO1 platform is indicated by the red markers in both panels.

with a sampling frequency of 25Hz and an orientation angle of 135o were installed at 15m and
20m above the mean sea level. Waves were measured by a Datawell MKIII buoy deployed in
close vicinity of the FINO1 mast.

The Alpha Ventus wind park operating in the vicinity of the FINO1 meteorological mast
covers an area of 4km2 and contains 12 wind turbines (M5000-116) with a hub height of 90 m
and rotor top height of 148 m.

Figure 2-a shows a 10-min averaged time series of wind and wave characteristics at FINO1
and the vicinity for a 12-day period in November 2015, when there exhibits a range of variability
and fluctuations in wind speed corresponding to several OCC events. The wind speed varies from
2 m/s to nearly 25 m/s with the wave height closely correlated with the wind (i.e. suggesting an
almost fully developed sea). During the first period of OCC (between 02 UTC November 22 and
00 UTC November 23), the wave has the heights varying around 3 m and is primarily aligned
with the wind (Fig. 2b). The OCC events are characterized by a warmer ocean surface than
the overlying air (Fig. 2c). The second strong OCC event occurs between 06 UTC November
23 and 00 UTC November 24 when the wind and wave are even more aligned. Table 1 contains
the characteristics of the averaged wind and wave during these two OCC events that occurred
during the study period.

3. Methodology
3.1. WRF multiscale simulation setup
The Advanced Research WRF (ARW) version 4.3 is used for the mesoscale simulations of the
OCC events and wind farm wakes for areas covering the offshore FINO1 meteorological mast.
Figure 1-a represents the three-nested-domain setup of WRF. The outermost parent domain,
D01, has a horizontal grid resolution of 9 km; the intermediate and innermost domains, D02
and D03, use 3-km and 1-km horizontal spacing, respectively. We use 60 vertical η-level with
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Figure1.(a)TheWRF’snesteddomainsusedinthispaperwiththehorizontalresolutionsof
9km(D01),3km(D02),and1km(D03);and(b)theWRF’s1-kmdomain(D03)alongwith
thePALM’stwonesteddomainswithhorizontalresolutionsof375m(D04)and10m(D05).
TheFINO1platformisindicatedbytheredmarkersinbothpanels.

withasamplingfrequencyof25Hzandanorientationangleof135owereinstalledat15mand
20mabovethemeansealevel.WavesweremeasuredbyaDatawellMKIIIbuoydeployedin
closevicinityoftheFINO1mast.

TheAlphaVentuswindparkoperatinginthevicinityoftheFINO1meteorologicalmast
coversanareaof4km2andcontains12windturbines(M5000-116)withahubheightof90m
androtortopheightof148m.

Figure2-ashowsa10-minaveragedtimeseriesofwindandwavecharacteristicsatFINO1
andthevicinityfora12-dayperiodinNovember2015,whenthereexhibitsarangeofvariability
andfluctuationsinwindspeedcorrespondingtoseveralOCCevents.Thewindspeedvariesfrom
2m/stonearly25m/swiththewaveheightcloselycorrelatedwiththewind(i.e.suggestingan
almostfullydevelopedsea).DuringthefirstperiodofOCC(between02UTCNovember22and
00UTCNovember23),thewavehastheheightsvaryingaround3mandisprimarilyaligned
withthewind(Fig.2b).TheOCCeventsarecharacterizedbyawarmeroceansurfacethan
theoverlyingair(Fig.2c).ThesecondstrongOCCeventoccursbetween06UTCNovember
23and00UTCNovember24whenthewindandwaveareevenmorealigned.Table1contains
thecharacteristicsoftheaveragedwindandwaveduringthesetwoOCCeventsthatoccurred
duringthestudyperiod.

3.Methodology
3.1.WRFmultiscalesimulationsetup
TheAdvancedResearchWRF(ARW)version4.3isusedforthemesoscalesimulationsofthe
OCCeventsandwindfarmwakesforareascoveringtheoffshoreFINO1meteorologicalmast.
Figure1-arepresentsthethree-nested-domainsetupofWRF.Theoutermostparentdomain,
D01,hasahorizontalgridresolutionof9km;theintermediateandinnermostdomains,D02
andD03,use3-kmand1-kmhorizontalspacing,respectively.Weuse60verticalη-levelwith
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Figure 1. (a) The WRF’s nested domains used in this paper with the horizontal resolutions of
9 km (D01), 3 km (D02), and 1 km (D03); and (b) the WRF’s 1-km domain (D03) along with
the PALM’s two nested domains with horizontal resolutions of 375 m (D04) and 10 m (D05).
The FINO1 platform is indicated by the red markers in both panels.

with a sampling frequency of 25Hz and an orientation angle of 135o were installed at 15m and
20m above the mean sea level. Waves were measured by a Datawell MKIII buoy deployed in
close vicinity of the FINO1 mast.

The Alpha Ventus wind park operating in the vicinity of the FINO1 meteorological mast
covers an area of 4km2 and contains 12 wind turbines (M5000-116) with a hub height of 90 m
and rotor top height of 148 m.

Figure 2-a shows a 10-min averaged time series of wind and wave characteristics at FINO1
and the vicinity for a 12-day period in November 2015, when there exhibits a range of variability
and fluctuations in wind speed corresponding to several OCC events. The wind speed varies from
2 m/s to nearly 25 m/s with the wave height closely correlated with the wind (i.e. suggesting an
almost fully developed sea). During the first period of OCC (between 02 UTC November 22 and
00 UTC November 23), the wave has the heights varying around 3 m and is primarily aligned
with the wind (Fig. 2b). The OCC events are characterized by a warmer ocean surface than
the overlying air (Fig. 2c). The second strong OCC event occurs between 06 UTC November
23 and 00 UTC November 24 when the wind and wave are even more aligned. Table 1 contains
the characteristics of the averaged wind and wave during these two OCC events that occurred
during the study period.

3. Methodology
3.1. WRF multiscale simulation setup
The Advanced Research WRF (ARW) version 4.3 is used for the mesoscale simulations of the
OCC events and wind farm wakes for areas covering the offshore FINO1 meteorological mast.
Figure 1-a represents the three-nested-domain setup of WRF. The outermost parent domain,
D01, has a horizontal grid resolution of 9 km; the intermediate and innermost domains, D02
and D03, use 3-km and 1-km horizontal spacing, respectively. We use 60 vertical η-level with
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Figure1.(a)TheWRF’snesteddomainsusedinthispaperwiththehorizontalresolutionsof
9km(D01),3km(D02),and1km(D03);and(b)theWRF’s1-kmdomain(D03)alongwith
thePALM’stwonesteddomainswithhorizontalresolutionsof375m(D04)and10m(D05).
TheFINO1platformisindicatedbytheredmarkersinbothpanels.

withasamplingfrequencyof25Hzandanorientationangleof135owereinstalledat15mand
20mabovethemeansealevel.WavesweremeasuredbyaDatawellMKIIIbuoydeployedin
closevicinityoftheFINO1mast.

TheAlphaVentuswindparkoperatinginthevicinityoftheFINO1meteorologicalmast
coversanareaof4km2andcontains12windturbines(M5000-116)withahubheightof90m
androtortopheightof148m.

Figure2-ashowsa10-minaveragedtimeseriesofwindandwavecharacteristicsatFINO1
andthevicinityfora12-dayperiodinNovember2015,whenthereexhibitsarangeofvariability
andfluctuationsinwindspeedcorrespondingtoseveralOCCevents.Thewindspeedvariesfrom
2m/stonearly25m/swiththewaveheightcloselycorrelatedwiththewind(i.e.suggestingan
almostfullydevelopedsea).DuringthefirstperiodofOCC(between02UTCNovember22and
00UTCNovember23),thewavehastheheightsvaryingaround3mandisprimarilyaligned
withthewind(Fig.2b).TheOCCeventsarecharacterizedbyawarmeroceansurfacethan
theoverlyingair(Fig.2c).ThesecondstrongOCCeventoccursbetween06UTCNovember
23and00UTCNovember24whenthewindandwaveareevenmorealigned.Table1contains
thecharacteristicsoftheaveragedwindandwaveduringthesetwoOCCeventsthatoccurred
duringthestudyperiod.

3.Methodology
3.1.WRFmultiscalesimulationsetup
TheAdvancedResearchWRF(ARW)version4.3isusedforthemesoscalesimulationsofthe
OCCeventsandwindfarmwakesforareascoveringtheoffshoreFINO1meteorologicalmast.
Figure1-arepresentsthethree-nested-domainsetupofWRF.Theoutermostparentdomain,
D01,hasahorizontalgridresolutionof9km;theintermediateandinnermostdomains,D02
andD03,use3-kmand1-kmhorizontalspacing,respectively.Weuse60verticalη-levelwith
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Figure1.(a)TheWRF’snesteddomainsusedinthispaperwiththehorizontalresolutionsof
9km(D01),3km(D02),and1km(D03);and(b)theWRF’s1-kmdomain(D03)alongwith
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duringthestudyperiod.

3.Methodology
3.1.WRFmultiscalesimulationsetup
TheAdvancedResearchWRF(ARW)version4.3isusedforthemesoscalesimulationsofthe
OCCeventsandwindfarmwakesforareascoveringtheoffshoreFINO1meteorologicalmast.
Figure1-arepresentsthethree-nested-domainsetupofWRF.Theoutermostparentdomain,
D01,hasahorizontalgridresolutionof9km;theintermediateandinnermostdomains,D02
andD03,use3-kmand1-kmhorizontalspacing,respectively.Weuse60verticalη-levelwith

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

3
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Figure 2. Time series during a 12-day period in November 2015 of (a) 33-wind speed measured
by the 33-m height cup anemometer on the FINO1 met-mast (U33, black line) and significant
wave height measured by a moored buoy in the vicinity of FINO1 ( Hs, red line); (b) wind
direction at 33 m height measured by FINO1’s wind vane (black dots) and wave direction (red
dots); and (c) Sea Surface Temperature (SST) (black line) and air temperature at 40 m (red
line). The red shaded area between November 22–24 highlights the WRF simulation period.

the highest vertical grid resolution near the surface for all three domains with 21 levels below
500 m (covering appropriately the measurement heights and the rotor plane area of turbines).

We initialized WRF with ERA5 reanalysis data and conducted a 2-day WRF simulation
between November 22 and 24, 2015 (in which convective cells were generated and propagated
over the FINO1 and Alpha Ventus wind park regions) using the contiguous US (CONUS) physics
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the highest vertical grid resolution near the surface for all three domains with 21 levels below
500 m (covering appropriately the measurement heights and the rotor plane area of turbines).

We initialized WRF with ERA5 reanalysis data and conducted a 2-day WRF simulation
between November 22 and 24, 2015 (in which convective cells were generated and propagated
over the FINO1 and Alpha Ventus wind park regions) using the contiguous US (CONUS) physics
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Figure2.Timeseriesduringa12-dayperiodinNovember2015of(a)33-windspeedmeasured
bythe33-mheightcupanemometerontheFINO1met-mast(U33,blackline)andsignificant
waveheightmeasuredbyamooredbuoyinthevicinityofFINO1(Hs,redline);(b)wind
directionat33mheightmeasuredbyFINO1’swindvane(blackdots)andwavedirection(red
dots);and(c)SeaSurfaceTemperature(SST)(blackline)andairtemperatureat40m(red
line).TheredshadedareabetweenNovember22–24highlightstheWRFsimulationperiod.

thehighestverticalgridresolutionnearthesurfaceforallthreedomainswith21levelsbelow
500m(coveringappropriatelythemeasurementheightsandtherotorplaneareaofturbines).

WeinitializedWRFwithERA5reanalysisdataandconducteda2-dayWRFsimulation
betweenNovember22and24,2015(inwhichconvectivecellsweregeneratedandpropagated
overtheFINO1andAlphaVentuswindparkregions)usingthecontiguousUS(CONUS)physics
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Table 1. Summary of the averaged wind and wave data sets during two OCC events between
November 22 and 24 2015. Here, Tp denotes the wave peak period, measured by the buoy nearby
the FINO1 location.

Variables U33 [m/s] Wind direction [o] Hs [m] Tp [s] Wave direction [o]

OCC1 14.3 251.0 3.2 8.4 337.0
OCC2 8.8 212.2 1.5 6.1 259.0

suite configuration. The physics suite contains the microphysics parameterisation developed by
Thompson et al. (2008) [12], the Rapid Radiative Transfer Model and Dudhia schemes [13]
for longwave and shortwave radiation calculations, the Tiedtke cumulus parameterisation, the
eta similarity scheme for the surface layer parameterisation, and the unified Noah land surface
model. We considered a spin-up time of 12 h and we did not apply the data assimilation
technique in this study. We used the MYNN planetary boundary layer scheme to enable the
use of the wind farm parameterization using the Fitch scheme [5]. Furthermore, we use the
Met Office’s Operational Sea-surface Temperature and Sea Ice Analysis (OSTIA) dataset due
to the importance of the SST to study the OCC transient event. The daily OSTIA data are
interpolated in time in order to match with hourly ERA5 input data.

3.2. PALM microscale simulation setup
We used the PALM model (version 21.10) to study the flow field variability in the area of
the Alpha Ventus wind park and to provide (Gaussian) turbulent inflow boundary information
for the wind turbine load study. PALM is an open-source LES code that models both the
atmosphere and the ocean and is based on solving the non-hydrostatic incompressible Boussinesq
approximation, along with the mass and energy conservation equations [8, 9]. Effects of turbines
in the PALM are based on an Actuator Disk Model with Rotation (ADM-R). We used the ADM-
R parameters to account for the NREL 5 MW reference turbine and to model the turbine/farm-
affected flow fields in the area of Alpha Ventus wind park.

The PALM simulation domains are shown in Fig. 1-b. The parent domain covers the study
site with a size of approximately 141 km (east-west)× 141 km (south-north). The grid sizes of
this domain are ∆x = ∆y = 275 m and ∆z = 40 m. The twelve wind turbines of the Alpha
Ventus locates within the child domain with the grid sizes of ∆x = ∆y = 11 m and ∆z = 5m.

3.3. Meso-to-microscale modeling system
With the offline nesting strategy, non-cyclic boundary conditions are applied to achieve a
more realistic meteorological representations inside the PALM domain. Instead, the WRF
outputs are used to create lateral and top boundary conditions for PALM, which include
[10]: thermodynamics and velocity fields; vertical grid structure; soil information; and some
geographical information. The boundary conditions for the PALM’s outer domain are updated
every 10 minutes, which is the WRF’s output frequency. Since the WRF outputs do not contain
turbulence, a synthetic turbulence generator is then used to generate the turbulence in time and
space.

3.4. Structural analysis code
We conducted aeroelastic simulations based on the open-source software FASTv8 (developed by
NREL) to model wind turbine responses during the frontal passage [7]. FAST contains embedded
subroutines for the aerodynamic code that works based on the blade element momentum theory
and the hydrodynamic module. Using a constraint turbulence generator (here TurbSim) and LES
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Table1.SummaryoftheaveragedwindandwavedatasetsduringtwoOCCeventsbetween
November22and242015.Here,Tpdenotesthewavepeakperiod,measuredbythebuoynearby
theFINO1location.

VariablesU33[m/s]Winddirection[o]Hs[m]Tp[s]Wavedirection[o]

OCC114.3251.03.28.4337.0
OCC28.8212.21.56.1259.0

suiteconfiguration.Thephysicssuitecontainsthemicrophysicsparameterisationdevelopedby
Thompsonetal.(2008)[12],theRapidRadiativeTransferModelandDudhiaschemes[13]
forlongwaveandshortwaveradiationcalculations,theTiedtkecumulusparameterisation,the
etasimilarityschemeforthesurfacelayerparameterisation,andtheunifiedNoahlandsurface
model.Weconsideredaspin-uptimeof12handwedidnotapplythedataassimilation
techniqueinthisstudy.WeusedtheMYNNplanetaryboundarylayerschemetoenablethe
useofthewindfarmparameterizationusingtheFitchscheme[5].Furthermore,weusethe
MetOffice’sOperationalSea-surfaceTemperatureandSeaIceAnalysis(OSTIA)datasetdue
totheimportanceoftheSSTtostudytheOCCtransientevent.ThedailyOSTIAdataare
interpolatedintimeinordertomatchwithhourlyERA5inputdata.

3.2.PALMmicroscalesimulationsetup
WeusedthePALMmodel(version21.10)tostudytheflowfieldvariabilityintheareaof
theAlphaVentuswindparkandtoprovide(Gaussian)turbulentinflowboundaryinformation
forthewindturbineloadstudy.PALMisanopen-sourceLEScodethatmodelsboththe
atmosphereandtheoceanandisbasedonsolvingthenon-hydrostaticincompressibleBoussinesq
approximation,alongwiththemassandenergyconservationequations[8,9].Effectsofturbines
inthePALMarebasedonanActuatorDiskModelwithRotation(ADM-R).WeusedtheADM-
RparameterstoaccountfortheNREL5MWreferenceturbineandtomodeltheturbine/farm-
affectedflowfieldsintheareaofAlphaVentuswindpark.

ThePALMsimulationdomainsareshowninFig.1-b.Theparentdomaincoversthestudy
sitewithasizeofapproximately141km(east-west)×141km(south-north).Thegridsizesof
thisdomainare∆x=∆y=275mand∆z=40m.ThetwelvewindturbinesoftheAlpha
Ventuslocateswithinthechilddomainwiththegridsizesof∆x=∆y=11mand∆z=5m.

3.3.Meso-to-microscalemodelingsystem
Withtheofflinenestingstrategy,non-cyclicboundaryconditionsareappliedtoachievea
morerealisticmeteorologicalrepresentationsinsidethePALMdomain.Instead,theWRF
outputsareusedtocreatelateralandtopboundaryconditionsforPALM,whichinclude
[10]:thermodynamicsandvelocityfields;verticalgridstructure;soilinformation;andsome
geographicalinformation.TheboundaryconditionsforthePALM’souterdomainareupdated
every10minutes,whichistheWRF’soutputfrequency.SincetheWRFoutputsdonotcontain
turbulence,asyntheticturbulencegeneratoristhenusedtogeneratetheturbulenceintimeand
space.

3.4.Structuralanalysiscode
Weconductedaeroelasticsimulationsbasedontheopen-sourcesoftwareFASTv8(developedby
NREL)tomodelwindturbineresponsesduringthefrontalpassage[7].FASTcontainsembedded
subroutinesfortheaerodynamiccodethatworksbasedonthebladeelementmomentumtheory
andthehydrodynamicmodule.Usingaconstraintturbulencegenerator(hereTurbSim)andLES
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time series (with a sampling frequency of 25 Hz) at vertical points located at FINO1 distributed
over different heights from the near-surface (7.5 m) to below 250 m (so-called constraint points
or pattern), we created the (Gaussian) inflow (3D turbulent wind fields) for the FAST program
that computes then the time-series of blade momentums and forces. The FAST simulations
are made on a 5-MW tripod-foundation wind turbine. The hydrodynamic loads (by HydroDyn
FAST) on the supporting structure are modelled for the irregular waves (we use JONSWAP
empirical spectrum to reconstruct the irregular waves based on wave bulk parameters measured
during the study period).

Figure 3. (a) The terra/MODIS satellite cloud image at 00 UTC November 22, 2015, from
https://wvs.earthdata.nasa.gov; and the WRF vertical velocities at 100-m height at (b) 06 UTC
November 22; (c) 10 UTC November 22; and (d) 17 UTC November 23 respectively.

The stochastic wind was generated by TurbSim on a 16 × 16 grid with ∼ 13-m width. The
model uses time series of PALM at the constraint points and coherence parameters from model
datasets as inputs. The PALM 25-Hz wind is aligned with the mean wind at each point in space
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timeseries(withasamplingfrequencyof25Hz)atverticalpointslocatedatFINO1distributed
overdifferentheightsfromthenear-surface(7.5m)tobelow250m(so-calledconstraintpoints
orpattern),wecreatedthe(Gaussian)inflow(3Dturbulentwindfields)fortheFASTprogram
thatcomputesthenthetime-seriesofblademomentumsandforces.TheFASTsimulations
aremadeona5-MWtripod-foundationwindturbine.Thehydrodynamicloads(byHydroDyn
FAST)onthesupportingstructurearemodelledfortheirregularwaves(weuseJONSWAP
empiricalspectrumtoreconstructtheirregularwavesbasedonwavebulkparametersmeasured
duringthestudyperiod).

Figure3.(a)Theterra/MODISsatellitecloudimageat00UTCNovember22,2015,from
https://wvs.earthdata.nasa.gov;andtheWRFverticalvelocitiesat100-mheightat(b)06UTC
November22;(c)10UTCNovember22;and(d)17UTCNovember23respectively.

ThestochasticwindwasgeneratedbyTurbSimona16×16gridwith∼13-mwidth.The
modelusestimeseriesofPALMattheconstraintpointsandcoherenceparametersfrommodel
datasetsasinputs.ThePALM25-Hzwindisalignedwiththemeanwindateachpointinspace
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and the Davenport coherence in the TurbSim simulator, γ, is applied as follows:

γ(f) = exp

(
−C

fδ

ū

)
, (1)

with the parameters estimated from the coherence in the PALM high-frequency wind data. Here,
f denotes frequency, δ is the separation distance between the locations of two given time series,
ū is the mean wind speed, and C represents a decay coefficient (C can be computed separately
for each velocity component). The surface roughness, power-law exponent for the wind profile,
and wave parameters are found from the wind and wave measurements (see Table 1). In this
paper, we used three load quantities calculated by FAST: the rotor speed Ft, the blade pitch,
and blade 1 out-of-plane deflection.

4. Results
In this work, we study the OCC event that occurred on November 22, 2015, and Fig. 3-a shows
the observed hexagonal cloud patterns of this event from the satellite image over the North Sea.
This transient event was the result of a cold air outbreak when the cold and dry air behind
an extratropical cyclone was advected from the north-northwest over a relatively warmer ocean
surface (see Fig. 2-c). Figure 3-a provides a qualitative impression of the sizes, distributions,
and locations of the convective cells over the North Sea and particularly over the study site. The
OCC structures are revealed in the snapshots of vertical velocity at 100-m height from the WRF
simulation at 1-km resolution (Fig. 3b-d). The wind parks operating in the Southern North
Sea may experience substantial and harsh wind speed and wind direction differences during the
passage of this front. In such convective conditions, both turbulence vertical/lateral mixing as
well as the increase of unstable stratification, lead to narrow updraft edges (positive vertical
velocity) and downdraft regions (negative vertical velocity at cell centres). Qualitative and
visual comparisons between WRF model results and the satellite image suggest some general
similarities in spatial distributions of cells over the North Sea. This event remains strong until
approximately 20 UTC November 22, 2015 (Fig. 3-d).

Figures 4a-b show the WRF simulations of horizontal wind speed and vertical velocity
extracted at the closest grid point to the FINO1 location (see Section 2 and Fig. 1). Short-
timescale fluctuations are produced by WRF for both horizontal and vertical wind components
under the OCC, and the patterns of convective circulation are observed clearly through the
diverging downdrafts and the converging updrafts. TheWRF simulation performed well when we
compare the 100-m wind speed with the observation (Fig. 4c). Figure 4c also shows significant
fluctuations during the passage of convective cells, where the WRF successfully captures the
locations of cells and some of the variations.

For the LES simulation, we coupled WRF with the PALM model through a one-way,
offline nesting approach. We first run the mesoscale simulation (i.e. WRF with domains
D01–D03) for the entire study period and created the boundary file from the 1-km (D03)
resolution results to force the flow fields inside the PALM parent domain (D04), which were then
nested onto the innermost domain (D05) through PALM-PALM nesting scheme. We conducted
two microscale experiments to simulate high-frequency time series of wind speed at different
heights at the location of FINO1 met-mast: (1) before the first frontal passage (starting from
00UTC, November 22) for 20min); and (2) the onset of the first OCC event (starting from
02 UTC, November 22 for 20min). Within D05, we included 12 5-MW NREL wind turbines
at geographical locations of Alpha Ventus turbines. Besides the general mean outputs, we
included the 25-Hz high-frequency sampling outputs at points covering the rotor area of one
turbine in the first row of Alpha Ventus farm to study the non-Gaussian turbulence later on,
as well as vertically distributed points at the geographical location of FINO1 to be used in the
Gaussian wind generator TurbSim. While the more thorough validation of WRF-PALM results
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andtheDavenportcoherenceintheTurbSimsimulator,γ,isappliedasfollows:

γ(f)=exp

(
−C

fδ

ū

)
,(1)

withtheparametersestimatedfromthecoherenceinthePALMhigh-frequencywinddata.Here,
fdenotesfrequency,δistheseparationdistancebetweenthelocationsoftwogiventimeseries,
ūisthemeanwindspeed,andCrepresentsadecaycoefficient(Ccanbecomputedseparately
foreachvelocitycomponent).Thesurfaceroughness,power-lawexponentforthewindprofile,
andwaveparametersarefoundfromthewindandwavemeasurements(seeTable1).Inthis
paper,weusedthreeloadquantitiescalculatedbyFAST:therotorspeedFt,thebladepitch,
andblade1out-of-planedeflection.

4.Results
Inthiswork,westudytheOCCeventthatoccurredonNovember22,2015,andFig.3-ashows
theobservedhexagonalcloudpatternsofthiseventfromthesatelliteimageovertheNorthSea.
Thistransienteventwastheresultofacoldairoutbreakwhenthecoldanddryairbehind
anextratropicalcyclonewasadvectedfromthenorth-northwestoverarelativelywarmerocean
surface(seeFig.2-c).Figure3-aprovidesaqualitativeimpressionofthesizes,distributions,
andlocationsoftheconvectivecellsovertheNorthSeaandparticularlyoverthestudysite.The
OCCstructuresarerevealedinthesnapshotsofverticalvelocityat100-mheightfromtheWRF
simulationat1-kmresolution(Fig.3b-d).ThewindparksoperatingintheSouthernNorth
Seamayexperiencesubstantialandharshwindspeedandwinddirectiondifferencesduringthe
passageofthisfront.Insuchconvectiveconditions,bothturbulencevertical/lateralmixingas
wellastheincreaseofunstablestratification,leadtonarrowupdraftedges(positivevertical
velocity)anddowndraftregions(negativeverticalvelocityatcellcentres).Qualitativeand
visualcomparisonsbetweenWRFmodelresultsandthesatelliteimagesuggestsomegeneral
similaritiesinspatialdistributionsofcellsovertheNorthSea.Thiseventremainsstronguntil
approximately20UTCNovember22,2015(Fig.3-d).

Figures4a-bshowtheWRFsimulationsofhorizontalwindspeedandverticalvelocity
extractedattheclosestgridpointtotheFINO1location(seeSection2andFig.1).Short-
timescalefluctuationsareproducedbyWRFforbothhorizontalandverticalwindcomponents
undertheOCC,andthepatternsofconvectivecirculationareobservedclearlythroughthe
divergingdowndraftsandtheconvergingupdrafts.TheWRFsimulationperformedwellwhenwe
comparethe100-mwindspeedwiththeobservation(Fig.4c).Figure4calsoshowssignificant
fluctuationsduringthepassageofconvectivecells,wheretheWRFsuccessfullycapturesthe
locationsofcellsandsomeofthevariations.

FortheLESsimulation,wecoupledWRFwiththePALMmodelthroughaone-way,
offlinenestingapproach.Wefirstrunthemesoscalesimulation(i.e.WRFwithdomains
D01–D03)fortheentirestudyperiodandcreatedtheboundaryfilefromthe1-km(D03)
resolutionresultstoforcetheflowfieldsinsidethePALMparentdomain(D04),whichwerethen
nestedontotheinnermostdomain(D05)throughPALM-PALMnestingscheme.Weconducted
twomicroscaleexperimentstosimulatehigh-frequencytimeseriesofwindspeedatdifferent
heightsatthelocationofFINO1met-mast:(1)beforethefirstfrontalpassage(startingfrom
00UTC,November22)for20min);and(2)theonsetofthefirstOCCevent(startingfrom
02UTC,November22for20min).WithinD05,weincluded125-MWNRELwindturbines
atgeographicallocationsofAlphaVentusturbines.Besidesthegeneralmeanoutputs,we
includedthe25-Hzhigh-frequencysamplingoutputsatpointscoveringtherotorareaofone
turbineinthefirstrowofAlphaVentusfarmtostudythenon-Gaussianturbulencelateron,
aswellasverticallydistributedpointsatthegeographicallocationofFINO1tobeusedinthe
GaussianwindgeneratorTurbSim.WhilethemorethoroughvalidationofWRF-PALMresults
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and the Davenport coherence in the TurbSim simulator, γ, is applied as follows:

γ(f) = exp

(
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)
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with the parameters estimated from the coherence in the PALM high-frequency wind data. Here,
f denotes frequency, δ is the separation distance between the locations of two given time series,
ū is the mean wind speed, and C represents a decay coefficient (C can be computed separately
for each velocity component). The surface roughness, power-law exponent for the wind profile,
and wave parameters are found from the wind and wave measurements (see Table 1). In this
paper, we used three load quantities calculated by FAST: the rotor speed Ft, the blade pitch,
and blade 1 out-of-plane deflection.

4. Results
In this work, we study the OCC event that occurred on November 22, 2015, and Fig. 3-a shows
the observed hexagonal cloud patterns of this event from the satellite image over the North Sea.
This transient event was the result of a cold air outbreak when the cold and dry air behind
an extratropical cyclone was advected from the north-northwest over a relatively warmer ocean
surface (see Fig. 2-c). Figure 3-a provides a qualitative impression of the sizes, distributions,
and locations of the convective cells over the North Sea and particularly over the study site. The
OCC structures are revealed in the snapshots of vertical velocity at 100-m height from the WRF
simulation at 1-km resolution (Fig. 3b-d). The wind parks operating in the Southern North
Sea may experience substantial and harsh wind speed and wind direction differences during the
passage of this front. In such convective conditions, both turbulence vertical/lateral mixing as
well as the increase of unstable stratification, lead to narrow updraft edges (positive vertical
velocity) and downdraft regions (negative vertical velocity at cell centres). Qualitative and
visual comparisons between WRF model results and the satellite image suggest some general
similarities in spatial distributions of cells over the North Sea. This event remains strong until
approximately 20 UTC November 22, 2015 (Fig. 3-d).

Figures 4a-b show the WRF simulations of horizontal wind speed and vertical velocity
extracted at the closest grid point to the FINO1 location (see Section 2 and Fig. 1). Short-
timescale fluctuations are produced by WRF for both horizontal and vertical wind components
under the OCC, and the patterns of convective circulation are observed clearly through the
diverging downdrafts and the converging updrafts. TheWRF simulation performed well when we
compare the 100-m wind speed with the observation (Fig. 4c). Figure 4c also shows significant
fluctuations during the passage of convective cells, where the WRF successfully captures the
locations of cells and some of the variations.

For the LES simulation, we coupled WRF with the PALM model through a one-way,
offline nesting approach. We first run the mesoscale simulation (i.e. WRF with domains
D01–D03) for the entire study period and created the boundary file from the 1-km (D03)
resolution results to force the flow fields inside the PALM parent domain (D04), which were then
nested onto the innermost domain (D05) through PALM-PALM nesting scheme. We conducted
two microscale experiments to simulate high-frequency time series of wind speed at different
heights at the location of FINO1 met-mast: (1) before the first frontal passage (starting from
00UTC, November 22) for 20min); and (2) the onset of the first OCC event (starting from
02 UTC, November 22 for 20min). Within D05, we included 12 5-MW NREL wind turbines
at geographical locations of Alpha Ventus turbines. Besides the general mean outputs, we
included the 25-Hz high-frequency sampling outputs at points covering the rotor area of one
turbine in the first row of Alpha Ventus farm to study the non-Gaussian turbulence later on,
as well as vertically distributed points at the geographical location of FINO1 to be used in the
Gaussian wind generator TurbSim. While the more thorough validation of WRF-PALM results
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andtheDavenportcoherenceintheTurbSimsimulator,γ,isappliedasfollows:

γ(f)=exp

(
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fδ

ū

)
,(1)

withtheparametersestimatedfromthecoherenceinthePALMhigh-frequencywinddata.Here,
fdenotesfrequency,δistheseparationdistancebetweenthelocationsoftwogiventimeseries,
ūisthemeanwindspeed,andCrepresentsadecaycoefficient(Ccanbecomputedseparately
foreachvelocitycomponent).Thesurfaceroughness,power-lawexponentforthewindprofile,
andwaveparametersarefoundfromthewindandwavemeasurements(seeTable1).Inthis
paper,weusedthreeloadquantitiescalculatedbyFAST:therotorspeedFt,thebladepitch,
andblade1out-of-planedeflection.

4.Results
Inthiswork,westudytheOCCeventthatoccurredonNovember22,2015,andFig.3-ashows
theobservedhexagonalcloudpatternsofthiseventfromthesatelliteimageovertheNorthSea.
Thistransienteventwastheresultofacoldairoutbreakwhenthecoldanddryairbehind
anextratropicalcyclonewasadvectedfromthenorth-northwestoverarelativelywarmerocean
surface(seeFig.2-c).Figure3-aprovidesaqualitativeimpressionofthesizes,distributions,
andlocationsoftheconvectivecellsovertheNorthSeaandparticularlyoverthestudysite.The
OCCstructuresarerevealedinthesnapshotsofverticalvelocityat100-mheightfromtheWRF
simulationat1-kmresolution(Fig.3b-d).ThewindparksoperatingintheSouthernNorth
Seamayexperiencesubstantialandharshwindspeedandwinddirectiondifferencesduringthe
passageofthisfront.Insuchconvectiveconditions,bothturbulencevertical/lateralmixingas
wellastheincreaseofunstablestratification,leadtonarrowupdraftedges(positivevertical
velocity)anddowndraftregions(negativeverticalvelocityatcellcentres).Qualitativeand
visualcomparisonsbetweenWRFmodelresultsandthesatelliteimagesuggestsomegeneral
similaritiesinspatialdistributionsofcellsovertheNorthSea.Thiseventremainsstronguntil
approximately20UTCNovember22,2015(Fig.3-d).

Figures4a-bshowtheWRFsimulationsofhorizontalwindspeedandverticalvelocity
extractedattheclosestgridpointtotheFINO1location(seeSection2andFig.1).Short-
timescalefluctuationsareproducedbyWRFforbothhorizontalandverticalwindcomponents
undertheOCC,andthepatternsofconvectivecirculationareobservedclearlythroughthe
divergingdowndraftsandtheconvergingupdrafts.TheWRFsimulationperformedwellwhenwe
comparethe100-mwindspeedwiththeobservation(Fig.4c).Figure4calsoshowssignificant
fluctuationsduringthepassageofconvectivecells,wheretheWRFsuccessfullycapturesthe
locationsofcellsandsomeofthevariations.

FortheLESsimulation,wecoupledWRFwiththePALMmodelthroughaone-way,
offlinenestingapproach.Wefirstrunthemesoscalesimulation(i.e.WRFwithdomains
D01–D03)fortheentirestudyperiodandcreatedtheboundaryfilefromthe1-km(D03)
resolutionresultstoforcetheflowfieldsinsidethePALMparentdomain(D04),whichwerethen
nestedontotheinnermostdomain(D05)throughPALM-PALMnestingscheme.Weconducted
twomicroscaleexperimentstosimulatehigh-frequencytimeseriesofwindspeedatdifferent
heightsatthelocationofFINO1met-mast:(1)beforethefirstfrontalpassage(startingfrom
00UTC,November22)for20min);and(2)theonsetofthefirstOCCevent(startingfrom
02UTC,November22for20min).WithinD05,weincluded125-MWNRELwindturbines
atgeographicallocationsofAlphaVentusturbines.Besidesthegeneralmeanoutputs,we
includedthe25-Hzhigh-frequencysamplingoutputsatpointscoveringtherotorareaofone
turbineinthefirstrowofAlphaVentusfarmtostudythenon-Gaussianturbulencelateron,
aswellasverticallydistributedpointsatthegeographicallocationofFINO1tobeusedinthe
GaussianwindgeneratorTurbSim.WhilethemorethoroughvalidationofWRF-PALMresults
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Figure 4. Time-height section at FINO1 over the study period November 22–24 2015 for (a)
WRF’s horizontal wind speed and (b) WRF’s vertical velocity. Panel (c) compares the WRF’s
wind speed at 50-m height (red line) and measurements from FINO1’s cup anemometer (black
line). Shaded yellow areas in (b) and (c) show the periods of OCCs.

will be done in our next study, we illustrate the capability of our coupled WRF-PALM system
to simulate the wind variability and the turbine wake before and during the OCC passage in
Fig. 5. Before the frontal passage, the background flow is almost north-northeasterly which
then rotates gradually to north-northwesterly as the front enters the farm region. It is observed
that the yaw control of turbines may contribute to the wake meandering by turbines (we do
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Figure 5. Hub-height wind speed comparison of PALM model results at child domain at the
times: (a) before frontal passage; (b) close to the OCC event but still before its passage; (c)
when OCC is entering the Alpha Ventus region; and (d) during the OCC event.

parameters of the simulator will be fitted to the measured time series at the given constraint
spatial pattern. Figure 6 displays the power spectra of times series at two different heights
(7.5 m in the left panels and 147.5 m in the right panels) to examine how large scale turbulent
structures, as well as the inertial subrange, are extended before (hence. PREOCC) and during
the OCC event. The enhanced variability in the wind energy is pronounced across almost all
frequencies during open cells, particularly close to the sea surface.

Two sets of wind fields are generated for the PREOCC and OCC conditions. The 20min wind
fields are fitted to the PALM time series at FINO1. Figure 7 shows the generated constraint wind
fields by TurbSim simulator (hereafter TIMESER) for two cases. In the Davenport model of the
TurbSim, we assumed equal decay parameters for horizontal and vertical separation distances.
Note that the PALM generated wind fields may not be appropriately stationary and this will
be explored and discussed in our future study.
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Figure 6. Comparisons of wind power spectra of PREOCC and OCC timeseries at FINO1
location at heights of 7.5m (a,c,e) and 147.5m (b,d,f) above the mean sea level. Puu, Pvv, and
Pww denote the power spectra of horizontal and vertical wind components, respectively.

We calculate the aerodynamic loads by the use of wind inflows according to TIMESER for
PREOCC and OCC conditions. A time step of 0.05 s and a total length of 600s are used in the
FAST simulations. We drop the first 200s of simulations as the spin-up time of the model. Figure
8 shows the various response spectra of the following quantities: ”OopDefl1” that represents
the instantaneous out-of-plane tip deflections of blade 1 relative to the undeflected pitch axis;
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WecalculatetheaerodynamicloadsbytheuseofwindinflowsaccordingtoTIMESERfor
PREOCCandOCCconditions.Atimestepof0.05sandatotallengthof600sareusedinthe
FASTsimulations.Wedropthefirst200sofsimulationsasthespin-uptimeofthemodel.Figure
8showsthevariousresponsespectraofthefollowingquantities:”OopDefl1”thatrepresents
theinstantaneousout-of-planetipdeflectionsofblade1relativetotheundeflectedpitchaxis;
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locationatheightsof7.5m(a,c,e)and147.5m(b,d,f)abovethemeansealevel.Puu,Pvv,and
Pwwdenotethepowerspectraofhorizontalandverticalwindcomponents,respectively.

WecalculatetheaerodynamicloadsbytheuseofwindinflowsaccordingtoTIMESERfor
PREOCCandOCCconditions.Atimestepof0.05sandatotallengthof600sareusedinthe
FASTsimulations.Wedropthefirst200sofsimulationsasthespin-uptimeofthemodel.Figure
8showsthevariousresponsespectraofthefollowingquantities:”OopDefl1”thatrepresents
theinstantaneousout-of-planetipdeflectionsofblade1relativetotheundeflectedpitchaxis;

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

10

Figure6.ComparisonsofwindpowerspectraofPREOCCandOCCtimeseriesatFINO1
locationatheightsof7.5m(a,c,e)and147.5m(b,d,f)abovethemeansealevel.Puu,Pvv,and
Pwwdenotethepowerspectraofhorizontalandverticalwindcomponents,respectively.

WecalculatetheaerodynamicloadsbytheuseofwindinflowsaccordingtoTIMESERfor
PREOCCandOCCconditions.Atimestepof0.05sandatotallengthof600sareusedinthe
FASTsimulations.Wedropthefirst200sofsimulationsasthespin-uptimeofthemodel.Figure
8showsthevariousresponsespectraofthefollowingquantities:”OopDefl1”thatrepresents
theinstantaneousout-of-planetipdeflectionsofblade1relativetotheundeflectedpitchaxis;

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

10

Figure6.ComparisonsofwindpowerspectraofPREOCCandOCCtimeseriesatFINO1
locationatheightsof7.5m(a,c,e)and147.5m(b,d,f)abovethemeansealevel.Puu,Pvv,and
Pwwdenotethepowerspectraofhorizontalandverticalwindcomponents,respectively.

WecalculatetheaerodynamicloadsbytheuseofwindinflowsaccordingtoTIMESERfor
PREOCCandOCCconditions.Atimestepof0.05sandatotallengthof600sareusedinthe
FASTsimulations.Wedropthefirst200sofsimulationsasthespin-uptimeofthemodel.Figure
8showsthevariousresponsespectraofthefollowingquantities:”OopDefl1”thatrepresents
theinstantaneousout-of-planetipdeflectionsofblade1relativetotheundeflectedpitchaxis;



EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series 2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1” that indicates the pitch angle of the first blade; and the ”RotSpeed” that represents
the rotor speed. In Fig. 8-a, the effect of OCC can be observed through its oscillatory behaviour
on the out-of-plane blade tip deflection, the rotor speed, and the blade pitch angle (pitch angle
during PREOCC is 0 degree and is not shown here). During the transient event, the variation
of the wind inflows relative to the rotor induces oscillations in the rotor speed. The control
system adjusts then the fluctuating power through the control of blade pitch angle (as shown in
Fig. 8b, red line). PSDs in Fig. 8c show very different variations at low frequencies and PSDs
in Fig. 8d show very similar behaviour with comparable energy levels at very low frequencies
(and elevated energy levels at higher frequencies). The maximum OopDefl1 (of approximately
6m) occurs when wind speed drops and the pitch angle of the blade becomes 0o.

Figure 7. Three-dimensional turbulent wind boxes simulated by TurbSim constrained by 30
vertical points at FINO1 during: (a,b,c) OCC event; and (d,e,f) PREOCC event.

5. Conclusions
In this study, we presented a multi-scale modelling framework to simulate tentatively the
propagation of the wind turbine wake as well as structural loads under a thermally-driven
transient event (i.e. OCC). We utilized four model components in our model chain including:
the WRF mesoscale model with three nested domains; the PALM microscale model with two
nested domains combined with the actuator disk model with rotation; the TurbSim model
generating the constraint turbulent wind fields; and finally the NREL FASTv8 structural code
for investigating very briefly the structural responses of a 5-MW NREL wind turbine.

We implemented the offline nesting approach from the WRF to the PALM and conducted
two experiments of WRF-PALM before the OCC (but very close to the onset of the OCC,
PREOCC) and during the OCC event respectively. It was shown that the open convective cells
modulate strongly the wake spatiotemporal evolution and load behaviour. Results preliminary
showed the wake and load variations in the Alpha Ventus wind farm under OCC conditions and
underlined the importance of using a multiscale framework to better understand the flow field
and its variability, particularly during transient events in the offshore wind park regions.

We further explore the structural responses for the OCC event against another PREOCC
event, in which the flow fields and environmental conditions are approximately similar to the
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Fig.8b,redline).PSDsinFig.8cshowverydifferentvariationsatlowfrequenciesandPSDs
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propagationofthewindturbinewakeaswellasstructuralloadsunderathermally-driven
transientevent(i.e.OCC).Weutilizedfourmodelcomponentsinourmodelchainincluding:
theWRFmesoscalemodelwiththreenesteddomains;thePALMmicroscalemodelwithtwo
nesteddomainscombinedwiththeactuatordiskmodelwithrotation;theTurbSimmodel
generatingtheconstraintturbulentwindfields;andfinallytheNRELFASTv8structuralcode
forinvestigatingverybrieflythestructuralresponsesofa5-MWNRELwindturbine.

WeimplementedtheofflinenestingapproachfromtheWRFtothePALMandconducted
twoexperimentsofWRF-PALMbeforetheOCC(butveryclosetotheonsetoftheOCC,
PREOCC)andduringtheOCCeventrespectively.Itwasshownthattheopenconvectivecells
modulatestronglythewakespatiotemporalevolutionandloadbehaviour.Resultspreliminary
showedthewakeandloadvariationsintheAlphaVentuswindfarmunderOCCconditionsand
underlinedtheimportanceofusingamultiscaleframeworktobetterunderstandtheflowfield
anditsvariability,particularlyduringtransienteventsintheoffshorewindparkregions.

WefurtherexplorethestructuralresponsesfortheOCCeventagainstanotherPREOCC
event,inwhichtheflowfieldsandenvironmentalconditionsareapproximatelysimilartothe

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1”thatindicatesthepitchangleofthefirstblade;andthe”RotSpeed”thatrepresents
therotorspeed.InFig.8-a,theeffectofOCCcanbeobservedthroughitsoscillatorybehaviour
ontheout-of-planebladetipdeflection,therotorspeed,andthebladepitchangle(pitchangle
duringPREOCCis0degreeandisnotshownhere).Duringthetransientevent,thevariation
ofthewindinflowsrelativetotherotorinducesoscillationsintherotorspeed.Thecontrol
systemadjuststhenthefluctuatingpowerthroughthecontrolofbladepitchangle(asshownin
Fig.8b,redline).PSDsinFig.8cshowverydifferentvariationsatlowfrequenciesandPSDs
inFig.8dshowverysimilarbehaviourwithcomparableenergylevelsatverylowfrequencies
(andelevatedenergylevelsathigherfrequencies).ThemaximumOopDefl1(ofapproximately
6m)occurswhenwindspeeddropsandthepitchangleofthebladebecomes0o.

Figure7.Three-dimensionalturbulentwindboxessimulatedbyTurbSimconstrainedby30
verticalpointsatFINO1during:(a,b,c)OCCevent;and(d,e,f)PREOCCevent.

5.Conclusions
Inthisstudy,wepresentedamulti-scalemodellingframeworktosimulatetentativelythe
propagationofthewindturbinewakeaswellasstructuralloadsunderathermally-driven
transientevent(i.e.OCC).Weutilizedfourmodelcomponentsinourmodelchainincluding:
theWRFmesoscalemodelwiththreenesteddomains;thePALMmicroscalemodelwithtwo
nesteddomainscombinedwiththeactuatordiskmodelwithrotation;theTurbSimmodel
generatingtheconstraintturbulentwindfields;andfinallytheNRELFASTv8structuralcode
forinvestigatingverybrieflythestructuralresponsesofa5-MWNRELwindturbine.

WeimplementedtheofflinenestingapproachfromtheWRFtothePALMandconducted
twoexperimentsofWRF-PALMbeforetheOCC(butveryclosetotheonsetoftheOCC,
PREOCC)andduringtheOCCeventrespectively.Itwasshownthattheopenconvectivecells
modulatestronglythewakespatiotemporalevolutionandloadbehaviour.Resultspreliminary
showedthewakeandloadvariationsintheAlphaVentuswindfarmunderOCCconditionsand
underlinedtheimportanceofusingamultiscaleframeworktobetterunderstandtheflowfield
anditsvariability,particularlyduringtransienteventsintheoffshorewindparkregions.

WefurtherexplorethestructuralresponsesfortheOCCeventagainstanotherPREOCC
event,inwhichtheflowfieldsandenvironmentalconditionsareapproximatelysimilartothe

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series 2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1” that indicates the pitch angle of the first blade; and the ”RotSpeed” that represents
the rotor speed. In Fig. 8-a, the effect of OCC can be observed through its oscillatory behaviour
on the out-of-plane blade tip deflection, the rotor speed, and the blade pitch angle (pitch angle
during PREOCC is 0 degree and is not shown here). During the transient event, the variation
of the wind inflows relative to the rotor induces oscillations in the rotor speed. The control
system adjusts then the fluctuating power through the control of blade pitch angle (as shown in
Fig. 8b, red line). PSDs in Fig. 8c show very different variations at low frequencies and PSDs
in Fig. 8d show very similar behaviour with comparable energy levels at very low frequencies
(and elevated energy levels at higher frequencies). The maximum OopDefl1 (of approximately
6m) occurs when wind speed drops and the pitch angle of the blade becomes 0o.

Figure 7. Three-dimensional turbulent wind boxes simulated by TurbSim constrained by 30
vertical points at FINO1 during: (a,b,c) OCC event; and (d,e,f) PREOCC event.

5. Conclusions
In this study, we presented a multi-scale modelling framework to simulate tentatively the
propagation of the wind turbine wake as well as structural loads under a thermally-driven
transient event (i.e. OCC). We utilized four model components in our model chain including:
the WRF mesoscale model with three nested domains; the PALM microscale model with two
nested domains combined with the actuator disk model with rotation; the TurbSim model
generating the constraint turbulent wind fields; and finally the NREL FASTv8 structural code
for investigating very briefly the structural responses of a 5-MW NREL wind turbine.

We implemented the offline nesting approach from the WRF to the PALM and conducted
two experiments of WRF-PALM before the OCC (but very close to the onset of the OCC,
PREOCC) and during the OCC event respectively. It was shown that the open convective cells
modulate strongly the wake spatiotemporal evolution and load behaviour. Results preliminary
showed the wake and load variations in the Alpha Ventus wind farm under OCC conditions and
underlined the importance of using a multiscale framework to better understand the flow field
and its variability, particularly during transient events in the offshore wind park regions.

We further explore the structural responses for the OCC event against another PREOCC
event, in which the flow fields and environmental conditions are approximately similar to the

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series 2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1” that indicates the pitch angle of the first blade; and the ”RotSpeed” that represents
the rotor speed. In Fig. 8-a, the effect of OCC can be observed through its oscillatory behaviour
on the out-of-plane blade tip deflection, the rotor speed, and the blade pitch angle (pitch angle
during PREOCC is 0 degree and is not shown here). During the transient event, the variation
of the wind inflows relative to the rotor induces oscillations in the rotor speed. The control
system adjusts then the fluctuating power through the control of blade pitch angle (as shown in
Fig. 8b, red line). PSDs in Fig. 8c show very different variations at low frequencies and PSDs
in Fig. 8d show very similar behaviour with comparable energy levels at very low frequencies
(and elevated energy levels at higher frequencies). The maximum OopDefl1 (of approximately
6m) occurs when wind speed drops and the pitch angle of the blade becomes 0o.

Figure 7. Three-dimensional turbulent wind boxes simulated by TurbSim constrained by 30
vertical points at FINO1 during: (a,b,c) OCC event; and (d,e,f) PREOCC event.

5. Conclusions
In this study, we presented a multi-scale modelling framework to simulate tentatively the
propagation of the wind turbine wake as well as structural loads under a thermally-driven
transient event (i.e. OCC). We utilized four model components in our model chain including:
the WRF mesoscale model with three nested domains; the PALM microscale model with two
nested domains combined with the actuator disk model with rotation; the TurbSim model
generating the constraint turbulent wind fields; and finally the NREL FASTv8 structural code
for investigating very briefly the structural responses of a 5-MW NREL wind turbine.

We implemented the offline nesting approach from the WRF to the PALM and conducted
two experiments of WRF-PALM before the OCC (but very close to the onset of the OCC,
PREOCC) and during the OCC event respectively. It was shown that the open convective cells
modulate strongly the wake spatiotemporal evolution and load behaviour. Results preliminary
showed the wake and load variations in the Alpha Ventus wind farm under OCC conditions and
underlined the importance of using a multiscale framework to better understand the flow field
and its variability, particularly during transient events in the offshore wind park regions.

We further explore the structural responses for the OCC event against another PREOCC
event, in which the flow fields and environmental conditions are approximately similar to the

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1”thatindicatesthepitchangleofthefirstblade;andthe”RotSpeed”thatrepresents
therotorspeed.InFig.8-a,theeffectofOCCcanbeobservedthroughitsoscillatorybehaviour
ontheout-of-planebladetipdeflection,therotorspeed,andthebladepitchangle(pitchangle
duringPREOCCis0degreeandisnotshownhere).Duringthetransientevent,thevariation
ofthewindinflowsrelativetotherotorinducesoscillationsintherotorspeed.Thecontrol
systemadjuststhenthefluctuatingpowerthroughthecontrolofbladepitchangle(asshownin
Fig.8b,redline).PSDsinFig.8cshowverydifferentvariationsatlowfrequenciesandPSDs
inFig.8dshowverysimilarbehaviourwithcomparableenergylevelsatverylowfrequencies
(andelevatedenergylevelsathigherfrequencies).ThemaximumOopDefl1(ofapproximately
6m)occurswhenwindspeeddropsandthepitchangleofthebladebecomes0o.

Figure7.Three-dimensionalturbulentwindboxessimulatedbyTurbSimconstrainedby30
verticalpointsatFINO1during:(a,b,c)OCCevent;and(d,e,f)PREOCCevent.

5.Conclusions
Inthisstudy,wepresentedamulti-scalemodellingframeworktosimulatetentativelythe
propagationofthewindturbinewakeaswellasstructuralloadsunderathermally-driven
transientevent(i.e.OCC).Weutilizedfourmodelcomponentsinourmodelchainincluding:
theWRFmesoscalemodelwiththreenesteddomains;thePALMmicroscalemodelwithtwo
nesteddomainscombinedwiththeactuatordiskmodelwithrotation;theTurbSimmodel
generatingtheconstraintturbulentwindfields;andfinallytheNRELFASTv8structuralcode
forinvestigatingverybrieflythestructuralresponsesofa5-MWNRELwindturbine.

WeimplementedtheofflinenestingapproachfromtheWRFtothePALMandconducted
twoexperimentsofWRF-PALMbeforetheOCC(butveryclosetotheonsetoftheOCC,
PREOCC)andduringtheOCCeventrespectively.Itwasshownthattheopenconvectivecells
modulatestronglythewakespatiotemporalevolutionandloadbehaviour.Resultspreliminary
showedthewakeandloadvariationsintheAlphaVentuswindfarmunderOCCconditionsand
underlinedtheimportanceofusingamultiscaleframeworktobetterunderstandtheflowfield
anditsvariability,particularlyduringtransienteventsintheoffshorewindparkregions.

WefurtherexplorethestructuralresponsesfortheOCCeventagainstanotherPREOCC
event,inwhichtheflowfieldsandenvironmentalconditionsareapproximatelysimilartothe

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1”thatindicatesthepitchangleofthefirstblade;andthe”RotSpeed”thatrepresents
therotorspeed.InFig.8-a,theeffectofOCCcanbeobservedthroughitsoscillatorybehaviour
ontheout-of-planebladetipdeflection,therotorspeed,andthebladepitchangle(pitchangle
duringPREOCCis0degreeandisnotshownhere).Duringthetransientevent,thevariation
ofthewindinflowsrelativetotherotorinducesoscillationsintherotorspeed.Thecontrol
systemadjuststhenthefluctuatingpowerthroughthecontrolofbladepitchangle(asshownin
Fig.8b,redline).PSDsinFig.8cshowverydifferentvariationsatlowfrequenciesandPSDs
inFig.8dshowverysimilarbehaviourwithcomparableenergylevelsatverylowfrequencies
(andelevatedenergylevelsathigherfrequencies).ThemaximumOopDefl1(ofapproximately
6m)occurswhenwindspeeddropsandthepitchangleofthebladebecomes0o.

Figure7.Three-dimensionalturbulentwindboxessimulatedbyTurbSimconstrainedby30
verticalpointsatFINO1during:(a,b,c)OCCevent;and(d,e,f)PREOCCevent.

5.Conclusions
Inthisstudy,wepresentedamulti-scalemodellingframeworktosimulatetentativelythe
propagationofthewindturbinewakeaswellasstructuralloadsunderathermally-driven
transientevent(i.e.OCC).Weutilizedfourmodelcomponentsinourmodelchainincluding:
theWRFmesoscalemodelwiththreenesteddomains;thePALMmicroscalemodelwithtwo
nesteddomainscombinedwiththeactuatordiskmodelwithrotation;theTurbSimmodel
generatingtheconstraintturbulentwindfields;andfinallytheNRELFASTv8structuralcode
forinvestigatingverybrieflythestructuralresponsesofa5-MWNRELwindturbine.

WeimplementedtheofflinenestingapproachfromtheWRFtothePALMandconducted
twoexperimentsofWRF-PALMbeforetheOCC(butveryclosetotheonsetoftheOCC,
PREOCC)andduringtheOCCeventrespectively.Itwasshownthattheopenconvectivecells
modulatestronglythewakespatiotemporalevolutionandloadbehaviour.Resultspreliminary
showedthewakeandloadvariationsintheAlphaVentuswindfarmunderOCCconditionsand
underlinedtheimportanceofusingamultiscaleframeworktobetterunderstandtheflowfield
anditsvariability,particularlyduringtransienteventsintheoffshorewindparkregions.

WefurtherexplorethestructuralresponsesfortheOCCeventagainstanotherPREOCC
event,inwhichtheflowfieldsandenvironmentalconditionsareapproximatelysimilartothe

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1”thatindicatesthepitchangleofthefirstblade;andthe”RotSpeed”thatrepresents
therotorspeed.InFig.8-a,theeffectofOCCcanbeobservedthroughitsoscillatorybehaviour
ontheout-of-planebladetipdeflection,therotorspeed,andthebladepitchangle(pitchangle
duringPREOCCis0degreeandisnotshownhere).Duringthetransientevent,thevariation
ofthewindinflowsrelativetotherotorinducesoscillationsintherotorspeed.Thecontrol
systemadjuststhenthefluctuatingpowerthroughthecontrolofbladepitchangle(asshownin
Fig.8b,redline).PSDsinFig.8cshowverydifferentvariationsatlowfrequenciesandPSDs
inFig.8dshowverysimilarbehaviourwithcomparableenergylevelsatverylowfrequencies
(andelevatedenergylevelsathigherfrequencies).ThemaximumOopDefl1(ofapproximately
6m)occurswhenwindspeeddropsandthepitchangleofthebladebecomes0o.

Figure7.Three-dimensionalturbulentwindboxessimulatedbyTurbSimconstrainedby30
verticalpointsatFINO1during:(a,b,c)OCCevent;and(d,e,f)PREOCCevent.

5.Conclusions
Inthisstudy,wepresentedamulti-scalemodellingframeworktosimulatetentativelythe
propagationofthewindturbinewakeaswellasstructuralloadsunderathermally-driven
transientevent(i.e.OCC).Weutilizedfourmodelcomponentsinourmodelchainincluding:
theWRFmesoscalemodelwiththreenesteddomains;thePALMmicroscalemodelwithtwo
nesteddomainscombinedwiththeactuatordiskmodelwithrotation;theTurbSimmodel
generatingtheconstraintturbulentwindfields;andfinallytheNRELFASTv8structuralcode
forinvestigatingverybrieflythestructuralresponsesofa5-MWNRELwindturbine.

WeimplementedtheofflinenestingapproachfromtheWRFtothePALMandconducted
twoexperimentsofWRF-PALMbeforetheOCC(butveryclosetotheonsetoftheOCC,
PREOCC)andduringtheOCCeventrespectively.Itwasshownthattheopenconvectivecells
modulatestronglythewakespatiotemporalevolutionandloadbehaviour.Resultspreliminary
showedthewakeandloadvariationsintheAlphaVentuswindfarmunderOCCconditionsand
underlinedtheimportanceofusingamultiscaleframeworktobetterunderstandtheflowfield
anditsvariability,particularlyduringtransienteventsintheoffshorewindparkregions.

WefurtherexplorethestructuralresponsesfortheOCCeventagainstanotherPREOCC
event,inwhichtheflowfieldsandenvironmentalconditionsareapproximatelysimilartothe

EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

11

”BldPitch1”thatindicatesthepitchangleofthefirstblade;andthe”RotSpeed”thatrepresents
therotorspeed.InFig.8-a,theeffectofOCCcanbeobservedthroughitsoscillatorybehaviour
ontheout-of-planebladetipdeflection,therotorspeed,andthebladepitchangle(pitchangle
duringPREOCCis0degreeandisnotshownhere).Duringthetransientevent,thevariation
ofthewindinflowsrelativetotherotorinducesoscillationsintherotorspeed.Thecontrol
systemadjuststhenthefluctuatingpowerthroughthecontrolofbladepitchangle(asshownin
Fig.8b,redline).PSDsinFig.8cshowverydifferentvariationsatlowfrequenciesandPSDs
inFig.8dshowverysimilarbehaviourwithcomparableenergylevelsatverylowfrequencies
(andelevatedenergylevelsathigherfrequencies).ThemaximumOopDefl1(ofapproximately
6m)occurswhenwindspeeddropsandthepitchangleofthebladebecomes0o.

Figure7.Three-dimensionalturbulentwindboxessimulatedbyTurbSimconstrainedby30
verticalpointsatFINO1during:(a,b,c)OCCevent;and(d,e,f)PREOCCevent.

5.Conclusions
Inthisstudy,wepresentedamulti-scalemodellingframeworktosimulatetentativelythe
propagationofthewindturbinewakeaswellasstructuralloadsunderathermally-driven
transientevent(i.e.OCC).Weutilizedfourmodelcomponentsinourmodelchainincluding:
theWRFmesoscalemodelwiththreenesteddomains;thePALMmicroscalemodelwithtwo
nesteddomainscombinedwiththeactuatordiskmodelwithrotation;theTurbSimmodel
generatingtheconstraintturbulentwindfields;andfinallytheNRELFASTv8structuralcode
forinvestigatingverybrieflythestructuralresponsesofa5-MWNRELwindturbine.

WeimplementedtheofflinenestingapproachfromtheWRFtothePALMandconducted
twoexperimentsofWRF-PALMbeforetheOCC(butveryclosetotheonsetoftheOCC,
PREOCC)andduringtheOCCeventrespectively.Itwasshownthattheopenconvectivecells
modulatestronglythewakespatiotemporalevolutionandloadbehaviour.Resultspreliminary
showedthewakeandloadvariationsintheAlphaVentuswindfarmunderOCCconditionsand
underlinedtheimportanceofusingamultiscaleframeworktobetterunderstandtheflowfield
anditsvariability,particularlyduringtransienteventsintheoffshorewindparkregions.

WefurtherexplorethestructuralresponsesfortheOCCeventagainstanotherPREOCC
event,inwhichtheflowfieldsandenvironmentalconditionsareapproximatelysimilartothe



EERA DeepWind Offshore Wind R&D Conference
Journal of Physics: Conference Series 2362 (2022) 012003

IOP Publishing
doi:10.1088/1742-6596/2362/1/012003

12

Figure 8. (a,c) Time series of turbine response from FASTv8 model; and (b,d) Power Density
Spectra (PSDs) of out-of-plane tip deflections of blade 1 and rotor speeds before (PRECOCC)
and during OCC event.

environmental conditions of the OCC.
We need, however, to conduct more comprehensive verification and validation procedures

to assure the accuracy and performance of the presented coupled system. Furthermore, the
selected PREOCC episode may have been affected by the OCC impacts. This necessitates
further elaboration on the event selection.
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Figure8.(a,c)TimeseriesofturbineresponsefromFASTv8model;and(b,d)PowerDensity
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Figure 8. (a,c) Time series of turbine response from FASTv8 model; and (b,d) Power Density
Spectra (PSDs) of out-of-plane tip deflections of blade 1 and rotor speeds before (PRECOCC)
and during OCC event.

environmental conditions of the OCC.
We need, however, to conduct more comprehensive verification and validation procedures

to assure the accuracy and performance of the presented coupled system. Furthermore, the
selected PREOCC episode may have been affected by the OCC impacts. This necessitates
further elaboration on the event selection.
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[6] Göcmen T, Larśen X G, and Imberger M, 2020 The effects of Open Cellular Convection on Wind Farm
Operation and Wakes, J. Phys.: Conf. Ser., 1618, 062014.

[7] Jonkman J M, Butterfield S, Musial W, and Scott G, 2009 Definition of a 5-MW reference wind turbine
for offshore system development. Technical Report NREL/TP-500-38060, National Renewable Energy
Laboratory, 1617 Cole Boulevard, Golden, Colorado 80401- 3393, February.

[8] Maronga B, Gryschka M, Heinze R, Hoffmann F, Kanani-Sühring F, Keck M, Ketelsen K, Letzel M O, Sühring
M, and Raasch S, 2015 The Parallelized Large-Eddy Simulation Model (PALM) version 4.0 for atmospheric
and oceanic flows: model formulation, recent developments, and future perspectives. Geoscientific Model
Development, 8(8), 2515–2551.

[9] Maronga B, Banzhaf S, Burmeister C, Esch T, Forkel R, Fröhlich D, Fuka V, Gehrke K F, Geletič J, Giersch,
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S,GronemeierT,GroßG,HeldensW,HellstenA,HoffmannF,InagakiA,KadaschE,Kanani-Sühring
F,KetelsenK,KhanBA,KniggeC,KnoopH,KrčP,KurppaM,MaamariH,MatzarakisA,Mauder
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[4]KrügerS,SteinfeldG,KraftM,andLauraLukassenLJ,2022Validationofacoupledatmospheric–aeroelastic
modelsystemforwindturbinepowerandloadcalculations,WindEnerg.Sci.,7,323–344,2022

[5]FitchAC,OlsonJB,LundquistJK,DudhiaJ,GuptaAK,MichalakesJ,andBarstadI,2012,Localand
mesoscaleimpactsofwindfarmsasparameterizedinamesoscaleNWPmodel,Mon.WeatherRev.,140,
3017–3038.
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[4]KrügerS,SteinfeldG,KraftM,andLauraLukassenLJ,2022Validationofacoupledatmospheric–aeroelastic
modelsystemforwindturbinepowerandloadcalculations,WindEnerg.Sci.,7,323–344,2022

[5]FitchAC,OlsonJB,LundquistJK,DudhiaJ,GuptaAK,MichalakesJ,andBarstadI,2012,Localand
mesoscaleimpactsofwindfarmsasparameterizedinamesoscaleNWPmodel,Mon.WeatherRev.,140,
3017–3038.
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Abstract.

Engineering wake models are defined by mathematical expressions and a set of coefficients. Because of their simplicity, the

models may be rigid in transient events such as open cellular convection (OCC), characterized by a strong wind speed and

direction change within tens of minutes. We use the results of a multiscale wind-wake modeling during an OCC event at the

Alpha Ventus wind farm in the Southern North Sea to study how Gaussian models capture wake deficit variabilities. We find5

that the Jensen-Gaussian model would benefit from a constant coefficient tuning. On the contrary, the Bastankhah and Porté-

Agel model and the super-Gaussian model are consistent without tuning but perform best with different deficit distribution

shapes.

1 Introduction

Engineering wake models predict wake deficit with simple analytical expressions and known values of the free-flow char-10

acteristics and thrust coefficient. Models’ simplicity ensures fast calculation but smooths instantaneous wake features. The

wind speed, turbulence intensity and thrust coefficient provide the model with limited capability to adapt to the flow. Since

strong changes in the flow may affect the accuracy of the prediction, the model’s reaction to transient events has to be stud-

ied (Bakhoday-Paskyabi et al., 2022a, b).

Transient events change the flow characteristics within several minutes, which makes numerical simulations unfeasible for15

real-time control. Although engineering models do not resolve the instantaneous wake structure, they can operate on a steady

averaged flow before and after the event.

Open cellular convection (OCC) is a transient event associated with a cold-air outbreak above the warm ocean surface. We

regard an OCC event in the Southern North Sea on November 22, 2015, near FINO1 platform (Fig. 1, Sect. 2). We select

three Gaussian models (Sect. 3) and evaluate their performance before and after the OCC event based on the accuracy of20

predicting the 10-minute average normalized wake deficit in the downstream cross-sections (Sect. 4). We also evaluate whether

the prediction can be improved if the model’s coefficients are corrected by choosing the best fit for the wake deficit.
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Figure 1. The cross-section of the innermost domain of the WRF-LES containing the Alpha Ventus wind farm. The cross-section shows

10-minute averages of the wind speed at the hub height; time stamps mark the end of each 10-minute period. a) Flow before the OCC event;

b) the OCC event is about to begin, the wind farm is not yet affected; c) the flow in the wind farm undergoes radical changes due to the OCC

event; d) the convective cell had passed the wind farm, the flow is stabilizing.
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Figure 2. 10-minute averaged inflow characteristics at the hub height 2D upstream of AV1 and AV4 (a-c) and the thrust coefficient (d).
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Figure1.Thecross-sectionoftheinnermostdomainoftheWRF-LEScontainingtheAlphaVentuswindfarm.Thecross-sectionshows

10-minuteaveragesofthewindspeedatthehubheight;timestampsmarktheendofeach10-minuteperiod.a)FlowbeforetheOCCevent;

b)theOCCeventisabouttobegin,thewindfarmisnotyetaffected;c)theflowinthewindfarmundergoesradicalchangesduetotheOCC

event;d)theconvectivecellhadpassedthewindfarm,theflowisstabilizing.
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Figure2.10-minuteaveragedinflowcharacteristicsatthehubheight2DupstreamofAV1andAV4(a-c)andthethrustcoefficient(d).

2

https://doi.org/10.5194/wes-2023-79
Preprint.Discussionstarted:31July2023
c©Author(s)2023.CCBY4.0License.

0

1000

2000

3000

4000

5000

Y,
 m

AV1AV2
AV4

(a) 1:20

AV1AV2
AV4

(b) 1:40

020004000
X, m

0

1000

2000

3000

4000

5000

Y,
 m

AV1AV2
AV4

(c) 1:50

020004000
X, m

AV1AV2
AV4

(d) 2:10

4

6

8

10

12

14

16

18

20

Av
er
ag
e 
wi
nd
 sp
ee
d,
 m
s
1

Figure1.Thecross-sectionoftheinnermostdomainoftheWRF-LEScontainingtheAlphaVentuswindfarm.Thecross-sectionshows

10-minuteaveragesofthewindspeedatthehubheight;timestampsmarktheendofeach10-minuteperiod.a)FlowbeforetheOCCevent;

b)theOCCeventisabouttobegin,thewindfarmisnotyetaffected;c)theflowinthewindfarmundergoesradicalchangesduetotheOCC

event;d)theconvectivecellhadpassedthewindfarm,theflowisstabilizing.

10
20

peak transition

(a) Free-flow wind speed U, ms1

340
360

(b) Free-flow wind direction, 

0

50
(c) Turbulence intensity Ia, %

1:101:201:301:401:502:002:102:202:30
Time

0

1
(d) Thrust coefficient CT

AV1AV4

Figure2.10-minuteaveragedinflowcharacteristicsatthehubheight2DupstreamofAV1andAV4(a-c)andthethrustcoefficient(d).

2

https://doi.org/10.5194/wes-2023-79
Preprint.Discussionstarted:31July2023
c©Author(s)2023.CCBY4.0License.

0

1000

2000

3000

4000

5000

Y, m

AV1 AV2
AV4

(a) 1:20

AV1 AV2
AV4

(b) 1:40

0 2000 4000
X, m

0

1000

2000

3000

4000

5000

Y, m

AV1 AV2
AV4

(c) 1:50

0 2000 4000
X, m

AV1 AV2
AV4

(d) 2:10

4

6

8

10

12

14

16

18

20

Average wind speed, m
s
1

Figure 1. The cross-section of the innermost domain of the WRF-LES containing the Alpha Ventus wind farm. The cross-section shows

10-minute averages of the wind speed at the hub height; time stamps mark the end of each 10-minute period. a) Flow before the OCC event;

b) the OCC event is about to begin, the wind farm is not yet affected; c) the flow in the wind farm undergoes radical changes due to the OCC

event; d) the convective cell had passed the wind farm, the flow is stabilizing.
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Figure 2. 10-minute averaged inflow characteristics at the hub height 2D upstream of AV1 and AV4 (a-c) and the thrust coefficient (d).
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2 Data

The convective cell passed the FINO1 platform and Alpha Ventus wind farm on November 22, 2015 1:40−2:00 AM UTC+0

(Fig. 1). Due to the lack of lidar data for this day, we utilize a high-fidelity numerical simulation to reproduce the flow25

field (Bakhoday-Paskyabi et al., 2022b). The Weather Research and Forecasting (WRF) model output acts as a dynamic

driver input for the large-eddy simulation (LES) PALM model system (Maronga et al., 2020). The LES consists of two

nested domains, with the inner domain 4480× 5120× 320m refining the grid around Alpha Ventus to the grid cell size of

∆ = 10× 10× 5m.

The passing open cell affects the flow characteristics changing the wake shapes. We define three phases. The pre-OCC phase30

covers time stamps 1:10−1:40 and is characterized by low wind speed but high thrust (Fig. 1ab); the wakes are wide and merge

for turbines of the same column. A short transition phase takes about 10-minutes and is most prominent at 1:50 time stamp

(Fig. 1c). The post-OCC phase starts at 2:00 time stamp and is characterized by low thrust, but high wind speed (Fig. 1d); the

wakes become narrow and do not merge anymore. The turbulence intensity fluctuates withing 7− 11% for both phases, the

wind direction changes by 10−15° between phases.35

The Alpha Ventus wind farm consists of 12 wind turbines of two types arranged in a rectangular pattern, with the turbine

AV1 located in the northwest corner. All turbines are approximated as the NREL 5MW reference turbine (Jonkman et al.,

2009) and actuator disc model with rotation (Witha et al., 2014); the turbines are set to the same hub height zh of 90m and

rotor diameter D of 126m.

3 Methodology40

3.1 Model fitting

Model fitting is performed by taking WRF-LES results as a true value. We choose the turbine AV1 as a reference for the

regarded wake models since AV1 is the least affected by the nearby wakes due to the northwest wind. To extract the cross-

sectional velocity U in xy-plane, we define a local coordinate system with a center at the AV1 position so that the x-axis always

follows a 10-minute average wind direction. The downstream cross-sections are regarded in a range of x/D = 2..10 with a step45

of 0.5 – totaling 17 cross-sections. The local coordinates for each cross-section are represented by a radial distance r varying in

the range of r/D = −2..2 from the rotor axis. The 10-minute average inflow characteristics – wind speed U0, wind direction,

and turbulence intensity Ia – are estimated by probing the free flow at 2D upstream of AV1. The PALM LES output contains

the thrust force T for each turbine; hence, the thrust coefficient CT is derived as

CT =
T

0.5 · ρAU
2

0

(1)50

where ρ = 1.17kg/m3 is the constant air density as returned by the WRF-LES, A = π(D/2)2 is the rotor area.

The wake from AV4 appears in AV1 cross-sections starting from x/D = 6.5. The inflow probes for AV4 generally return

similar values, except for the time stamp 1:40 (Fig. 2) – the wind speed and turbulence intensity near AV4 are strongly affected
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2 Data

The convective cell passed the FINO1 platform and Alpha Ventus wind farm on November 22, 2015 1:40−2:00 AM UTC+0

(Fig. 1). Due to the lack of lidar data for this day, we utilize a high-fidelity numerical simulation to reproduce the flow25

field (Bakhoday-Paskyabi et al., 2022b). The Weather Research and Forecasting (WRF) model output acts as a dynamic

driver input for the large-eddy simulation (LES) PALM model system (Maronga et al., 2020). The LES consists of two

nested domains, with the inner domain 4480× 5120× 320m refining the grid around Alpha Ventus to the grid cell size of

∆ = 10× 10× 5m.

The passing open cell affects the flow characteristics changing the wake shapes. We define three phases. The pre-OCC phase30

covers time stamps 1:10−1:40 and is characterized by low wind speed but high thrust (Fig. 1ab); the wakes are wide and merge

for turbines of the same column. A short transition phase takes about 10-minutes and is most prominent at 1:50 time stamp

(Fig. 1c). The post-OCC phase starts at 2:00 time stamp and is characterized by low thrust, but high wind speed (Fig. 1d); the

wakes become narrow and do not merge anymore. The turbulence intensity fluctuates withing 7− 11% for both phases, the

wind direction changes by 10−15° between phases.35

The Alpha Ventus wind farm consists of 12 wind turbines of two types arranged in a rectangular pattern, with the turbine

AV1 located in the northwest corner. All turbines are approximated as the NREL 5MW reference turbine (Jonkman et al.,

2009) and actuator disc model with rotation (Witha et al., 2014); the turbines are set to the same hub height zh of 90m and

rotor diameter D of 126m.

3 Methodology40

3.1 Model fitting

Model fitting is performed by taking WRF-LES results as a true value. We choose the turbine AV1 as a reference for the

regarded wake models since AV1 is the least affected by the nearby wakes due to the northwest wind. To extract the cross-

sectional velocity U in xy-plane, we define a local coordinate system with a center at the AV1 position so that the x-axis always

follows a 10-minute average wind direction. The downstream cross-sections are regarded in a range of x/D = 2..10 with a step45

of 0.5 – totaling 17 cross-sections. The local coordinates for each cross-section are represented by a radial distance r varying in

the range of r/D = −2..2 from the rotor axis. The 10-minute average inflow characteristics – wind speed U0, wind direction,

and turbulence intensity Ia – are estimated by probing the free flow at 2D upstream of AV1. The PALM LES output contains

the thrust force T for each turbine; hence, the thrust coefficient CT is derived as

CT =
T

0.5 · ρAU
2

0

(1)50

where ρ = 1.17kg/m
3
is the constant air density as returned by the WRF-LES, A = π(D/2)

2
is the rotor area.

The wake from AV4 appears in AV1 cross-sections starting from x/D = 6.5. The inflow probes for AV4 generally return

similar values, except for the time stamp 1:40 (Fig. 2) – the wind speed and turbulence intensity near AV4 are strongly affected
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Table 1. Gaussian wake models and their original coefficients.

Model Coefficients

BPA k∗1 = 0.003678, k∗2 = 0.3837

Jensen Gaussian k = 0.05

Super-Gaussian as = 0.17, bs = 0.005, cs = 0.2

by the direct hit from AV1 wake. Overall, this similarity allows using AV1 inflow characteristics and thrust coefficient to

estimate wakes for both turbines. An ensemble wake is calculated by summing up the normalized wake deficit from the AV155

wake at the regarded cross-section and the deficit at the respective cross-section of the AV4 wake.

We also tune coefficients of each model to find the best fit to WRF-LES results. Overall, we regard the following cases:

– default model – a wake model uses coefficients suggested by its authors and relies only on CT and Ia to calculate wake

deficit.

– corrected fit – model’s coefficients are fitted for the first 10-minute period of the pre-OCC and post-OCC phases –60

periods ending at 1:10 and 2:00, respectively – and remain fixed for the further periods of the phase.

– best fit – model’s coefficients are re-fitted to each new 10-minute period. The fit uses already known simulation data for

the passing period, so while not being practical, it shows whether the model could have described the wake better.

The best fit is optimized for all cross-sections in a 10-minute period to avoid tuning models to a specific part of the wake. To

evaluate the models’ performance, we also compare root mean square errors (RMSE) for the normalized wake deficit of each65

cross-section separately.

3.2 Gaussian wake models

We apply engineering wake models to calculate normalized wake deficit ∆U = 1−U/U0. Since we are interested in how well

wake models approximate the wake shape and flow characteristics, we select wake models that suggest a Gaussian distribution

of the deficit. The three Gaussian models regarded in this study are chosen based on their flexibility and possibility to re-fit the70

parameters (Krutova et al., 2020). When choosing which values to fit, we prefer the coefficients fitted by the original authors

(Table 1).

3.2.1 BPA Gaussian model

One of the first Gaussian models was developed by Bastankhah and Porté-Agel, further referred to as the BPA model (Bas-

tankhah and Porté-Agel, 2014). We utilize Niayifar and Porté-Agel (2016) version of the model, which parameterizes the75
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Table 1. Gaussian wake models and their original coefficients.

Model Coefficients

BPA k∗
1 = 0.003678, k∗2 = 0.3837

Jensen Gaussian k = 0.05

Super-Gaussian as = 0.17, bs = 0.005, cs = 0.2

by the direct hit from AV1 wake. Overall, this similarity allows using AV1 inflow characteristics and thrust coefficient to

estimate wakes for both turbines. An ensemble wake is calculated by summing up the normalized wake deficit from the AV155

wake at the regarded cross-section and the deficit at the respective cross-section of the AV4 wake.

We also tune coefficients of each model to find the best fit to WRF-LES results. Overall, we regard the following cases:

– default model – a wake model uses coefficients suggested by its authors and relies only on CT and Ia to calculate wake

deficit.

– corrected fit – model’s coefficients are fitted for the first 10-minute period of the pre-OCC and post-OCC phases –60

periods ending at 1:10 and 2:00, respectively – and remain fixed for the further periods of the phase.

– best fit – model’s coefficients are re-fitted to each new 10-minute period. The fit uses already known simulation data for

the passing period, so while not being practical, it shows whether the model could have described the wake better.

The best fit is optimized for all cross-sections in a 10-minute period to avoid tuning models to a specific part of the wake. To

evaluate the models’ performance, we also compare root mean square errors (RMSE) for the normalized wake deficit of each65

cross-section separately.

3.2 Gaussian wake models

We apply engineering wake models to calculate normalized wake deficit ∆U = 1−U/U0. Since we are interested in how well

wake models approximate the wake shape and flow characteristics, we select wake models that suggest a Gaussian distribution

of the deficit. The three Gaussian models regarded in this study are chosen based on their flexibility and possibility to re-fit the70

parameters (Krutova et al., 2020). When choosing which values to fit, we prefer the coefficients fitted by the original authors
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One of the first Gaussian models was developed by Bastankhah and Porté-Agel, further referred to as the BPA model (Bas-
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growth rate of the wake k∗ as a linear function of the turbulence intensity Ia:

k∗ = k∗1 + k∗2Ia, (2)

where k∗1 and k∗2 are the coefficients to fit. Then the standard deviation σ of the Gaussian function depends on the diameter D

and downstream distance x as

σ = k∗x + εD, (3)80
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(5)

3.2.2 Jensen-Gaussian model

Gao et al. (2016) replaced a top-hat distribution in the Jensen wake model (Jensen, 1983) with a Gaussian.85

∆U =
[
1− 5.16√

2π
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]
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)
(6)

σ = rx/2.58 (7)

where rx(CT ,kw) is the wake radius, U
∗
(x,kw) and kw(k,CT , Ia) are new functions omitted here for the sake of brevity. The

full definition can be found in the original study (Gao et al., 2016).

The only coefficient to fit, the wake decay coefficient k, is defined similarly to the Jensen model and is then corrected with90

the function kw(k,CT , Ia). We choose the starting value k = 0.05 as suggested by the model’s authors for offshore wind farms.

3.2.3 Super-Gaussian model

A regular Gaussian model uses the order of n = 2. Increasing this value leads to the tendency for a flat peak of the distribution.

Blondel and Cathelain (2020) proposed a super-Gaussian model with varying n. Although another version of this model

exists (Cathelain et al., 2020), it mainly improves the wake deficit prediction for x/D < 5, which we already found satisfactory95

for our purposes. Hence, we prefer the first version with less parameterized coefficients.

The super-Gaussian model expands the BPA model and alters the order n depending on the downstream distance x

∆U = C(x)exp
(
−|r|n(x)

2σ2

)
(8)

where C(x) is defined via n(x) as

C(x) = 22/n−1 −
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(9)100
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Figure 3. RMSE of the Gaussian models calculated for each cross-section. The label ’T’ stands for the total RMSE normalized by the number

of cross-sections to allow comparison. The results for the peak transition time 1:50 are excluded since the RMSE is not representative there.

and collapses to the multiplier in Eq. (5) for n = 2.

The standard deviation σ in this model is defined as

σ = (asIa + bs) + cs

√
β (10)

Here, β follows Eq. (4) of the BPA model with cs = 0.2. as and bs are defined differently despite being used similarly to k∗2

and k∗1 in Eq. (2). We fit these three coefficients (Table 1).105

The super-Gaussian model proposes two method of finding n(x): root-solving and analytical. The analytical method adds

three more coefficients; therefore, we choose the root-solving method and find n(x) from the equation

C(x)2 − 22/nC(x) +
nCT

16Γ(2/n)σ4/n
= 0 (11)

4 Results

The general behavior of all models follows similar trends (Fig. 3). The agreement to WRF-LES is good for the stabilized flow110

in the pre-OCC phase but declines as the convective cell approaches the wind farm. During the peak transition phase at 1:50,
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The super-Gaussian model proposes two method of finding n(x): root-solving and analytical. The analytical method adds

three more coefficients; therefore, we choose the root-solving method and find n(x) from the equation
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4 Results

The general behavior of all models follows similar trends (Fig. 3). The agreement to WRF-LES is good for the stabilized flow110

in the pre-OCC phase but declines as the convective cell approaches the wind farm. During the peak transition phase at 1:50,
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Figure 4. Gaussian wake models applied to the normalized wake deficit at the various downstream distances. For x/D ≥ 6.5, two wakes are

present in a cross-section.

the free-flow wind speed becomes ambiguous. The near wake may already be affected by the convective cell – probing the

flow upstream would return the correct free-flow wind speed for the near wake. At the same time, the effects of the accelerated

flow had not yet reached the far wake (Fig. 1c) – the upstream flow characteristics are not relevant. Probing the free flow at a

distance parallel to the wake is not accurate enough due to wake effects from the nearby turbines. Model fitting for the period115

ending on 1:50 returns unrealistic coefficients, e.g., a negative wake decay coefficient k for the Jensen-Gaussian model.

The post-OCC phase is less challenging for the models because the wakes no longer merge due to the changed wind di-

rection and narrower wake deficit distribution. However, despite the averaging, the deflection effect becomes more prominent

in the far wake. We did not account the deflection, hence, the radial positions of the wake deficit maximums do not perfectly

match maximums extracted in cross-sections for the time stamp 2:30. The discrepancy between maximums positions leads to120

increased RMSEs, although the agreement in earlier periods was acceptable.

Depending on CT and Ia, the BPA model may not resolve the near wake (x/D < 3) due to a negative value occurring under

the square root in Eq. (5). While this is not crucial for the AV1 wake, the model may miss the influence from the AV4 wake for

several cross-sections leading to an increased RMSE for x/D ≥ 6.5 (Fig. 3a, 4a). This complicates searching for a best fit – the

coefficients fitted for the BPA model do not deviate much from the original values, and the best fits do not gradually improve125

RMSEs compared to the default model. Overall, the BPA model tends to overestimate the maximum deficit in the near wake,

especially if the wake deficit distribution has a double peak shape.
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flowupstreamwouldreturnthecorrectfree-flowwindspeedforthenearwake.Atthesametime,theeffectsoftheaccelerated

flowhadnotyetreachedthefarwake(Fig.1c)–theupstreamflowcharacteristicsarenotrelevant.Probingthefreeflowata

distanceparalleltothewakeisnotaccurateenoughduetowakeeffectsfromthenearbyturbines.Modelfittingfortheperiod 115

endingon1:50returnsunrealisticcoefficients,e.g.,anegativewakedecaycoefficientkfortheJensen-Gaussianmodel.

Thepost-OCCphaseislesschallengingforthemodelsbecausethewakesnolongermergeduetothechangedwinddi-

rectionandnarrowerwakedeficitdistribution.However,despitetheaveraging,thedeflectioneffectbecomesmoreprominent

inthefarwake.Wedidnotaccountthedeflection,hence,theradialpositionsofthewakedeficitmaximumsdonotperfectly

matchmaximumsextractedincross-sectionsforthetimestamp2:30.Thediscrepancybetweenmaximumspositionsleadsto 120

increasedRMSEs,althoughtheagreementinearlierperiodswasacceptable.

DependingonCTandIa,theBPAmodelmaynotresolvethenearwake(x/D<3)duetoanegativevalueoccurringunder

thesquarerootinEq.(5).WhilethisisnotcrucialfortheAV1wake,themodelmaymisstheinfluencefromtheAV4wakefor

severalcross-sectionsleadingtoanincreasedRMSEforx/D≥6.5(Fig.3a,4a).Thiscomplicatessearchingforabestfit–the

coefficientsfittedfortheBPAmodeldonotdeviatemuchfromtheoriginalvalues,andthebestfitsdonotgraduallyimprove 125

RMSEscomparedtothedefaultmodel.Overall,theBPAmodeltendstooverestimatethemaximumdeficitinthenearwake,

especiallyifthewakedeficitdistributionhasadoublepeakshape.
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flow upstream would return the correct free-flow wind speed for the near wake. At the same time, the effects of the accelerated

flow had not yet reached the far wake (Fig. 1c) – the upstream flow characteristics are not relevant. Probing the free flow at a

distance parallel to the wake is not accurate enough due to wake effects from the nearby turbines. Model fitting for the period115

ending on 1:50 returns unrealistic coefficients, e.g., a negative wake decay coefficient k for the Jensen-Gaussian model.

The post-OCC phase is less challenging for the models because the wakes no longer merge due to the changed wind di-

rection and narrower wake deficit distribution. However, despite the averaging, the deflection effect becomes more prominent

in the far wake. We did not account the deflection, hence, the radial positions of the wake deficit maximums do not perfectly

match maximums extracted in cross-sections for the time stamp 2:30. The discrepancy between maximums positions leads to120

increased RMSEs, although the agreement in earlier periods was acceptable.

Depending on CT and Ia, the BPA model may not resolve the near wake (x/D < 3) due to a negative value occurring under

the square root in Eq. (5). While this is not crucial for the AV1 wake, the model may miss the influence from the AV4 wake for

several cross-sections leading to an increased RMSE for x/D ≥ 6.5 (Fig. 3a, 4a). This complicates searching for a best fit – the

coefficients fitted for the BPA model do not deviate much from the original values, and the best fits do not gradually improve125

RMSEs compared to the default model. Overall, the BPA model tends to overestimate the maximum deficit in the near wake,
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The Jensen-Gaussian model benefits from correcting the wake decay coefficient k similarly as the Jensen model requires

adjustments for better prediction (Peña et al., 2016). The chosen value of k = 0.05 underestimates the pre-OCC wake deficit

implying that the initial choice requires re-evaluation based on the observed wake deficit (Fig. 4c). The corrected fit may follow130

the wake deficit better but tends to a narrow distribution underestimating the wake width and overestimating the maximumwake

deficit. Despite dependencies on the thrust coefficient and turbulence intensity, having only one adjustable coefficient limits

the flexibility of the Jensen-Gaussian model. In addition, the only coefficient is sensitive to short-term fitting: k varied between

−0.01 and 0.03 for the regarded periods, although showing a tendency for k = 0.01 in both phases.

Both Jensen-Gaussian and BPA models are subjected to increased RMSE for x/D ≥ 6.5 in the pre-OCC phase when the135

wake from AV4 enters the AV1 downstream cross-section. The models either overestimate the deficit in the AV4 wake or

underestimate it in the AV1 wake. A notable exception is the super-Gaussian model, which follows the complex shape of the

merging pre-OCC wakes well (Fig. 4e).

The tendency for a flat distribution in the super-Gaussian model smooths the double peak in the near wake and resolves a

single peak in the far wake equally well. Consequently, the RMSE of individual cross-sections is rather uniform for the super-140

Gaussian model (Fig. 3e). Unlike other models, the super-Gaussian model does not benefit from re-fitting the coefficients in

the pre-OCC phase – new fits either only slightly deviates from the default model or noticeably overestimates the near wake

deficit. On the other hand, a flat peak hinders the super-Gaussian performance in the post-OCC phase (Fig. 4f) – sharp but

low distribution peaks are captured by the super-Gaussian model worse than by other models (i.e., BPA and corrected Jensen-

Gaussian). It should be noted that the calibrated super-Gaussian model (Cathelain et al., 2020) slightly increases the maximum145

wake deficit predicted in the post-OCC near wake, but underestimates it compared to other models.

5 Conclusions

We performed a WRF-LES of a transient event and studied how the Gaussian models describe the 10-minute average wake

deficit before and after the event. The transient period remained challenging for all models due to the ambiguity in the free-flow

wind speed.150

Having only one coefficient, the Jensen-Gaussian model is simple to fit. Moreover, correcting the coefficient based on the

flow characteristics and wind farm site conditions is preferable before working with the model. However, adjusting to short

averaging periods may not produce a stable coefficient value. While the Jensen-Gaussian consistently showed an improved

RMSE with the best fit, this approach is not feasible since all flow characteristics should be known in advance. We do not

recommend using this model for short periods during transient events.155

The default definitions of BPA and super-Gaussian models kept a good agreement with the changing flow and did not benefit

from the coefficient tuning. While the BPA model could occasionally return better RMSE with the re-fitted coefficients, the

default values performed more consistently. Due to how these models interpret the distribution peak, they work better with

different wake shapes. The BPA model approximates well a single sharp peak and may result in an increased RMSE when

two wakes are present in a cross-section. The super-Gaussian model smooths the distribution peak, which appears to be a160
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good approximation of a double peak or merging wakes. Still, the model underperformed in the post-OCC phase with low and

uniform wake deficit.

The super-Gaussian model’s capability to capture wake merging accurately is promising for applications where the wake

deficit distribution is important. Considering that the model also reacts well to changing conditions, this calls for further model

validation in complex wake-wake interaction cases.165
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Abstract. Wake meandering studies require knowledge of the instantaneous wake evolution. Scanning lidar data
are used to identify the wind flow behind offshore wind turbines but do not immediately reveal the wake edges
and centerline. The precise wake identification helps to build models predicting wake behavior. The conventional
Gaussian fit methods are reliable in the near-wake area but lose precision with distance from the rotor and require
good data resolution for an accurate fit. The thresholding methods, i.e., selection of a threshold that splits the
data into background flow and wake, usually imply a fixed value or manual estimation, which hinders the wake
identification on a large data set. We propose an automatic thresholding method for the wake shape and centerline
detection, which is less dependent on the data resolution and quality and can also be applied to the image data.

We show that the method performs reasonably well on large-eddy simulation data and apply it to the data set
containing lidar measurements of the two wakes. Along with the wake identification, we use image processing
statistics, such as entropy analysis, to filter and classify lidar scans.

The automatic thresholding method and the subsequent centerline search algorithm are developed to reduce
dependency on the supplementary data such as free-flow wind speed and direction. We focus on the technical
aspect of the method and show that the wake shape and centerline found from the thresholded data are in a good
agreement with the manually detected centerline and the Gaussian fit method. We also briefly discuss a potential
application of the method to separate the near and far wakes and to estimate the wake direction.

1 Introduction

A wake is a complex dynamic structure forming behind a
wind turbine due to the kinetic energy extraction from the
incoming wind flow. The wake region is characterized by de-
creased wind speed and increased turbulence intensity. The
relative velocity deficit, or wake deficit, is strongest right af-
ter the wind turbine. Strongly affected by wind turbine rotor,
the region extends up to 4–5 rotor diameters depending on
the terrain characteristics and stability conditions (Stevens
and Meneveau, 2017; Porté-Agel et al., 2020). The wake
transitions to the far wake, where the recovery to the free
flow is considerably slowed down; at the same time, the wake

width increases up to 3 rotor diameters according to observa-
tions (Aitken et al., 2014). The turbine spacing in operational
wind farms usually reaches 7–10D (e.g., London Array), al-
though the optimal spacing is estimated to be even higher
in order to reduce the wake effect on downstream turbines
(Meyers and Meneveau, 2012; Stevens, 2016). Since the gen-
erated wind power is proportional to the cube of the wind
speed U3, the power production gradually decreases if the
incoming wind speed drops below the rated wind speed. The
increased turbulence intensity negatively affects the turbine
fatigue loads (Lee et al., 2012). Studying the wake behavior
is hence crucial to estimating both the actual power produc-
tion and the overall lifetime of a wind farm.
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Abstract.Wakemeanderingstudiesrequireknowledgeoftheinstantaneouswakeevolution.Scanninglidardata
areusedtoidentifythewindflowbehindoffshorewindturbinesbutdonotimmediatelyrevealthewakeedges
andcenterline.Theprecisewakeidentificationhelpstobuildmodelspredictingwakebehavior.Theconventional
Gaussianfitmethodsarereliableinthenear-wakeareabutloseprecisionwithdistancefromtherotorandrequire
gooddataresolutionforanaccuratefit.Thethresholdingmethods,i.e.,selectionofathresholdthatsplitsthe
dataintobackgroundflowandwake,usuallyimplyafixedvalueormanualestimation,whichhindersthewake
identificationonalargedataset.Weproposeanautomaticthresholdingmethodforthewakeshapeandcenterline
detection,whichislessdependentonthedataresolutionandqualityandcanalsobeappliedtotheimagedata.

Weshowthatthemethodperformsreasonablywellonlarge-eddysimulationdataandapplyittothedataset
containinglidarmeasurementsofthetwowakes.Alongwiththewakeidentification,weuseimageprocessing
statistics,suchasentropyanalysis,tofilterandclassifylidarscans.

Theautomaticthresholdingmethodandthesubsequentcenterlinesearchalgorithmaredevelopedtoreduce
dependencyonthesupplementarydatasuchasfree-flowwindspeedanddirection.Wefocusonthetechnical
aspectofthemethodandshowthatthewakeshapeandcenterlinefoundfromthethresholdeddataareinagood
agreementwiththemanuallydetectedcenterlineandtheGaussianfitmethod.Wealsobrieflydiscussapotential
applicationofthemethodtoseparatethenearandfarwakesandtoestimatethewakedirection.

1Introduction

Awakeisacomplexdynamicstructureformingbehinda
windturbineduetothekineticenergyextractionfromthe
incomingwindflow.Thewakeregionischaracterizedbyde-
creasedwindspeedandincreasedturbulenceintensity.The
relativevelocitydeficit,orwakedeficit,isstrongestrightaf-
terthewindturbine.Stronglyaffectedbywindturbinerotor,
theregionextendsupto4–5rotordiametersdependingon
theterraincharacteristicsandstabilityconditions(Stevens
andMeneveau,2017;Porté-Ageletal.,2020).Thewake
transitionstothefarwake,wheretherecoverytothefree
flowisconsiderablysloweddown;atthesametime,thewake

widthincreasesupto3rotordiametersaccordingtoobserva-
tions(Aitkenetal.,2014).Theturbinespacinginoperational
windfarmsusuallyreaches7–10D(e.g.,LondonArray),al-
thoughtheoptimalspacingisestimatedtobeevenhigher
inordertoreducethewakeeffectondownstreamturbines
(MeyersandMeneveau,2012;Stevens,2016).Sincethegen-
eratedwindpowerisproportionaltothecubeofthewind
speedU3,thepowerproductiongraduallydecreasesifthe
incomingwindspeeddropsbelowtheratedwindspeed.The
increasedturbulenceintensitynegativelyaffectstheturbine
fatigueloads(Leeetal.,2012).Studyingthewakebehavior
ishencecrucialtoestimatingboththeactualpowerproduc-
tionandtheoveralllifetimeofawindfarm.

PublishedbyCopernicusPublicationsonbehalfoftheEuropeanAcademyofWindEnergye.V.

WindEnerg.Sci.,7,849–873,2022
https://doi.org/10.5194/wes-7-849-2022
©Author(s)2022.Thisworkisdistributedunder
theCreativeCommonsAttribution4.0License.

Developmentofanautomaticthresholdingmethod
forwakemeanderingstudiesanditsapplication

tothedatasetfromscanningwindlidar

MariaKrutova,MostafaBakhoday-Paskyabi,JoachimReuder,andFinnGunnarNielsen
GeophysicalinstituteandBergenOffshoreWindCentre,
UniversityofBergen,Allégaten70,5007Bergen,Norway

Correspondence:MariaKrutova(maria.krutova@uib.no)and
MostafaBakhoday-Paskyabi(mostafa.bakhoday-paskyabi@uib.no)

Received:13August2021–Discussionstarted:6September2021
Revised:21January2022–Accepted:3March2022–Published:8April2022

Abstract.Wakemeanderingstudiesrequireknowledgeoftheinstantaneouswakeevolution.Scanninglidardata
areusedtoidentifythewindflowbehindoffshorewindturbinesbutdonotimmediatelyrevealthewakeedges
andcenterline.Theprecisewakeidentificationhelpstobuildmodelspredictingwakebehavior.Theconventional
Gaussianfitmethodsarereliableinthenear-wakeareabutloseprecisionwithdistancefromtherotorandrequire
gooddataresolutionforanaccuratefit.Thethresholdingmethods,i.e.,selectionofathresholdthatsplitsthe
dataintobackgroundflowandwake,usuallyimplyafixedvalueormanualestimation,whichhindersthewake
identificationonalargedataset.Weproposeanautomaticthresholdingmethodforthewakeshapeandcenterline
detection,whichislessdependentonthedataresolutionandqualityandcanalsobeappliedtotheimagedata.

Weshowthatthemethodperformsreasonablywellonlarge-eddysimulationdataandapplyittothedataset
containinglidarmeasurementsofthetwowakes.Alongwiththewakeidentification,weuseimageprocessing
statistics,suchasentropyanalysis,tofilterandclassifylidarscans.

Theautomaticthresholdingmethodandthesubsequentcenterlinesearchalgorithmaredevelopedtoreduce
dependencyonthesupplementarydatasuchasfree-flowwindspeedanddirection.Wefocusonthetechnical
aspectofthemethodandshowthatthewakeshapeandcenterlinefoundfromthethresholdeddataareinagood
agreementwiththemanuallydetectedcenterlineandtheGaussianfitmethod.Wealsobrieflydiscussapotential
applicationofthemethodtoseparatethenearandfarwakesandtoestimatethewakedirection.

1Introduction

Awakeisacomplexdynamicstructureformingbehinda
windturbineduetothekineticenergyextractionfromthe
incomingwindflow.Thewakeregionischaracterizedbyde-
creasedwindspeedandincreasedturbulenceintensity.The
relativevelocitydeficit,orwakedeficit,isstrongestrightaf-
terthewindturbine.Stronglyaffectedbywindturbinerotor,
theregionextendsupto4–5rotordiametersdependingon
theterraincharacteristicsandstabilityconditions(Stevens
andMeneveau,2017;Porté-Ageletal.,2020).Thewake
transitionstothefarwake,wheretherecoverytothefree
flowisconsiderablysloweddown;atthesametime,thewake

widthincreasesupto3rotordiametersaccordingtoobserva-
tions(Aitkenetal.,2014).Theturbinespacinginoperational
windfarmsusuallyreaches7–10D(e.g.,LondonArray),al-
thoughtheoptimalspacingisestimatedtobeevenhigher
inordertoreducethewakeeffectondownstreamturbines
(MeyersandMeneveau,2012;Stevens,2016).Sincethegen-
eratedwindpowerisproportionaltothecubeofthewind
speedU3,thepowerproductiongraduallydecreasesifthe
incomingwindspeeddropsbelowtheratedwindspeed.The
increasedturbulenceintensitynegativelyaffectstheturbine
fatigueloads(Leeetal.,2012).Studyingthewakebehavior
ishencecrucialtoestimatingboththeactualpowerproduc-
tionandtheoveralllifetimeofawindfarm.

PublishedbyCopernicusPublicationsonbehalfoftheEuropeanAcademyofWindEnergye.V.

Wind Energ. Sci., 7, 849–873, 2022
https://doi.org/10.5194/wes-7-849-2022
© Author(s) 2022. This work is distributed under
the Creative Commons Attribution 4.0 License.

Development of an automatic thresholding method
for wake meandering studies and its application

to the data set from scanning wind lidar

Maria Krutova, Mostafa Bakhoday-Paskyabi, Joachim Reuder, and Finn Gunnar Nielsen
Geophysical institute and Bergen Offshore Wind Centre,
University of Bergen, Allégaten 70, 5007 Bergen, Norway

Correspondence: Maria Krutova (maria.krutova@uib.no) and
Mostafa Bakhoday-Paskyabi (mostafa.bakhoday-paskyabi@uib.no)

Received: 13 August 2021 – Discussion started: 6 September 2021
Revised: 21 January 2022 – Accepted: 3 March 2022 – Published: 8 April 2022

Abstract. Wake meandering studies require knowledge of the instantaneous wake evolution. Scanning lidar data
are used to identify the wind flow behind offshore wind turbines but do not immediately reveal the wake edges
and centerline. The precise wake identification helps to build models predicting wake behavior. The conventional
Gaussian fit methods are reliable in the near-wake area but lose precision with distance from the rotor and require
good data resolution for an accurate fit. The thresholding methods, i.e., selection of a threshold that splits the
data into background flow and wake, usually imply a fixed value or manual estimation, which hinders the wake
identification on a large data set. We propose an automatic thresholding method for the wake shape and centerline
detection, which is less dependent on the data resolution and quality and can also be applied to the image data.

We show that the method performs reasonably well on large-eddy simulation data and apply it to the data set
containing lidar measurements of the two wakes. Along with the wake identification, we use image processing
statistics, such as entropy analysis, to filter and classify lidar scans.

The automatic thresholding method and the subsequent centerline search algorithm are developed to reduce
dependency on the supplementary data such as free-flow wind speed and direction. We focus on the technical
aspect of the method and show that the wake shape and centerline found from the thresholded data are in a good
agreement with the manually detected centerline and the Gaussian fit method. We also briefly discuss a potential
application of the method to separate the near and far wakes and to estimate the wake direction.

1 Introduction

A wake is a complex dynamic structure forming behind a
wind turbine due to the kinetic energy extraction from the
incoming wind flow. The wake region is characterized by de-
creased wind speed and increased turbulence intensity. The
relative velocity deficit, or wake deficit, is strongest right af-
ter the wind turbine. Strongly affected by wind turbine rotor,
the region extends up to 4–5 rotor diameters depending on
the terrain characteristics and stability conditions (Stevens
and Meneveau, 2017; Porté-Agel et al., 2020). The wake
transitions to the far wake, where the recovery to the free
flow is considerably slowed down; at the same time, the wake

width increases up to 3 rotor diameters according to observa-
tions (Aitken et al., 2014). The turbine spacing in operational
wind farms usually reaches 7–10D (e.g., London Array), al-
though the optimal spacing is estimated to be even higher
in order to reduce the wake effect on downstream turbines
(Meyers and Meneveau, 2012; Stevens, 2016). Since the gen-
erated wind power is proportional to the cube of the wind
speed U3, the power production gradually decreases if the
incoming wind speed drops below the rated wind speed. The
increased turbulence intensity negatively affects the turbine
fatigue loads (Lee et al., 2012). Studying the wake behavior
is hence crucial to estimating both the actual power produc-
tion and the overall lifetime of a wind farm.
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Not only does the wake expand, but it is also subjected to
wake meandering – oscillations along the rotor axis caused
by the movement of large eddies (Larsen et al., 2007, 2008).
While the near wake remains primarily stable and follows the
wind direction, the far wake oscillates randomly in the hor-
izontal plane with an amplitude exceeding 0.5D (Howard
et al., 2015; Foti et al., 2016). The far wake also oscillates
in the vertical plane, although the velocity fluctuations there
are weaker (España et al., 2011). As a result, a downstream
turbine is exposed to intermittent flow and, consequently, un-
equal fatigue loads (Muller et al., 2015; Moens et al., 2019).
Additionally, the wake in the Northern Hemisphere slightly
turns clockwise due to the Coriolis effect (Abkar and Porté-
Agel, 2016; van der Laan and Sørensen, 2017), adding more
complexity to the wake evolution over time. Knowing only
the velocity deficit at a certain downstream distance is in-
sufficient, since the wake meandering strength is character-
ized by the standard deviation of the wake center. Therefore,
the wake meandering analysis requires the knowledge of the
wake centerline to quantify the instantaneous wake effect on
the downwind structures. An appropriate detection method
should be able to perform wake identification by separating
the wake from the free flow and wake characterization by es-
timating the wake centerline and its statistical characteristics
(Quon et al., 2020). Method application and capabilities are
highly dependent on the input data available.

Measurement campaigns that use scanning lidars provide
the most relevant data on the wind flow in a particular wind
farm (Bingöl et al., 2010; Trujillo et al., 2011; Herges et al.,
2017). Due to the technical restrictions and cost of lidar in-
stallation, it is complicated to obtain a three-dimensional
scan of the flow around the whole wind farm, although the
flow can be reconstructed for a single turbine (Beck and
Kühn, 2019). Still, the measurement campaigns span sev-
eral months and require data preprocessing to sort out invalid
measurements. A controlled experiment can be performed on
a wind tunnel for model validation or reproduction of spe-
cific flow conditions (Snel et al., 2007; Chamorro and Porté-
Agel, 2010). The particle image velocimetry (PIV) provides
good spatial and temporal resolution of the measured wind
field but deals with the scaled models and has to account for
their limitations. A different approach is running a large-eddy
simulation (LES) of a wind turbine or a wind farm. While
LES provides a wide range of possibilities to simulate at-
mospheric conditions and wind farm configuration, its rep-
resentation of a wake strongly depends on the implemented
turbulence closure (Moriarty et al., 2014; Mehta et al., 2014;
Martínez-Tossas et al., 2018) and wind turbine model (Porté-
Agel et al., 2011; Martínez-Tossas et al., 2015). A relatively
new development is quantitative study of wind farm wakes
from satellite data (Ahsbahs et al., 2020). The satellites gen-
erally have a lower spatial resolution than scanning lidars
and measure wind speed on the horizontal near-surface plane
but still provide general information on the flow around wind
farms.

Several wake identification methods exist, varying in com-
plexity and input data requirements (Quon et al., 2020).
Among the variety of methods, we focus on thresholding
and Gaussian fitting because they are applicable to a 2D li-
dar scan in a horizontal or inclined plane. The most common
wake identification method is to fit a one- or two-dimensional
Gaussian distribution to the velocity deficit across the wake
at various downstream positions and get estimations of the
wake center and width from the fitted function (Fleming
et al., 2014; Vollmer et al., 2016; Krishnamurthy et al., 2017).
This method can be applied to both the averaged and instan-
taneous wake, although the irregular wake shape of the lat-
ter complicates the detection. For better accuracy, the fitting
requires wind speed data in a fine spatial resolution. A suf-
ficient spatial resolution is achieved by large-eddy simula-
tion or particle image velocimetry. The Gaussian fit method
can also be applied to the scanning wind lidar data, provided
the wake region is resolved well enough. Overall, the fitting
method efficiency depends on the data quality and spatial res-
olution. The method also requires the free-flow wind speed
to calculate the wake deficit.

Alternatively, a threshold value can be defined. In the sim-
plest case, the threshold splits the range of available values
into two: all values below the threshold fall into one group,
while the remaining values form the second group. When ap-
plied to the wind field for the wake identification, the thresh-
old would split the data into the wake and free-flow points.
Thresholding methods depend less on the data resolution and
mainly rely on the wind speed values. The simplest thresh-
olding method sets a threshold based on the wind speed ratio
in the wake and the free flow. As shown by España et al.
(2011), the method is effective for a regular flows, e.g., in
a wind turbine: a threshold of 95 % of the free-flow wind
speed identified the continuous part of the wake up to the
downstream distance of 6–8D. The resulting shape required
smoothing and filtering to reduce the noise. Bastine et al.
(2015) used a stricter threshold of 40 % of the maximum
wake deficit on the LES data to extract the wake core and
perform proper orthogonal decomposition on the processed
wind field.

The thresholding method is not widely used due to its re-
striction: it applies an empirical coefficient that does not ac-
count for the data quality and wind speed fluctuations in the
flow field, which may be a common issue for a lidar scan.
We propose an automated threshold estimation, previously
developed for whitecap detection – the adaptive threshold-
ing segmentation (ATS) method (Bakhoday-Paskyabi et al.,
2016). We adapt the method for wake identification and de-
velop new routines to estimate the wake centerline without a
priori knowledge of the wind direction.

This study focuses on the technical aspect of the ATS
method and discusses its advantages and limitations. The
method is applied to a scanning lidar data set containing
wakes from two wind turbines and various wake–wake in-
teractions. The measurements and LES setup are described
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Notonlydoesthewakeexpand,butitisalsosubjectedto
wakemeandering–oscillationsalongtherotoraxiscaused
bythemovementoflargeeddies(Larsenetal.,2007,2008).
Whilethenearwakeremainsprimarilystableandfollowsthe
winddirection,thefarwakeoscillatesrandomlyinthehor-
izontalplanewithanamplitudeexceeding0.5D(Howard
etal.,2015;Fotietal.,2016).Thefarwakealsooscillates
intheverticalplane,althoughthevelocityfluctuationsthere
areweaker(Españaetal.,2011).Asaresult,adownstream
turbineisexposedtointermittentflowand,consequently,un-
equalfatigueloads(Mulleretal.,2015;Moensetal.,2019).
Additionally,thewakeintheNorthernHemisphereslightly
turnsclockwiseduetotheCorioliseffect(AbkarandPorté-
Agel,2016;vanderLaanandSørensen,2017),addingmore
complexitytothewakeevolutionovertime.Knowingonly
thevelocitydeficitatacertaindownstreamdistanceisin-
sufficient,sincethewakemeanderingstrengthischaracter-
izedbythestandarddeviationofthewakecenter.Therefore,
thewakemeanderinganalysisrequirestheknowledgeofthe
wakecenterlinetoquantifytheinstantaneouswakeeffecton
thedownwindstructures.Anappropriatedetectionmethod
shouldbeabletoperformwakeidentificationbyseparating
thewakefromthefreeflowandwakecharacterizationbyes-
timatingthewakecenterlineanditsstatisticalcharacteristics
(Quonetal.,2020).Methodapplicationandcapabilitiesare
highlydependentontheinputdataavailable.

Measurementcampaignsthatusescanninglidarsprovide
themostrelevantdataonthewindflowinaparticularwind
farm(Bingöletal.,2010;Trujilloetal.,2011;Hergesetal.,
2017).Duetothetechnicalrestrictionsandcostoflidarin-
stallation,itiscomplicatedtoobtainathree-dimensional
scanoftheflowaroundthewholewindfarm,althoughthe
flowcanbereconstructedforasingleturbine(Beckand
Kühn,2019).Still,themeasurementcampaignsspansev-
eralmonthsandrequiredatapreprocessingtosortoutinvalid
measurements.Acontrolledexperimentcanbeperformedon
awindtunnelformodelvalidationorreproductionofspe-
cificflowconditions(Sneletal.,2007;ChamorroandPorté-
Agel,2010).Theparticleimagevelocimetry(PIV)provides
goodspatialandtemporalresolutionofthemeasuredwind
fieldbutdealswiththescaledmodelsandhastoaccountfor
theirlimitations.Adifferentapproachisrunningalarge-eddy
simulation(LES)ofawindturbineorawindfarm.While
LESprovidesawiderangeofpossibilitiestosimulateat-
mosphericconditionsandwindfarmconfiguration,itsrep-
resentationofawakestronglydependsontheimplemented
turbulenceclosure(Moriartyetal.,2014;Mehtaetal.,2014;
Martínez-Tossasetal.,2018)andwindturbinemodel(Porté-
Ageletal.,2011;Martínez-Tossasetal.,2015).Arelatively
newdevelopmentisquantitativestudyofwindfarmwakes
fromsatellitedata(Ahsbahsetal.,2020).Thesatellitesgen-
erallyhavealowerspatialresolutionthanscanninglidars
andmeasurewindspeedonthehorizontalnear-surfaceplane
butstillprovidegeneralinformationontheflowaroundwind
farms.

Severalwakeidentificationmethodsexist,varyingincom-
plexityandinputdatarequirements(Quonetal.,2020).
Amongthevarietyofmethods,wefocusonthresholding
andGaussianfittingbecausetheyareapplicabletoa2Dli-
darscaninahorizontalorinclinedplane.Themostcommon
wakeidentificationmethodistofitaone-ortwo-dimensional
Gaussiandistributiontothevelocitydeficitacrossthewake
atvariousdownstreampositionsandgetestimationsofthe
wakecenterandwidthfromthefittedfunction(Fleming
etal.,2014;Vollmeretal.,2016;Krishnamurthyetal.,2017).
Thismethodcanbeappliedtoboththeaveragedandinstan-
taneouswake,althoughtheirregularwakeshapeofthelat-
tercomplicatesthedetection.Forbetteraccuracy,thefitting
requireswindspeeddatainafinespatialresolution.Asuf-
ficientspatialresolutionisachievedbylarge-eddysimula-
tionorparticleimagevelocimetry.TheGaussianfitmethod
canalsobeappliedtothescanningwindlidardata,provided
thewakeregionisresolvedwellenough.Overall,thefitting
methodefficiencydependsonthedataqualityandspatialres-
olution.Themethodalsorequiresthefree-flowwindspeed
tocalculatethewakedeficit.

Alternatively,athresholdvaluecanbedefined.Inthesim-
plestcase,thethresholdsplitstherangeofavailablevalues
intotwo:allvaluesbelowthethresholdfallintoonegroup,
whiletheremainingvaluesformthesecondgroup.Whenap-
pliedtothewindfieldforthewakeidentification,thethresh-
oldwouldsplitthedataintothewakeandfree-flowpoints.
Thresholdingmethodsdependlessonthedataresolutionand
mainlyrelyonthewindspeedvalues.Thesimplestthresh-
oldingmethodsetsathresholdbasedonthewindspeedratio
inthewakeandthefreeflow.AsshownbyEspañaetal.
(2011),themethodiseffectiveforaregularflows,e.g.,in
awindturbine:athresholdof95%ofthefree-flowwind
speedidentifiedthecontinuouspartofthewakeuptothe
downstreamdistanceof6–8D.Theresultingshaperequired
smoothingandfilteringtoreducethenoise.Bastineetal.
(2015)usedastricterthresholdof40%ofthemaximum
wakedeficitontheLESdatatoextractthewakecoreand
performproperorthogonaldecompositionontheprocessed
windfield.

Thethresholdingmethodisnotwidelyusedduetoitsre-
striction:itappliesanempiricalcoefficientthatdoesnotac-
countforthedataqualityandwindspeedfluctuationsinthe
flowfield,whichmaybeacommonissueforalidarscan.
Weproposeanautomatedthresholdestimation,previously
developedforwhitecapdetection–theadaptivethreshold-
ingsegmentation(ATS)method(Bakhoday-Paskyabietal.,
2016).Weadaptthemethodforwakeidentificationandde-
velopnewroutinestoestimatethewakecenterlinewithouta
prioriknowledgeofthewinddirection.

ThisstudyfocusesonthetechnicalaspectoftheATS
methodanddiscussesitsadvantagesandlimitations.The
methodisappliedtoascanninglidardatasetcontaining
wakesfromtwowindturbinesandvariouswake–wakein-
teractions.ThemeasurementsandLESsetuparedescribed
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Not only does the wake expand, but it is also subjected to
wake meandering – oscillations along the rotor axis caused
by the movement of large eddies (Larsen et al., 2007, 2008).
While the near wake remains primarily stable and follows the
wind direction, the far wake oscillates randomly in the hor-
izontal plane with an amplitude exceeding 0.5D (Howard
et al., 2015; Foti et al., 2016). The far wake also oscillates
in the vertical plane, although the velocity fluctuations there
are weaker (España et al., 2011). As a result, a downstream
turbine is exposed to intermittent flow and, consequently, un-
equal fatigue loads (Muller et al., 2015; Moens et al., 2019).
Additionally, the wake in the Northern Hemisphere slightly
turns clockwise due to the Coriolis effect (Abkar and Porté-
Agel, 2016; van der Laan and Sørensen, 2017), adding more
complexity to the wake evolution over time. Knowing only
the velocity deficit at a certain downstream distance is in-
sufficient, since the wake meandering strength is character-
ized by the standard deviation of the wake center. Therefore,
the wake meandering analysis requires the knowledge of the
wake centerline to quantify the instantaneous wake effect on
the downwind structures. An appropriate detection method
should be able to perform wake identification by separating
the wake from the free flow and wake characterization by es-
timating the wake centerline and its statistical characteristics
(Quon et al., 2020). Method application and capabilities are
highly dependent on the input data available.

Measurement campaigns that use scanning lidars provide
the most relevant data on the wind flow in a particular wind
farm (Bingöl et al., 2010; Trujillo et al., 2011; Herges et al.,
2017). Due to the technical restrictions and cost of lidar in-
stallation, it is complicated to obtain a three-dimensional
scan of the flow around the whole wind farm, although the
flow can be reconstructed for a single turbine (Beck and
Kühn, 2019). Still, the measurement campaigns span sev-
eral months and require data preprocessing to sort out invalid
measurements. A controlled experiment can be performed on
a wind tunnel for model validation or reproduction of spe-
cific flow conditions (Snel et al., 2007; Chamorro and Porté-
Agel, 2010). The particle image velocimetry (PIV) provides
good spatial and temporal resolution of the measured wind
field but deals with the scaled models and has to account for
their limitations. A different approach is running a large-eddy
simulation (LES) of a wind turbine or a wind farm. While
LES provides a wide range of possibilities to simulate at-
mospheric conditions and wind farm configuration, its rep-
resentation of a wake strongly depends on the implemented
turbulence closure (Moriarty et al., 2014; Mehta et al., 2014;
Martínez-Tossas et al., 2018) and wind turbine model (Porté-
Agel et al., 2011; Martínez-Tossas et al., 2015). A relatively
new development is quantitative study of wind farm wakes
from satellite data (Ahsbahs et al., 2020). The satellites gen-
erally have a lower spatial resolution than scanning lidars
and measure wind speed on the horizontal near-surface plane
but still provide general information on the flow around wind
farms.

Several wake identification methods exist, varying in com-
plexity and input data requirements (Quon et al., 2020).
Among the variety of methods, we focus on thresholding
and Gaussian fitting because they are applicable to a 2D li-
dar scan in a horizontal or inclined plane. The most common
wake identification method is to fit a one- or two-dimensional
Gaussian distribution to the velocity deficit across the wake
at various downstream positions and get estimations of the
wake center and width from the fitted function (Fleming
et al., 2014; Vollmer et al., 2016; Krishnamurthy et al., 2017).
This method can be applied to both the averaged and instan-
taneous wake, although the irregular wake shape of the lat-
ter complicates the detection. For better accuracy, the fitting
requires wind speed data in a fine spatial resolution. A suf-
ficient spatial resolution is achieved by large-eddy simula-
tion or particle image velocimetry. The Gaussian fit method
can also be applied to the scanning wind lidar data, provided
the wake region is resolved well enough. Overall, the fitting
method efficiency depends on the data quality and spatial res-
olution. The method also requires the free-flow wind speed
to calculate the wake deficit.

Alternatively, a threshold value can be defined. In the sim-
plest case, the threshold splits the range of available values
into two: all values below the threshold fall into one group,
while the remaining values form the second group. When ap-
plied to the wind field for the wake identification, the thresh-
old would split the data into the wake and free-flow points.
Thresholding methods depend less on the data resolution and
mainly rely on the wind speed values. The simplest thresh-
olding method sets a threshold based on the wind speed ratio
in the wake and the free flow. As shown by España et al.
(2011), the method is effective for a regular flows, e.g., in
a wind turbine: a threshold of 95 % of the free-flow wind
speed identified the continuous part of the wake up to the
downstream distance of 6–8D. The resulting shape required
smoothing and filtering to reduce the noise. Bastine et al.
(2015) used a stricter threshold of 40 % of the maximum
wake deficit on the LES data to extract the wake core and
perform proper orthogonal decomposition on the processed
wind field.

The thresholding method is not widely used due to its re-
striction: it applies an empirical coefficient that does not ac-
count for the data quality and wind speed fluctuations in the
flow field, which may be a common issue for a lidar scan.
We propose an automated threshold estimation, previously
developed for whitecap detection – the adaptive threshold-
ing segmentation (ATS) method (Bakhoday-Paskyabi et al.,
2016). We adapt the method for wake identification and de-
velop new routines to estimate the wake centerline without a
priori knowledge of the wind direction.

This study focuses on the technical aspect of the ATS
method and discusses its advantages and limitations. The
method is applied to a scanning lidar data set containing
wakes from two wind turbines and various wake–wake in-
teractions. The measurements and LES setup are described
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wind field.

The thresholding method is not widely used due to its re-
striction: it applies an empirical coefficient that does not ac-
count for the data quality and wind speed fluctuations in the
flow field, which may be a common issue for a lidar scan.
We propose an automated threshold estimation, previously
developed for whitecap detection – the adaptive threshold-
ing segmentation (ATS) method (Bakhoday-Paskyabi et al.,
2016). We adapt the method for wake identification and de-
velop new routines to estimate the wake centerline without a
priori knowledge of the wind direction.

This study focuses on the technical aspect of the ATS
method and discusses its advantages and limitations. The
method is applied to a scanning lidar data set containing
wakes from two wind turbines and various wake–wake in-
teractions. The measurements and LES setup are described
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scanoftheflowaroundthewholewindfarm,althoughthe
flowcanbereconstructedforasingleturbine(Beckand
Kühn,2019).Still,themeasurementcampaignsspansev-
eralmonthsandrequiredatapreprocessingtosortoutinvalid
measurements.Acontrolledexperimentcanbeperformedon
awindtunnelformodelvalidationorreproductionofspe-
cificflowconditions(Sneletal.,2007;ChamorroandPorté-
Agel,2010).Theparticleimagevelocimetry(PIV)provides
goodspatialandtemporalresolutionofthemeasuredwind
fieldbutdealswiththescaledmodelsandhastoaccountfor
theirlimitations.Adifferentapproachisrunningalarge-eddy
simulation(LES)ofawindturbineorawindfarm.While
LESprovidesawiderangeofpossibilitiestosimulateat-
mosphericconditionsandwindfarmconfiguration,itsrep-
resentationofawakestronglydependsontheimplemented
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newdevelopmentisquantitativestudyofwindfarmwakes
fromsatellitedata(Ahsbahsetal.,2020).Thesatellitesgen-
erallyhavealowerspatialresolutionthanscanninglidars
andmeasurewindspeedonthehorizontalnear-surfaceplane
butstillprovidegeneralinformationontheflowaroundwind
farms.

Severalwakeidentificationmethodsexist,varyingincom-
plexityandinputdatarequirements(Quonetal.,2020).
Amongthevarietyofmethods,wefocusonthresholding
andGaussianfittingbecausetheyareapplicabletoa2Dli-
darscaninahorizontalorinclinedplane.Themostcommon
wakeidentificationmethodistofitaone-ortwo-dimensional
Gaussiandistributiontothevelocitydeficitacrossthewake
atvariousdownstreampositionsandgetestimationsofthe
wakecenterandwidthfromthefittedfunction(Fleming
etal.,2014;Vollmeretal.,2016;Krishnamurthyetal.,2017).
Thismethodcanbeappliedtoboththeaveragedandinstan-
taneouswake,althoughtheirregularwakeshapeofthelat-
tercomplicatesthedetection.Forbetteraccuracy,thefitting
requireswindspeeddatainafinespatialresolution.Asuf-
ficientspatialresolutionisachievedbylarge-eddysimula-
tionorparticleimagevelocimetry.TheGaussianfitmethod
canalsobeappliedtothescanningwindlidardata,provided
thewakeregionisresolvedwellenough.Overall,thefitting
methodefficiencydependsonthedataqualityandspatialres-
olution.Themethodalsorequiresthefree-flowwindspeed
tocalculatethewakedeficit.

Alternatively,athresholdvaluecanbedefined.Inthesim-
plestcase,thethresholdsplitstherangeofavailablevalues
intotwo:allvaluesbelowthethresholdfallintoonegroup,
whiletheremainingvaluesformthesecondgroup.Whenap-
pliedtothewindfieldforthewakeidentification,thethresh-
oldwouldsplitthedataintothewakeandfree-flowpoints.
Thresholdingmethodsdependlessonthedataresolutionand
mainlyrelyonthewindspeedvalues.Thesimplestthresh-
oldingmethodsetsathresholdbasedonthewindspeedratio
inthewakeandthefreeflow.AsshownbyEspañaetal.
(2011),themethodiseffectiveforaregularflows,e.g.,in
awindturbine:athresholdof95%ofthefree-flowwind
speedidentifiedthecontinuouspartofthewakeuptothe
downstreamdistanceof6–8D.Theresultingshaperequired
smoothingandfilteringtoreducethenoise.Bastineetal.
(2015)usedastricterthresholdof40%ofthemaximum
wakedeficitontheLESdatatoextractthewakecoreand
performproperorthogonaldecompositionontheprocessed
windfield.

Thethresholdingmethodisnotwidelyusedduetoitsre-
striction:itappliesanempiricalcoefficientthatdoesnotac-
countforthedataqualityandwindspeedfluctuationsinthe
flowfield,whichmaybeacommonissueforalidarscan.
Weproposeanautomatedthresholdestimation,previously
developedforwhitecapdetection–theadaptivethreshold-
ingsegmentation(ATS)method(Bakhoday-Paskyabietal.,
2016).Weadaptthemethodforwakeidentificationandde-
velopnewroutinestoestimatethewakecenterlinewithouta
prioriknowledgeofthewinddirection.

ThisstudyfocusesonthetechnicalaspectoftheATS
methodanddiscussesitsadvantagesandlimitations.The
methodisappliedtoascanninglidardatasetcontaining
wakesfromtwowindturbinesandvariouswake–wakein-
teractions.ThemeasurementsandLESsetuparedescribed
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Figure 1. A schematic shows the (a) location of FINO1 platform,
map made with Natural Earth; (b) wind farms and platforms near
FINO1, status in 2015–2016; and (c) alpha ventus wind farm layout,
with maximum lidar scan area and scanning height at the position
of each wind turbine.

in Sect. 2. Lidar data required additional preprocessing, de-
scribed in Sect. 3. In the same section, we preview diagnos-
tic techniques by using image entropy to evaluate and clas-
sify the data. The application of the image processing method
to the wake identification and characterization is detailed in
Sect. 4. We demonstrate our algorithm on the idealized LES
data as a proof of concept in Sect. 5. We then apply the
same algorithm to the lidar data and compare the result with
the manual wake detection, deficit-based thresholding, and
Gaussian fit method in Sect. 6. The findings are summarized
in Sect. 7. In the Appendix, we briefly discuss the differences
between wake identification from the lidar scan data and the
respective grayscale image.

2 Data description

2.1 Lidar and reference data

We use measurements of wind speed and wind direction
recorded during the Offshore Boundary-Layer Experiment at
FINO1 (OBLEX-F1) campaign. The FINO1 platform is lo-
cated in the North Sea at 54◦00′53.5′′ N, 6◦35′15.5′′ E, 45 km
to the north of the German island of Borkum. The alpha ven-
tus wind farm is located in the vicinity of FINO1 and con-
sists of 12 wind turbines arranged in a rectangular pattern
(Fig. 1). The wind turbines AV1–AV6 are of the type Re-
power 5M with a hub height of 92 m and a rotor diameter
of 126 m; AV7–AV12 are of the type AREVA M5000 with a
hub height of 91.5 m and a rotor diameter D of 116 m. The
row and column distances between the turbines vary within
800–850 m, approximately 7 rotor diameters, 7D. The dis-
tance between FINO1 and the closest wind turbine, AV4, is
405 m.

The FINO1 meteorological mast has a cup anemometer
installed at 90 m above sea level and a vane installed at
100 m a.s.l. (above sea level). The wind speed and direction
measured with those instruments are used to characterize the
free flow. We will further refer to them as the reference wind
speed and direction, respectively.

The scanning Doppler wind lidar Leosphere Wind-
Cube 100S installed at FINO1 is oriented towards the alpha
ventus wind farm. The closest scanned wind turbine, AV7, is
located at 919 m or 7.92D from FINO1 (Fig. 1c). The lidar
is installed at 23.5 m above sea level and operates in a plan
position indicator (PPI) scanning mode. In this mode, the az-
imuth of the lidar beam changes between 131.5 and 179.5◦ at
an elevation angle of 4.62◦. The lidar scans the southwestern
sector of the alpha ventus wind farm and captures wake pat-
terns from two wind turbines, AV7 and AV10. The third wind
turbine, AV11, stays outside of the lidar range in most scans,
but a part of its wake is visible for the specific wind direc-
tions. The wind turbine AV7 is scanned near the hub height
at approximately 97 m. The farther wind turbines AV10 and
AV11 are scanned above the top of the blade tip at 158 and
188 m, respectively.

The lidar measurements partially cover 24 Septem-
ber 2016 and capture a variety of wake–wake interactions.
The consecutive lidar scans are separated by approximately
45 s – the time required for the lidar to finish one scan. The
data set contains 600 lidar scans, which are split into 24 sub-
sets of 25 scans. Each subset contains the first 20–22 min of
each hour. For simplicity of presentation and reference, we
number the lidar scans from 1 to 600.

The ATS algorithm accepts the input data as a grayscale
image. The wind speed data of each lidar scan are normal-
ized by scaling to the range of [0, 1] to imitate the grayscale
intensity as

I =
Umax−U

Umax−Umin
, (1)

where U is the wind speed measured at a point, and Umin and
Umax are minimum and maximum wind speeds registered in
a particular lidar scan. For the lowest wind speed U = Umin
(potential wake points), I = 1 denotes the points with the
highest intensity. Similarly, for the highest wind speed U =
Umax (free-flow points), I = 0 indicates the points with the
lowest intensity.

The wake identification is performed on the data stored in
a polar coordinate matrix (Fig. 2a). For a better presentation,
the resulting data are plotted in the Cartesian coordinates as
a scanned sector (Fig. 2b).

2.2 Large-eddy simulation

We also perform a large-eddy simulation to demonstrate and
verify the performance of the ATS method and compare it
against the Gaussian wake identification and characteriza-
tion method described further in Sect. 4.3. We use the PALM
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Figure1.Aschematicshowsthe(a)locationofFINO1platform,
mapmadewithNaturalEarth;(b)windfarmsandplatformsnear
FINO1,statusin2015–2016;and(c)alphaventuswindfarmlayout,
withmaximumlidarscanareaandscanningheightattheposition
ofeachwindturbine.

inSect.2.Lidardatarequiredadditionalpreprocessing,de-
scribedinSect.3.Inthesamesection,wepreviewdiagnos-
tictechniquesbyusingimageentropytoevaluateandclas-
sifythedata.Theapplicationoftheimageprocessingmethod
tothewakeidentificationandcharacterizationisdetailedin
Sect.4.WedemonstrateouralgorithmontheidealizedLES
dataasaproofofconceptinSect.5.Wethenapplythe
samealgorithmtothelidardataandcomparetheresultwith
themanualwakedetection,deficit-basedthresholding,and
GaussianfitmethodinSect.6.Thefindingsaresummarized
inSect.7.IntheAppendix,webrieflydiscussthedifferences
betweenwakeidentificationfromthelidarscandataandthe
respectivegrayscaleimage.

2Datadescription

2.1Lidarandreferencedata

Weusemeasurementsofwindspeedandwinddirection
recordedduringtheOffshoreBoundary-LayerExperimentat
FINO1(OBLEX-F1)campaign.TheFINO1platformislo-
catedintheNorthSeaat54◦00′53.5′′N,6◦35′15.5′′E,45km
tothenorthoftheGermanislandofBorkum.Thealphaven-
tuswindfarmislocatedinthevicinityofFINO1andcon-
sistsof12windturbinesarrangedinarectangularpattern
(Fig.1).ThewindturbinesAV1–AV6areofthetypeRe-
power5Mwithahubheightof92mandarotordiameter
of126m;AV7–AV12areofthetypeAREVAM5000witha
hubheightof91.5mandarotordiameterDof116m.The
rowandcolumndistancesbetweentheturbinesvarywithin
800–850m,approximately7rotordiameters,7D.Thedis-
tancebetweenFINO1andtheclosestwindturbine,AV4,is
405m.

TheFINO1meteorologicalmasthasacupanemometer
installedat90mabovesealevelandavaneinstalledat
100ma.s.l.(abovesealevel).Thewindspeedanddirection
measuredwiththoseinstrumentsareusedtocharacterizethe
freeflow.Wewillfurtherrefertothemasthereferencewind
speedanddirection,respectively.

ThescanningDopplerwindlidarLeosphereWind-
Cube100SinstalledatFINO1isorientedtowardsthealpha
ventuswindfarm.Theclosestscannedwindturbine,AV7,is
locatedat919mor7.92DfromFINO1(Fig.1c).Thelidar
isinstalledat23.5mabovesealevelandoperatesinaplan
positionindicator(PPI)scanningmode.Inthismode,theaz-
imuthofthelidarbeamchangesbetween131.5and179.5◦at
anelevationangleof4.62◦.Thelidarscansthesouthwestern
sectorofthealphaventuswindfarmandcaptureswakepat-
ternsfromtwowindturbines,AV7andAV10.Thethirdwind
turbine,AV11,staysoutsideofthelidarrangeinmostscans,
butapartofitswakeisvisibleforthespecificwinddirec-
tions.ThewindturbineAV7isscannednearthehubheight
atapproximately97m.ThefartherwindturbinesAV10and
AV11arescannedabovethetopofthebladetipat158and
188m,respectively.

Thelidarmeasurementspartiallycover24Septem-
ber2016andcaptureavarietyofwake–wakeinteractions.
Theconsecutivelidarscansareseparatedbyapproximately
45s–thetimerequiredforthelidartofinishonescan.The
datasetcontains600lidarscans,whicharesplitinto24sub-
setsof25scans.Eachsubsetcontainsthefirst20–22minof
eachhour.Forsimplicityofpresentationandreference,we
numberthelidarscansfrom1to600.

TheATSalgorithmacceptstheinputdataasagrayscale
image.Thewindspeeddataofeachlidarscanarenormal-
izedbyscalingtotherangeof[0,1]toimitatethegrayscale
intensityas

I=
Umax−U

Umax−Umin
,(1)

whereUisthewindspeedmeasuredatapoint,andUminand
Umaxareminimumandmaximumwindspeedsregisteredin
aparticularlidarscan.ForthelowestwindspeedU=Umin
(potentialwakepoints),I=1denotesthepointswiththe
highestintensity.Similarly,forthehighestwindspeedU=
Umax(free-flowpoints),I=0indicatesthepointswiththe
lowestintensity.

Thewakeidentificationisperformedonthedatastoredin
apolarcoordinatematrix(Fig.2a).Forabetterpresentation,
theresultingdataareplottedintheCartesiancoordinatesas
ascannedsector(Fig.2b).

2.2Large-eddysimulation

Wealsoperformalarge-eddysimulationtodemonstrateand
verifytheperformanceoftheATSmethodandcompareit
againsttheGaussianwakeidentificationandcharacteriza-
tionmethoddescribedfurtherinSect.4.3.WeusethePALM
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Figure 1. A schematic shows the (a) location of FINO1 platform,
map made with Natural Earth; (b) wind farms and platforms near
FINO1, status in 2015–2016; and (c) alpha ventus wind farm layout,
with maximum lidar scan area and scanning height at the position
of each wind turbine.

in Sect. 2. Lidar data required additional preprocessing, de-
scribed in Sect. 3. In the same section, we preview diagnos-
tic techniques by using image entropy to evaluate and clas-
sify the data. The application of the image processing method
to the wake identification and characterization is detailed in
Sect. 4. We demonstrate our algorithm on the idealized LES
data as a proof of concept in Sect. 5. We then apply the
same algorithm to the lidar data and compare the result with
the manual wake detection, deficit-based thresholding, and
Gaussian fit method in Sect. 6. The findings are summarized
in Sect. 7. In the Appendix, we briefly discuss the differences
between wake identification from the lidar scan data and the
respective grayscale image.

2 Data description

2.1 Lidar and reference data

We use measurements of wind speed and wind direction
recorded during the Offshore Boundary-Layer Experiment at
FINO1 (OBLEX-F1) campaign. The FINO1 platform is lo-
cated in the North Sea at 54

◦
00
′
53.5

′′
N, 6

◦
35
′
15.5

′′
E, 45 km

to the north of the German island of Borkum. The alpha ven-
tus wind farm is located in the vicinity of FINO1 and con-
sists of 12 wind turbines arranged in a rectangular pattern
(Fig. 1). The wind turbines AV1–AV6 are of the type Re-
power 5M with a hub height of 92 m and a rotor diameter
of 126 m; AV7–AV12 are of the type AREVA M5000 with a
hub height of 91.5 m and a rotor diameter D of 116 m. The
row and column distances between the turbines vary within
800–850 m, approximately 7 rotor diameters, 7D. The dis-
tance between FINO1 and the closest wind turbine, AV4, is
405 m.

The FINO1 meteorological mast has a cup anemometer
installed at 90 m above sea level and a vane installed at
100 m a.s.l. (above sea level). The wind speed and direction
measured with those instruments are used to characterize the
free flow. We will further refer to them as the reference wind
speed and direction, respectively.

The scanning Doppler wind lidar Leosphere Wind-
Cube 100S installed at FINO1 is oriented towards the alpha
ventus wind farm. The closest scanned wind turbine, AV7, is
located at 919 m or 7.92D from FINO1 (Fig. 1c). The lidar
is installed at 23.5 m above sea level and operates in a plan
position indicator (PPI) scanning mode. In this mode, the az-
imuth of the lidar beam changes between 131.5 and 179.5

◦
at

an elevation angle of 4.62
◦
. The lidar scans the southwestern

sector of the alpha ventus wind farm and captures wake pat-
terns from two wind turbines, AV7 and AV10. The third wind
turbine, AV11, stays outside of the lidar range in most scans,
but a part of its wake is visible for the specific wind direc-
tions. The wind turbine AV7 is scanned near the hub height
at approximately 97 m. The farther wind turbines AV10 and
AV11 are scanned above the top of the blade tip at 158 and
188 m, respectively.

The lidar measurements partially cover 24 Septem-
ber 2016 and capture a variety of wake–wake interactions.
The consecutive lidar scans are separated by approximately
45 s – the time required for the lidar to finish one scan. The
data set contains 600 lidar scans, which are split into 24 sub-
sets of 25 scans. Each subset contains the first 20–22 min of
each hour. For simplicity of presentation and reference, we
number the lidar scans from 1 to 600.

The ATS algorithm accepts the input data as a grayscale
image. The wind speed data of each lidar scan are normal-
ized by scaling to the range of [0, 1] to imitate the grayscale
intensity as

I =
Umax−U

Umax−Umin
, (1)

where U is the wind speed measured at a point, and Umin and
Umax are minimum and maximum wind speeds registered in
a particular lidar scan. For the lowest wind speed U = Umin
(potential wake points), I = 1 denotes the points with the
highest intensity. Similarly, for the highest wind speed U =
Umax (free-flow points), I = 0 indicates the points with the
lowest intensity.

The wake identification is performed on the data stored in
a polar coordinate matrix (Fig. 2a). For a better presentation,
the resulting data are plotted in the Cartesian coordinates as
a scanned sector (Fig. 2b).

2.2 Large-eddy simulation

We also perform a large-eddy simulation to demonstrate and
verify the performance of the ATS method and compare it
against the Gaussian wake identification and characteriza-
tion method described further in Sect. 4.3. We use the PALM
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of each wind turbine.
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but a part of its wake is visible for the specific wind direc-
tions. The wind turbine AV7 is scanned near the hub height
at approximately 97 m. The farther wind turbines AV10 and
AV11 are scanned above the top of the blade tip at 158 and
188 m, respectively.

The lidar measurements partially cover 24 Septem-
ber 2016 and capture a variety of wake–wake interactions.
The consecutive lidar scans are separated by approximately
45 s – the time required for the lidar to finish one scan. The
data set contains 600 lidar scans, which are split into 24 sub-
sets of 25 scans. Each subset contains the first 20–22 min of
each hour. For simplicity of presentation and reference, we
number the lidar scans from 1 to 600.

The ATS algorithm accepts the input data as a grayscale
image. The wind speed data of each lidar scan are normal-
ized by scaling to the range of [0, 1] to imitate the grayscale
intensity as

I =
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where U is the wind speed measured at a point, and Umin and
Umax are minimum and maximum wind speeds registered in
a particular lidar scan. For the lowest wind speed U = Umin
(potential wake points), I = 1 denotes the points with the
highest intensity. Similarly, for the highest wind speed U =
Umax (free-flow points), I = 0 indicates the points with the
lowest intensity.

The wake identification is performed on the data stored in
a polar coordinate matrix (Fig. 2a). For a better presentation,
the resulting data are plotted in the Cartesian coordinates as
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2.2 Large-eddy simulation

We also perform a large-eddy simulation to demonstrate and
verify the performance of the ATS method and compare it
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FINO1,statusin2015–2016;and(c)alphaventuswindfarmlayout,
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GaussianfitmethodinSect.6.Thefindingsaresummarized
inSect.7.IntheAppendix,webrieflydiscussthedifferences
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rowandcolumndistancesbetweentheturbinesvarywithin
800–850m,approximately7rotordiameters,7D.Thedis-
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installedat90mabovesealevelandavaneinstalledat
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188m,respectively.

Thelidarmeasurementspartiallycover24Septem-
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intensityas

I=
Umax−U

Umax−Umin
,(1)

whereUisthewindspeedmeasuredatapoint,andUminand
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Theconsecutivelidarscansareseparatedbyapproximately
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setsof25scans.Eachsubsetcontainsthefirst20–22minof
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(potentialwakepoints),I=1denotesthepointswiththe
highestintensity.Similarly,forthehighestwindspeedU=
Umax(free-flowpoints),I=0indicatesthepointswiththe
lowestintensity.

Thewakeidentificationisperformedonthedatastoredin
apolarcoordinatematrix(Fig.2a).Forabetterpresentation,
theresultingdataareplottedintheCartesiancoordinatesas
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2.2Large-eddysimulation

Wealsoperformalarge-eddysimulationtodemonstrateand
verifytheperformanceoftheATSmethodandcompareit
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Figure 2. An example lidar scan 497 taken on 24 September 2016
19:18:20 UTC+0 at reference wind speed 7.4 m s−1 and reference
wind direction 151.14◦. The original data are presented in (a) the
polar coordinates R, ϕ as stored in the matrix and (b) the Cartesian
coordinates X, Y .

LES code with a built-in actuator disc with rotation (ADR)
wind turbine model (Maronga et al., 2020). The results pro-
duced with the model were shown to capture the reduction
of the wake deficit with the downstream distance at the rate
similar to the accounted for wind turbines (Vollmer et al.,
2015, 2017; Doubrawa et al., 2020). The wake recovery as-
pect is particularly important to test the ATS method perfor-
mance in the far wake. The currently used polynomial kernel
also allows us to fit the Gaussian function to compare it with
the ATS method.

The domain contains 2304×576×192 points and has hori-
zontal grid spacing of 4 m. The vertical spacing below 600 m
is also 4 m. Above 600 m, the vertical spacing is stretched
with a factor of 1.08, capped at maximum 8 m grid cell
height. The roughness length of z0 = 0.0005 m corresponds
to the calm sea surface. The Coriolis forcing is enabled for
the latitude of 54◦, and the wind speed components are set to
u= 10.5 m s−1 and v =−2.6 m−1 so that the flow rotation is
compensated for, and the flow is aligned with the x axis, re-
sulting in horizontal speed of 10 m s−1 at the hub height. The
surface temperature is 277 K and increases by 1 K per 100 m.
Neither heat flux nor surface heating are activated. During
the simulation the turbulence intensity reaches 6.6 %.

The reference NREL 5 MW wind turbine has a hub height
of 102 m and a diameter of Dr = 126 m and is placed in the
center of the domain so that the wake length can reach up to
20Dr.

The LES is used solely to generate idealized wake data.
No direct comparison to the lidar data is performed.

Figure 3. Comparison of the mean radial wind speed and the refer-
ence wind direction in the data set.

3 Lidar data pre-processing and classification

3.1 Data quality

Working with the current data set, we encountered two types
of noise affecting the quality of the wake identification
through thresholding: small wind speed fluctuations not di-
rectly caused by the wake and high wind speed values ap-
pearing due to a measurement error.

The measurement errors are primarily caused by the differ-
ence between wind direction and lidar orientation. The lidar
measures radial velocity, which can be represented through
three directional wind speed components u, v, and w, and
the information on the line of sight of the lidar beam, given
by the azimuth φ and elevation angle θ :

U = usinφ cosθ + v cosφ cosθ +w sinθ. (2)

When the wind blows along the lidar’s line of sight, the
measured radial velocity is essentially the horizontal wind
speed. If the wind direction differs from the line of sight, the
radial velocity deviates from the actual wind speed magni-
tude. In the case of crosswind – the wind direction is close to
perpendicular to the line of sight – the radial velocity tends to
zero and does not represent the actual wind speed. The mea-
surements taken during the crosswind event are more prone
to errors compared to other wind directions.

When plotted against the reference wind direction, the ref-
erence wind speed and mean radial wind speed of a lidar
scan show strong discrepancy for a range of wind direc-
tions (Fig. 3). With the lidar scanning in the range of 131.5–
179.5◦, the crosswind effects can be expected for the wind di-
rections of 221.5–269.5◦. As shown in Fig. 3, the crosswind
effects already appear for the wind direction above 210◦. The
scans taken near the crosswind direction show a large number
of non-physical wind speed values reaching 100–1000 m s−1.
We further refer to these scans as “corrupted”.

Occasionally, we also observe weaker spikes in the radial
wind speed, most of which are localized at the position of a
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Figure2.Anexamplelidarscan497takenon24September2016
19:18:20UTC+0atreferencewindspeed7.4ms−1andreference
winddirection151.14◦.Theoriginaldataarepresentedin(a)the
polarcoordinatesR,ϕasstoredinthematrixand(b)theCartesian
coordinatesX,Y.

LEScodewithabuilt-inactuatordiscwithrotation(ADR)
windturbinemodel(Marongaetal.,2020).Theresultspro-
ducedwiththemodelwereshowntocapturethereduction
ofthewakedeficitwiththedownstreamdistanceattherate
similartotheaccountedforwindturbines(Vollmeretal.,
2015,2017;Doubrawaetal.,2020).Thewakerecoveryas-
pectisparticularlyimportanttotesttheATSmethodperfor-
manceinthefarwake.Thecurrentlyusedpolynomialkernel
alsoallowsustofittheGaussianfunctiontocompareitwith
theATSmethod.

Thedomaincontains2304×576×192pointsandhashori-
zontalgridspacingof4m.Theverticalspacingbelow600m
isalso4m.Above600m,theverticalspacingisstretched
withafactorof1.08,cappedatmaximum8mgridcell
height.Theroughnesslengthofz0=0.0005mcorresponds
tothecalmseasurface.TheCoriolisforcingisenabledfor
thelatitudeof54◦,andthewindspeedcomponentsaresetto
u=10.5ms−1andv=−2.6m−1sothattheflowrotationis
compensatedfor,andtheflowisalignedwiththexaxis,re-
sultinginhorizontalspeedof10ms−1atthehubheight.The
surfacetemperatureis277Kandincreasesby1Kper100m.
Neitherheatfluxnorsurfaceheatingareactivated.During
thesimulationtheturbulenceintensityreaches6.6%.

ThereferenceNREL5MWwindturbinehasahubheight
of102mandadiameterofDr=126mandisplacedinthe
centerofthedomainsothatthewakelengthcanreachupto
20Dr.

TheLESisusedsolelytogenerateidealizedwakedata.
Nodirectcomparisontothelidardataisperformed.

Figure3.Comparisonofthemeanradialwindspeedandtherefer-
encewinddirectioninthedataset.

3Lidardatapre-processingandclassification

3.1Dataquality

Workingwiththecurrentdataset,weencounteredtwotypes
ofnoiseaffectingthequalityofthewakeidentification
throughthresholding:smallwindspeedfluctuationsnotdi-
rectlycausedbythewakeandhighwindspeedvaluesap-
pearingduetoameasurementerror.

Themeasurementerrorsareprimarilycausedbythediffer-
encebetweenwinddirectionandlidarorientation.Thelidar
measuresradialvelocity,whichcanberepresentedthrough
threedirectionalwindspeedcomponentsu,v,andw,and
theinformationonthelineofsightofthelidarbeam,given
bytheazimuthφandelevationangleθ:

U=usinφcosθ+vcosφcosθ+wsinθ.(2)

Whenthewindblowsalongthelidar’slineofsight,the
measuredradialvelocityisessentiallythehorizontalwind
speed.Ifthewinddirectiondiffersfromthelineofsight,the
radialvelocitydeviatesfromtheactualwindspeedmagni-
tude.Inthecaseofcrosswind–thewinddirectioniscloseto
perpendiculartothelineofsight–theradialvelocitytendsto
zeroanddoesnotrepresenttheactualwindspeed.Themea-
surementstakenduringthecrosswindeventaremoreprone
toerrorscomparedtootherwinddirections.

Whenplottedagainstthereferencewinddirection,theref-
erencewindspeedandmeanradialwindspeedofalidar
scanshowstrongdiscrepancyforarangeofwinddirec-
tions(Fig.3).Withthelidarscanningintherangeof131.5–
179.5◦,thecrosswindeffectscanbeexpectedforthewinddi-
rectionsof221.5–269.5◦.AsshowninFig.3,thecrosswind
effectsalreadyappearforthewinddirectionabove210◦.The
scanstakennearthecrosswinddirectionshowalargenumber
ofnon-physicalwindspeedvaluesreaching100–1000ms−1.
Wefurtherrefertothesescansas“corrupted”.

Occasionally,wealsoobserveweakerspikesintheradial
windspeed,mostofwhicharelocalizedatthepositionofa
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Figure 2. An example lidar scan 497 taken on 24 September 2016
19:18:20 UTC+0 at reference wind speed 7.4 m s
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wind direction 151.14
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wind turbine model (Maronga et al., 2020). The results pro-
duced with the model were shown to capture the reduction
of the wake deficit with the downstream distance at the rate
similar to the accounted for wind turbines (Vollmer et al.,
2015, 2017; Doubrawa et al., 2020). The wake recovery as-
pect is particularly important to test the ATS method perfor-
mance in the far wake. The currently used polynomial kernel
also allows us to fit the Gaussian function to compare it with
the ATS method.

The domain contains 2304×576×192 points and has hori-
zontal grid spacing of 4 m. The vertical spacing below 600 m
is also 4 m. Above 600 m, the vertical spacing is stretched
with a factor of 1.08, capped at maximum 8 m grid cell
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to the calm sea surface. The Coriolis forcing is enabled for
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−1 so that the flow rotation is
compensated for, and the flow is aligned with the x axis, re-
sulting in horizontal speed of 10 m s
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surface temperature is 277 K and increases by 1 K per 100 m.
Neither heat flux nor surface heating are activated. During
the simulation the turbulence intensity reaches 6.6 %.

The reference NREL 5 MW wind turbine has a hub height
of 102 m and a diameter of Dr = 126 m and is placed in the
center of the domain so that the wake length can reach up to
20Dr.
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ence wind direction in the data set.

3 Lidar data pre-processing and classification

3.1 Data quality

Working with the current data set, we encountered two types
of noise affecting the quality of the wake identification
through thresholding: small wind speed fluctuations not di-
rectly caused by the wake and high wind speed values ap-
pearing due to a measurement error.

The measurement errors are primarily caused by the differ-
ence between wind direction and lidar orientation. The lidar
measures radial velocity, which can be represented through
three directional wind speed components u, v, and w, and
the information on the line of sight of the lidar beam, given
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U = usinφ cosθ + v cosφ cosθ +w sinθ. (2)
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surements taken during the crosswind event are more prone
to errors compared to other wind directions.

When plotted against the reference wind direction, the ref-
erence wind speed and mean radial wind speed of a lidar
scan show strong discrepancy for a range of wind direc-
tions (Fig. 3). With the lidar scanning in the range of 131.5–
179.5

◦
, the crosswind effects can be expected for the wind di-

rections of 221.5–269.5
◦
. As shown in Fig. 3, the crosswind

effects already appear for the wind direction above 210
◦
. The

scans taken near the crosswind direction show a large number
of non-physical wind speed values reaching 100–1000 m s

−1.
We further refer to these scans as “corrupted”.

Occasionally, we also observe weaker spikes in the radial
wind speed, most of which are localized at the position of a
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Figure 2. An example lidar scan 497 taken on 24 September 2016
19:18:20 UTC+0 at reference wind speed 7.4 m s

−1 and reference
wind direction 151.14

◦
. The original data are presented in (a) the

polar coordinates R, ϕ as stored in the matrix and (b) the Cartesian
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When plotted against the reference wind direction, the ref-
erence wind speed and mean radial wind speed of a lidar
scan show strong discrepancy for a range of wind direc-
tions (Fig. 3). With the lidar scanning in the range of 131.5–
179.5

◦
, the crosswind effects can be expected for the wind di-

rections of 221.5–269.5
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effects already appear for the wind direction above 210
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. The

scans taken near the crosswind direction show a large number
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−1.
We further refer to these scans as “corrupted”.

Occasionally, we also observe weaker spikes in the radial
wind speed, most of which are localized at the position of a
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Figure2.Anexamplelidarscan497takenon24September2016
19:18:20UTC+0atreferencewindspeed7.4ms

−1andreference
winddirection151.14

◦
.Theoriginaldataarepresentedin(a)the

polarcoordinatesR,ϕasstoredinthematrixand(b)theCartesian
coordinatesX,Y.

LEScodewithabuilt-inactuatordiscwithrotation(ADR)
windturbinemodel(Marongaetal.,2020).Theresultspro-
ducedwiththemodelwereshowntocapturethereduction
ofthewakedeficitwiththedownstreamdistanceattherate
similartotheaccountedforwindturbines(Vollmeretal.,
2015,2017;Doubrawaetal.,2020).Thewakerecoveryas-
pectisparticularlyimportanttotesttheATSmethodperfor-
manceinthefarwake.Thecurrentlyusedpolynomialkernel
alsoallowsustofittheGaussianfunctiontocompareitwith
theATSmethod.

Thedomaincontains2304×576×192pointsandhashori-
zontalgridspacingof4m.Theverticalspacingbelow600m
isalso4m.Above600m,theverticalspacingisstretched
withafactorof1.08,cappedatmaximum8mgridcell
height.Theroughnesslengthofz0=0.0005mcorresponds
tothecalmseasurface.TheCoriolisforcingisenabledfor
thelatitudeof54

◦
,andthewindspeedcomponentsaresetto

u=10.5ms
−1andv=−2.6m

−1sothattheflowrotationis
compensatedfor,andtheflowisalignedwiththexaxis,re-
sultinginhorizontalspeedof10ms

−1atthehubheight.The
surfacetemperatureis277Kandincreasesby1Kper100m.
Neitherheatfluxnorsurfaceheatingareactivated.During
thesimulationtheturbulenceintensityreaches6.6%.

ThereferenceNREL5MWwindturbinehasahubheight
of102mandadiameterofDr=126mandisplacedinthe
centerofthedomainsothatthewakelengthcanreachupto
20Dr.

TheLESisusedsolelytogenerateidealizedwakedata.
Nodirectcomparisontothelidardataisperformed.

Figure3.Comparisonofthemeanradialwindspeedandtherefer-
encewinddirectioninthedataset.

3Lidardatapre-processingandclassification

3.1Dataquality

Workingwiththecurrentdataset,weencounteredtwotypes
ofnoiseaffectingthequalityofthewakeidentification
throughthresholding:smallwindspeedfluctuationsnotdi-
rectlycausedbythewakeandhighwindspeedvaluesap-
pearingduetoameasurementerror.

Themeasurementerrorsareprimarilycausedbythediffer-
encebetweenwinddirectionandlidarorientation.Thelidar
measuresradialvelocity,whichcanberepresentedthrough
threedirectionalwindspeedcomponentsu,v,andw,and
theinformationonthelineofsightofthelidarbeam,given
bytheazimuthφandelevationangleθ:

U=usinφcosθ+vcosφcosθ+wsinθ.(2)

Whenthewindblowsalongthelidar’slineofsight,the
measuredradialvelocityisessentiallythehorizontalwind
speed.Ifthewinddirectiondiffersfromthelineofsight,the
radialvelocitydeviatesfromtheactualwindspeedmagni-
tude.Inthecaseofcrosswind–thewinddirectioniscloseto
perpendiculartothelineofsight–theradialvelocitytendsto
zeroanddoesnotrepresenttheactualwindspeed.Themea-
surementstakenduringthecrosswindeventaremoreprone
toerrorscomparedtootherwinddirections.

Whenplottedagainstthereferencewinddirection,theref-
erencewindspeedandmeanradialwindspeedofalidar
scanshowstrongdiscrepancyforarangeofwinddirec-
tions(Fig.3).Withthelidarscanningintherangeof131.5–
179.5

◦
,thecrosswindeffectscanbeexpectedforthewinddi-

rectionsof221.5–269.5
◦
.AsshowninFig.3,thecrosswind

effectsalreadyappearforthewinddirectionabove210
◦
.The

scanstakennearthecrosswinddirectionshowalargenumber
ofnon-physicalwindspeedvaluesreaching100–1000ms

−1.
Wefurtherrefertothesescansas“corrupted”.

Occasionally,wealsoobserveweakerspikesintheradial
windspeed,mostofwhicharelocalizedatthepositionofa
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Figure 4. Consecutive lidar scans from the bimodal subset. No out-
liers are present in scans 442 (a) and 444 (c), while scan 443 (b)
has wind speed spikes near the wind turbine position and in the far
range; panel (d) shows the intensity distribution for the same scans.

wind turbine AV10, implying a measurement error due to the
lidar beam reflection from rotating blades. The reference and
mean radial wind speeds remain in good agreement for the
wind directions below 210◦ despite containing spikes in the
wind speed data. Nevertheless, the outliers cause an intensity
skew when the wind speed data are normalized to the range
of [0, 1] (Fig. 4). The intensity distribution peak moves to
the right, with the left side containing occasional low bumps
caused by the spikes (Fig. 4d).

In the example, the middle scan (Fig. 4b) has a wind speed
spike of 15 m s−1, while the reference wind speed reaches
5.8 m s−1. The radial wind speed magnitude measured in the
spike region stays below 7 m s−1. The lidar scan after nor-
malization shows less contrast compared to the adjacent lidar
scans.

To preserve the uniformity between consequent lidar scans
of the same subset, we perform despiking – detection and re-
moval of the spikes. The spikes are detected based on the
wind speed value and the difference with the adjacent points.
We delete all values higher than 30 m s−1 and check the re-
maining data for the local maximums. An empirically chosen
wind speed difference of 7 m s−1 proved to be enough to des-
ignate a local maximum as a spike. When a spike consists of
a single or double point, the values there are deleted, and the

resulting gap is filled by interpolation to retain the continu-
ous wind field. Three or more adjacent points designated as
spike are considered a noise cluster; in such cases, gap filling
after removal is not performed.

Since the lidar is oriented towards the closest wind tur-
bine, a string of missing values – a wind turbine “shadow”
– is always present in the lidar scans regardless of the wind
direction. The shadow rarely crosses wind turbine wakes and
does not noticeably affect the performance of the wake de-
tection methods. Hence we do not perform a gap filling to
remove the shadow in addition to the despiking.

3.2 Information entropy and data classification

We introduce entropy criteria as an alternative to using ref-
erence wind speed and direction for quality control. The en-
tropy application ranges from finding a threshold (Pun, 1981)
to object classification in an image (e.g., satellite map seg-
mentation by Long and Singh, 2013). Here, we calculate it
primarily for diagnostic purposes and data classification into
subsets.

The information entropy is a measure of noise in the data.
It can be calculated for the whole data set as well as across the
rows or columns of a rectangular matrix containing 2D data.
We apply Shannon entropy S (Shannon, 1948) as follows:

S =−

n∑
i=1

P (xi) log2P (xi) , (3)

where P (xi) is the probability density function (PDF) of the
variable xi (here intensity) to occur in the data. If the entropy
tends to zero, it indicates uniform data. A high entropy value
implies disturbances in the lidar scan due to wakes or noise.

To analyze lidar scan features, we calculate entropy for
the partial data instead of the whole scan. We select wind
speed values in either the radial or azimuthal direction and
calculate a PDF of this sample to pass it to the entropy func-
tion. An example is presented in Fig. 5. The top and the left
parts of the example scan in polar coordinates do not con-
tain wakes; hence the entropy calculated for the respective
rows and columns is lower than for the wake regions. The en-
tropy calculated in the radial direction (Fig. 5a) is higher for
columns crossing both wakes instead of one due to a higher
disturbance rate. An additional entropy increase near the az-
imuth of 130–140◦ can be explained by high noise at the lidar
scan border. The entropy calculated in the azimuthal direc-
tion (Fig. 5c) shows a peak for the AV7 wake. The AV10
far wake produces a less prominent peak, indicating a wake
spread along a longer distance and not aligned with the az-
imuthal direction.

We calculate the entropy in radial and azimuthal direc-
tions for all lidar scans before preprocessing. Combined into
two plots, the entropies present an overview of the data set
(Fig. 6). The respective wind turbine positions are marked on
the right axis. The lower color bar limit is adjusted for better
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Figure4.Consecutivelidarscansfromthebimodalsubset.Noout-
liersarepresentinscans442(a)and444(c),whilescan443(b)
haswindspeedspikesnearthewindturbinepositionandinthefar
range;panel(d)showstheintensitydistributionforthesamescans.

windturbineAV10,implyingameasurementerrorduetothe
lidarbeamreflectionfromrotatingblades.Thereferenceand
meanradialwindspeedsremainingoodagreementforthe
winddirectionsbelow210◦despitecontainingspikesinthe
windspeeddata.Nevertheless,theoutlierscauseanintensity
skewwhenthewindspeeddataarenormalizedtotherange
of[0,1](Fig.4).Theintensitydistributionpeakmovesto
theright,withtheleftsidecontainingoccasionallowbumps
causedbythespikes(Fig.4d).

Intheexample,themiddlescan(Fig.4b)hasawindspeed
spikeof15ms−1,whilethereferencewindspeedreaches
5.8ms−1.Theradialwindspeedmagnitudemeasuredinthe
spikeregionstaysbelow7ms−1.Thelidarscanafternor-
malizationshowslesscontrastcomparedtotheadjacentlidar
scans.

Topreservetheuniformitybetweenconsequentlidarscans
ofthesamesubset,weperformdespiking–detectionandre-
movalofthespikes.Thespikesaredetectedbasedonthe
windspeedvalueandthedifferencewiththeadjacentpoints.
Wedeleteallvalueshigherthan30ms−1andcheckthere-
mainingdataforthelocalmaximums.Anempiricallychosen
windspeeddifferenceof7ms−1provedtobeenoughtodes-
ignatealocalmaximumasaspike.Whenaspikeconsistsof
asingleordoublepoint,thevaluestherearedeleted,andthe

resultinggapisfilledbyinterpolationtoretainthecontinu-
ouswindfield.Threeormoreadjacentpointsdesignatedas
spikeareconsideredanoisecluster;insuchcases,gapfilling
afterremovalisnotperformed.

Sincethelidarisorientedtowardstheclosestwindtur-
bine,astringofmissingvalues–awindturbine“shadow”
–isalwayspresentinthelidarscansregardlessofthewind
direction.Theshadowrarelycrosseswindturbinewakesand
doesnotnoticeablyaffecttheperformanceofthewakede-
tectionmethods.Hencewedonotperformagapfillingto
removetheshadowinadditiontothedespiking.

3.2Informationentropyanddataclassification

Weintroduceentropycriteriaasanalternativetousingref-
erencewindspeedanddirectionforqualitycontrol.Theen-
tropyapplicationrangesfromfindingathreshold(Pun,1981)
toobjectclassificationinanimage(e.g.,satellitemapseg-
mentationbyLongandSingh,2013).Here,wecalculateit
primarilyfordiagnosticpurposesanddataclassificationinto
subsets.

Theinformationentropyisameasureofnoiseinthedata.
Itcanbecalculatedforthewholedatasetaswellasacrossthe
rowsorcolumnsofarectangularmatrixcontaining2Ddata.
WeapplyShannonentropyS(Shannon,1948)asfollows:

S=−

n∑
i=1

P(xi)log2P(xi),(3)

whereP(xi)istheprobabilitydensityfunction(PDF)ofthe
variablexi(hereintensity)tooccurinthedata.Iftheentropy
tendstozero,itindicatesuniformdata.Ahighentropyvalue
impliesdisturbancesinthelidarscanduetowakesornoise.

Toanalyzelidarscanfeatures,wecalculateentropyfor
thepartialdatainsteadofthewholescan.Weselectwind
speedvaluesineithertheradialorazimuthaldirectionand
calculateaPDFofthissampletopassittotheentropyfunc-
tion.AnexampleispresentedinFig.5.Thetopandtheleft
partsoftheexamplescaninpolarcoordinatesdonotcon-
tainwakes;hencetheentropycalculatedfortherespective
rowsandcolumnsislowerthanforthewakeregions.Theen-
tropycalculatedintheradialdirection(Fig.5a)ishigherfor
columnscrossingbothwakesinsteadofoneduetoahigher
disturbancerate.Anadditionalentropyincreaseneartheaz-
imuthof130–140◦canbeexplainedbyhighnoiseatthelidar
scanborder.Theentropycalculatedintheazimuthaldirec-
tion(Fig.5c)showsapeakfortheAV7wake.TheAV10
farwakeproducesalessprominentpeak,indicatingawake
spreadalongalongerdistanceandnotalignedwiththeaz-
imuthaldirection.

Wecalculatetheentropyinradialandazimuthaldirec-
tionsforalllidarscansbeforepreprocessing.Combinedinto
twoplots,theentropiespresentanoverviewofthedataset
(Fig.6).Therespectivewindturbinepositionsaremarkedon
therightaxis.Thelowercolorbarlimitisadjustedforbetter
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Figure4.Consecutivelidarscansfromthebimodalsubset.Noout-
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afterremovalisnotperformed.
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tion(Fig.5c)showsapeakfortheAV7wake.TheAV10
farwakeproducesalessprominentpeak,indicatingawake
spreadalongalongerdistanceandnotalignedwiththeaz-
imuthaldirection.

Wecalculatetheentropyinradialandazimuthaldirec-
tionsforalllidarscansbeforepreprocessing.Combinedinto
twoplots,theentropiespresentanoverviewofthedataset
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Figure 4. Consecutive lidar scans from the bimodal subset. No out-
liers are present in scans 442 (a) and 444 (c), while scan 443 (b)
has wind speed spikes near the wind turbine position and in the far
range; panel (d) shows the intensity distribution for the same scans.

wind turbine AV10, implying a measurement error due to the
lidar beam reflection from rotating blades. The reference and
mean radial wind speeds remain in good agreement for the
wind directions below 210

◦
despite containing spikes in the

wind speed data. Nevertheless, the outliers cause an intensity
skew when the wind speed data are normalized to the range
of [0, 1] (Fig. 4). The intensity distribution peak moves to
the right, with the left side containing occasional low bumps
caused by the spikes (Fig. 4d).

In the example, the middle scan (Fig. 4b) has a wind speed
spike of 15 m s

−1, while the reference wind speed reaches
5.8 m s

−1. The radial wind speed magnitude measured in the
spike region stays below 7 m s

−1. The lidar scan after nor-
malization shows less contrast compared to the adjacent lidar
scans.

To preserve the uniformity between consequent lidar scans
of the same subset, we perform despiking – detection and re-
moval of the spikes. The spikes are detected based on the
wind speed value and the difference with the adjacent points.
We delete all values higher than 30 m s

−1 and check the re-
maining data for the local maximums. An empirically chosen
wind speed difference of 7 m s

−1 proved to be enough to des-
ignate a local maximum as a spike. When a spike consists of
a single or double point, the values there are deleted, and the

resulting gap is filled by interpolation to retain the continu-
ous wind field. Three or more adjacent points designated as
spike are considered a noise cluster; in such cases, gap filling
after removal is not performed.

Since the lidar is oriented towards the closest wind tur-
bine, a string of missing values – a wind turbine “shadow”
– is always present in the lidar scans regardless of the wind
direction. The shadow rarely crosses wind turbine wakes and
does not noticeably affect the performance of the wake de-
tection methods. Hence we do not perform a gap filling to
remove the shadow in addition to the despiking.

3.2 Information entropy and data classification

We introduce entropy criteria as an alternative to using ref-
erence wind speed and direction for quality control. The en-
tropy application ranges from finding a threshold (Pun, 1981)
to object classification in an image (e.g., satellite map seg-
mentation by Long and Singh, 2013). Here, we calculate it
primarily for diagnostic purposes and data classification into
subsets.

The information entropy is a measure of noise in the data.
It can be calculated for the whole data set as well as across the
rows or columns of a rectangular matrix containing 2D data.
We apply Shannon entropy S (Shannon, 1948) as follows:

S =−

n∑
i=1

P (xi) log2P (xi) , (3)

where P (xi) is the probability density function (PDF) of the
variable xi (here intensity) to occur in the data. If the entropy
tends to zero, it indicates uniform data. A high entropy value
implies disturbances in the lidar scan due to wakes or noise.

To analyze lidar scan features, we calculate entropy for
the partial data instead of the whole scan. We select wind
speed values in either the radial or azimuthal direction and
calculate a PDF of this sample to pass it to the entropy func-
tion. An example is presented in Fig. 5. The top and the left
parts of the example scan in polar coordinates do not con-
tain wakes; hence the entropy calculated for the respective
rows and columns is lower than for the wake regions. The en-
tropy calculated in the radial direction (Fig. 5a) is higher for
columns crossing both wakes instead of one due to a higher
disturbance rate. An additional entropy increase near the az-
imuth of 130–140

◦
can be explained by high noise at the lidar

scan border. The entropy calculated in the azimuthal direc-
tion (Fig. 5c) shows a peak for the AV7 wake. The AV10
far wake produces a less prominent peak, indicating a wake
spread along a longer distance and not aligned with the az-
imuthal direction.

We calculate the entropy in radial and azimuthal direc-
tions for all lidar scans before preprocessing. Combined into
two plots, the entropies present an overview of the data set
(Fig. 6). The respective wind turbine positions are marked on
the right axis. The lower color bar limit is adjusted for better
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Figure 4. Consecutive lidar scans from the bimodal subset. No out-
liers are present in scans 442 (a) and 444 (c), while scan 443 (b)
has wind speed spikes near the wind turbine position and in the far
range; panel (d) shows the intensity distribution for the same scans.

wind turbine AV10, implying a measurement error due to the
lidar beam reflection from rotating blades. The reference and
mean radial wind speeds remain in good agreement for the
wind directions below 210

◦
despite containing spikes in the

wind speed data. Nevertheless, the outliers cause an intensity
skew when the wind speed data are normalized to the range
of [0, 1] (Fig. 4). The intensity distribution peak moves to
the right, with the left side containing occasional low bumps
caused by the spikes (Fig. 4d).

In the example, the middle scan (Fig. 4b) has a wind speed
spike of 15 m s

−1, while the reference wind speed reaches
5.8 m s

−1. The radial wind speed magnitude measured in the
spike region stays below 7 m s

−1. The lidar scan after nor-
malization shows less contrast compared to the adjacent lidar
scans.

To preserve the uniformity between consequent lidar scans
of the same subset, we perform despiking – detection and re-
moval of the spikes. The spikes are detected based on the
wind speed value and the difference with the adjacent points.
We delete all values higher than 30 m s

−1 and check the re-
maining data for the local maximums. An empirically chosen
wind speed difference of 7 m s

−1 proved to be enough to des-
ignate a local maximum as a spike. When a spike consists of
a single or double point, the values there are deleted, and the

resulting gap is filled by interpolation to retain the continu-
ous wind field. Three or more adjacent points designated as
spike are considered a noise cluster; in such cases, gap filling
after removal is not performed.

Since the lidar is oriented towards the closest wind tur-
bine, a string of missing values – a wind turbine “shadow”
– is always present in the lidar scans regardless of the wind
direction. The shadow rarely crosses wind turbine wakes and
does not noticeably affect the performance of the wake de-
tection methods. Hence we do not perform a gap filling to
remove the shadow in addition to the despiking.

3.2 Information entropy and data classification

We introduce entropy criteria as an alternative to using ref-
erence wind speed and direction for quality control. The en-
tropy application ranges from finding a threshold (Pun, 1981)
to object classification in an image (e.g., satellite map seg-
mentation by Long and Singh, 2013). Here, we calculate it
primarily for diagnostic purposes and data classification into
subsets.

The information entropy is a measure of noise in the data.
It can be calculated for the whole data set as well as across the
rows or columns of a rectangular matrix containing 2D data.
We apply Shannon entropy S (Shannon, 1948) as follows:

S =−

n∑
i=1

P (xi) log2P (xi) , (3)

where P (xi) is the probability density function (PDF) of the
variable xi (here intensity) to occur in the data. If the entropy
tends to zero, it indicates uniform data. A high entropy value
implies disturbances in the lidar scan due to wakes or noise.

To analyze lidar scan features, we calculate entropy for
the partial data instead of the whole scan. We select wind
speed values in either the radial or azimuthal direction and
calculate a PDF of this sample to pass it to the entropy func-
tion. An example is presented in Fig. 5. The top and the left
parts of the example scan in polar coordinates do not con-
tain wakes; hence the entropy calculated for the respective
rows and columns is lower than for the wake regions. The en-
tropy calculated in the radial direction (Fig. 5a) is higher for
columns crossing both wakes instead of one due to a higher
disturbance rate. An additional entropy increase near the az-
imuth of 130–140

◦
can be explained by high noise at the lidar

scan border. The entropy calculated in the azimuthal direc-
tion (Fig. 5c) shows a peak for the AV7 wake. The AV10
far wake produces a less prominent peak, indicating a wake
spread along a longer distance and not aligned with the az-
imuthal direction.

We calculate the entropy in radial and azimuthal direc-
tions for all lidar scans before preprocessing. Combined into
two plots, the entropies present an overview of the data set
(Fig. 6). The respective wind turbine positions are marked on
the right axis. The lower color bar limit is adjusted for better
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Figure4.Consecutivelidarscansfromthebimodalsubset.Noout-
liersarepresentinscans442(a)and444(c),whilescan443(b)
haswindspeedspikesnearthewindturbinepositionandinthefar
range;panel(d)showstheintensitydistributionforthesamescans.

windturbineAV10,implyingameasurementerrorduetothe
lidarbeamreflectionfromrotatingblades.Thereferenceand
meanradialwindspeedsremainingoodagreementforthe
winddirectionsbelow210

◦
despitecontainingspikesinthe

windspeeddata.Nevertheless,theoutlierscauseanintensity
skewwhenthewindspeeddataarenormalizedtotherange
of[0,1](Fig.4).Theintensitydistributionpeakmovesto
theright,withtheleftsidecontainingoccasionallowbumps
causedbythespikes(Fig.4d).

Intheexample,themiddlescan(Fig.4b)hasawindspeed
spikeof15ms

−1,whilethereferencewindspeedreaches
5.8ms

−1.Theradialwindspeedmagnitudemeasuredinthe
spikeregionstaysbelow7ms

−1.Thelidarscanafternor-
malizationshowslesscontrastcomparedtotheadjacentlidar
scans.

Topreservetheuniformitybetweenconsequentlidarscans
ofthesamesubset,weperformdespiking–detectionandre-
movalofthespikes.Thespikesaredetectedbasedonthe
windspeedvalueandthedifferencewiththeadjacentpoints.
Wedeleteallvalueshigherthan30ms

−1andcheckthere-
mainingdataforthelocalmaximums.Anempiricallychosen
windspeeddifferenceof7ms

−1provedtobeenoughtodes-
ignatealocalmaximumasaspike.Whenaspikeconsistsof
asingleordoublepoint,thevaluestherearedeleted,andthe

resultinggapisfilledbyinterpolationtoretainthecontinu-
ouswindfield.Threeormoreadjacentpointsdesignatedas
spikeareconsideredanoisecluster;insuchcases,gapfilling
afterremovalisnotperformed.

Sincethelidarisorientedtowardstheclosestwindtur-
bine,astringofmissingvalues–awindturbine“shadow”
–isalwayspresentinthelidarscansregardlessofthewind
direction.Theshadowrarelycrosseswindturbinewakesand
doesnotnoticeablyaffecttheperformanceofthewakede-
tectionmethods.Hencewedonotperformagapfillingto
removetheshadowinadditiontothedespiking.

3.2Informationentropyanddataclassification

Weintroduceentropycriteriaasanalternativetousingref-
erencewindspeedanddirectionforqualitycontrol.Theen-
tropyapplicationrangesfromfindingathreshold(Pun,1981)
toobjectclassificationinanimage(e.g.,satellitemapseg-
mentationbyLongandSingh,2013).Here,wecalculateit
primarilyfordiagnosticpurposesanddataclassificationinto
subsets.

Theinformationentropyisameasureofnoiseinthedata.
Itcanbecalculatedforthewholedatasetaswellasacrossthe
rowsorcolumnsofarectangularmatrixcontaining2Ddata.
WeapplyShannonentropyS(Shannon,1948)asfollows:

S=−

n∑
i=1

P(xi)log2P(xi),(3)

whereP(xi)istheprobabilitydensityfunction(PDF)ofthe
variablexi(hereintensity)tooccurinthedata.Iftheentropy
tendstozero,itindicatesuniformdata.Ahighentropyvalue
impliesdisturbancesinthelidarscanduetowakesornoise.

Toanalyzelidarscanfeatures,wecalculateentropyfor
thepartialdatainsteadofthewholescan.Weselectwind
speedvaluesineithertheradialorazimuthaldirectionand
calculateaPDFofthissampletopassittotheentropyfunc-
tion.AnexampleispresentedinFig.5.Thetopandtheleft
partsoftheexamplescaninpolarcoordinatesdonotcon-
tainwakes;hencetheentropycalculatedfortherespective
rowsandcolumnsislowerthanforthewakeregions.Theen-
tropycalculatedintheradialdirection(Fig.5a)ishigherfor
columnscrossingbothwakesinsteadofoneduetoahigher
disturbancerate.Anadditionalentropyincreaseneartheaz-
imuthof130–140

◦
canbeexplainedbyhighnoiseatthelidar

scanborder.Theentropycalculatedintheazimuthaldirec-
tion(Fig.5c)showsapeakfortheAV7wake.TheAV10
farwakeproducesalessprominentpeak,indicatingawake
spreadalongalongerdistanceandnotalignedwiththeaz-
imuthaldirection.

Wecalculatetheentropyinradialandazimuthaldirec-
tionsforalllidarscansbeforepreprocessing.Combinedinto
twoplots,theentropiespresentanoverviewofthedataset
(Fig.6).Therespectivewindturbinepositionsaremarkedon
therightaxis.Thelowercolorbarlimitisadjustedforbetter
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Figure4.Consecutivelidarscansfromthebimodalsubset.Noout-
liersarepresentinscans442(a)and444(c),whilescan443(b)
haswindspeedspikesnearthewindturbinepositionandinthefar
range;panel(d)showstheintensitydistributionforthesamescans.
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meanradialwindspeedsremainingoodagreementforthe
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windspeeddata.Nevertheless,theoutlierscauseanintensity
skewwhenthewindspeeddataarenormalizedtotherange
of[0,1](Fig.4).Theintensitydistributionpeakmovesto
theright,withtheleftsidecontainingoccasionallowbumps
causedbythespikes(Fig.4d).

Intheexample,themiddlescan(Fig.4b)hasawindspeed
spikeof15ms

−1,whilethereferencewindspeedreaches
5.8ms
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spikeregionstaysbelow7ms
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scans.

Topreservetheuniformitybetweenconsequentlidarscans
ofthesamesubset,weperformdespiking–detectionandre-
movalofthespikes.Thespikesaredetectedbasedonthe
windspeedvalueandthedifferencewiththeadjacentpoints.
Wedeleteallvalueshigherthan30ms

−1andcheckthere-
mainingdataforthelocalmaximums.Anempiricallychosen
windspeeddifferenceof7ms
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resultinggapisfilledbyinterpolationtoretainthecontinu-
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afterremovalisnotperformed.
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–isalwayspresentinthelidarscansregardlessofthewind
direction.Theshadowrarelycrosseswindturbinewakesand
doesnotnoticeablyaffecttheperformanceofthewakede-
tectionmethods.Hencewedonotperformagapfillingto
removetheshadowinadditiontothedespiking.

3.2Informationentropyanddataclassification

Weintroduceentropycriteriaasanalternativetousingref-
erencewindspeedanddirectionforqualitycontrol.Theen-
tropyapplicationrangesfromfindingathreshold(Pun,1981)
toobjectclassificationinanimage(e.g.,satellitemapseg-
mentationbyLongandSingh,2013).Here,wecalculateit
primarilyfordiagnosticpurposesanddataclassificationinto
subsets.

Theinformationentropyisameasureofnoiseinthedata.
Itcanbecalculatedforthewholedatasetaswellasacrossthe
rowsorcolumnsofarectangularmatrixcontaining2Ddata.
WeapplyShannonentropyS(Shannon,1948)asfollows:

S=−

n∑
i=1

P(xi)log2P(xi),(3)

whereP(xi)istheprobabilitydensityfunction(PDF)ofthe
variablexi(hereintensity)tooccurinthedata.Iftheentropy
tendstozero,itindicatesuniformdata.Ahighentropyvalue
impliesdisturbancesinthelidarscanduetowakesornoise.

Toanalyzelidarscanfeatures,wecalculateentropyfor
thepartialdatainsteadofthewholescan.Weselectwind
speedvaluesineithertheradialorazimuthaldirectionand
calculateaPDFofthissampletopassittotheentropyfunc-
tion.AnexampleispresentedinFig.5.Thetopandtheleft
partsoftheexamplescaninpolarcoordinatesdonotcon-
tainwakes;hencetheentropycalculatedfortherespective
rowsandcolumnsislowerthanforthewakeregions.Theen-
tropycalculatedintheradialdirection(Fig.5a)ishigherfor
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◦
canbeexplainedbyhighnoiseatthelidar

scanborder.Theentropycalculatedintheazimuthaldirec-
tion(Fig.5c)showsapeakfortheAV7wake.TheAV10
farwakeproducesalessprominentpeak,indicatingawake
spreadalongalongerdistanceandnotalignedwiththeaz-
imuthaldirection.

Wecalculatetheentropyinradialandazimuthaldirec-
tionsforalllidarscansbeforepreprocessing.Combinedinto
twoplots,theentropiespresentanoverviewofthedataset
(Fig.6).Therespectivewindturbinepositionsaremarkedon
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Figure4.Consecutivelidarscansfromthebimodalsubset.Noout-
liersarepresentinscans442(a)and444(c),whilescan443(b)
haswindspeedspikesnearthewindturbinepositionandinthefar
range;panel(d)showstheintensitydistributionforthesamescans.
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toobjectclassificationinanimage(e.g.,satellitemapseg-
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Toanalyzelidarscanfeatures,wecalculateentropyfor
thepartialdatainsteadofthewholescan.Weselectwind
speedvaluesineithertheradialorazimuthaldirectionand
calculateaPDFofthissampletopassittotheentropyfunc-
tion.AnexampleispresentedinFig.5.Thetopandtheleft
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◦
canbeexplainedbyhighnoiseatthelidar

scanborder.Theentropycalculatedintheazimuthaldirec-
tion(Fig.5c)showsapeakfortheAV7wake.TheAV10
farwakeproducesalessprominentpeak,indicatingawake
spreadalongalongerdistanceandnotalignedwiththeaz-
imuthaldirection.

Wecalculatetheentropyinradialandazimuthaldirec-
tionsforalllidarscansbeforepreprocessing.Combinedinto
twoplots,theentropiespresentanoverviewofthedataset
(Fig.6).Therespectivewindturbinepositionsaremarkedon
therightaxis.Thelowercolorbarlimitisadjustedforbetter
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Figure 5. The entropy calculated in the (a) radial and (c) az-
imuthal directions of (b) the lidar scan 61. Reference wind speed
is 7.19 m s−1 and reference wind direction is 203.68◦.

presentation of the features contained in non-corrupted scans.
For the scans with low noise, the entropy values fall into the
range of 4–5 in both the azimuthal and radial directions. The
entropy calculated in the azimuthal direction highlights sev-
eral lidar scans with a substantial entropy decrease (Fig. 6a)
– the value drops below 2 and tends to zero. The same scans
are also characterized by the measurements corrupted due to
the crosswind effect. The spiked data in non-corrupted scans
lead to a local entropy decrease, seen as occasional blue dots
mostly at the location of AV10. Series of such points can be
seen for scans 176–200 and 401–410.

Non-corrupted subsets show similar entropy distribution
in the azimuthal direction (Fig. 6a). A wake from the wind
turbine AV7 can be seen as an increase in entropy near the
turbine’s location. A weaker increase in entropy can also be
seen for AV10, for example, in scans 51–175.

The entropy calculated in the radial direction is distributed
uniformly for the corrupted subsets (Fig. 6b) but otherwise
does not have as strong of a difference to non-corrupted data
as the entropy in the azimuthal direction (Fig. 6a). Some
non-corrupted scans (51–300 and 376–425) show a gradient-
like pattern caused by the absence of wakes in the 170–
180◦ sector (low entropy) and wakes and border noise in the
130–140◦ sector (high entropy). The pattern is weaker for
scans 176–250, where the border noise is absent and wakes

are aligned along the line connecting wind turbines, thus dis-
turbing a smaller area of a lidar scan. The scans 426–600
combined demonstrate a horizontal stripe pattern, caused by
the wind blowing towards the lidar. Wakes forming across the
scanned azimuths cause the entropy increase in the radial di-
rection matching the positions of AV7 and AV10, as marked
on the graphs.

The low entropy criterion agrees well with the crosswind
criterion on which scans are likely to contain a high amount
of corrupted data. In general, the scans with a high corrup-
tion rate can be identified based on the percentage of the data
points exceeding a specific wind speed limit. Since the refer-
ence wind speed does not exceed 10 m s−1, we consider the
wind speeds above 30 m s−1 to be a likely measurement error.
The corrupted scans consistently have at least 1 % of points
exceeding this limit. The percentage drops to 0 %–0.05 % for
the rest scans and corresponds to the occasional spikes.

The number of corrupted scans is 125, i.e., about one-
fifth of the total number of scans. Classification of the re-
maining valid scans requires either a priori knowledge of the
reference wind direction (which may be unavailable if we
work with image data) or visual evaluation of the wake fea-
tures (which may be complicated for a large data set). En-
tropy criteria can simplify the classification by presenting a
condensed overview of the data set. Using the entropy and in-
tensity histograms, we classify the subsets into the following
groups.

1. Parallel-wake subset, Fig. 8a. The wakes do not inter-
act with each other. Some noise may occur at the li-
dar scan’s border due to the wind direction approaching
the value where the crosswind effects start. Since the
wakes propagate towards this border and add to the dis-
turbance, the entropy calculated in the radial direction
shows a consistent increase near the azimuth of 131◦.
The entropy calculated in the azimuthal direction shows
a strong increase near the location of AV7 due to the
wake and a weaker disturbance caused by AV10. The
intensity histogram of an averaged subset tends to be
more symmetrical than in other subsets and has a peak
close to the intensity of 0.5. The intensity histogram of
a single scan has a peak deviating from the center de-
pending on the amount of noise. Parallel wakes are the
most common case for this data set.

2. Aligned-wake subset, Fig. 8b. The wind blows along the
line connecting wind turbines AV7 and AV10 so that the
former is subjected to a wake. The entropy patterns are
generally similar to the parallel-wake subset, except that
a footprint of the AV10 wake is no longer visible for the
entropy calculated in the azimuthal direction. The wind
direction is closer to the scanned azimuth range, and
measurements have less noise compared to the paral-
lel subset. Hence the scans show slightly lower entropy.
Compared to the parallel-wake subset, the histogram
peak is shifted to the left. The histogram peak may split
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Figure5.Theentropycalculatedinthe(a)radialand(c)az-
imuthaldirectionsof(b)thelidarscan61.Referencewindspeed
is7.19ms−1andreferencewinddirectionis203.68◦.

presentationofthefeaturescontainedinnon-corruptedscans.
Forthescanswithlownoise,theentropyvaluesfallintothe
rangeof4–5inboththeazimuthalandradialdirections.The
entropycalculatedintheazimuthaldirectionhighlightssev-
erallidarscanswithasubstantialentropydecrease(Fig.6a)
–thevaluedropsbelow2andtendstozero.Thesamescans
arealsocharacterizedbythemeasurementscorrupteddueto
thecrosswindeffect.Thespikeddatainnon-corruptedscans
leadtoalocalentropydecrease,seenasoccasionalbluedots
mostlyatthelocationofAV10.Seriesofsuchpointscanbe
seenforscans176–200and401–410.

Non-corruptedsubsetsshowsimilarentropydistribution
intheazimuthaldirection(Fig.6a).Awakefromthewind
turbineAV7canbeseenasanincreaseinentropynearthe
turbine’slocation.Aweakerincreaseinentropycanalsobe
seenforAV10,forexample,inscans51–175.

Theentropycalculatedintheradialdirectionisdistributed
uniformlyforthecorruptedsubsets(Fig.6b)butotherwise
doesnothaveasstrongofadifferencetonon-corrupteddata
astheentropyintheazimuthaldirection(Fig.6a).Some
non-corruptedscans(51–300and376–425)showagradient-
likepatterncausedbytheabsenceofwakesinthe170–
180◦sector(lowentropy)andwakesandbordernoiseinthe
130–140◦sector(highentropy).Thepatternisweakerfor
scans176–250,wherethebordernoiseisabsentandwakes

arealignedalongthelineconnectingwindturbines,thusdis-
turbingasmallerareaofalidarscan.Thescans426–600
combineddemonstrateahorizontalstripepattern,causedby
thewindblowingtowardsthelidar.Wakesformingacrossthe
scannedazimuthscausetheentropyincreaseintheradialdi-
rectionmatchingthepositionsofAV7andAV10,asmarked
onthegraphs.

Thelowentropycriterionagreeswellwiththecrosswind
criteriononwhichscansarelikelytocontainahighamount
ofcorrupteddata.Ingeneral,thescanswithahighcorrup-
tionratecanbeidentifiedbasedonthepercentageofthedata
pointsexceedingaspecificwindspeedlimit.Sincetherefer-
encewindspeeddoesnotexceed10ms−1,weconsiderthe
windspeedsabove30ms−1tobealikelymeasurementerror.
Thecorruptedscansconsistentlyhaveatleast1%ofpoints
exceedingthislimit.Thepercentagedropsto0%–0.05%for
therestscansandcorrespondstotheoccasionalspikes.

Thenumberofcorruptedscansis125,i.e.,aboutone-
fifthofthetotalnumberofscans.Classificationofthere-
mainingvalidscansrequireseitheraprioriknowledgeofthe
referencewinddirection(whichmaybeunavailableifwe
workwithimagedata)orvisualevaluationofthewakefea-
tures(whichmaybecomplicatedforalargedataset).En-
tropycriteriacansimplifytheclassificationbypresentinga
condensedoverviewofthedataset.Usingtheentropyandin-
tensityhistograms,weclassifythesubsetsintothefollowing
groups.

1.Parallel-wakesubset,Fig.8a.Thewakesdonotinter-
actwitheachother.Somenoisemayoccurattheli-
darscan’sborderduetothewinddirectionapproaching
thevaluewherethecrosswindeffectsstart.Sincethe
wakespropagatetowardsthisborderandaddtothedis-
turbance,theentropycalculatedintheradialdirection
showsaconsistentincreaseneartheazimuthof131◦.
Theentropycalculatedintheazimuthaldirectionshows
astrongincreasenearthelocationofAV7duetothe
wakeandaweakerdisturbancecausedbyAV10.The
intensityhistogramofanaveragedsubsettendstobe
moresymmetricalthaninothersubsetsandhasapeak
closetotheintensityof0.5.Theintensityhistogramof
asinglescanhasapeakdeviatingfromthecenterde-
pendingontheamountofnoise.Parallelwakesarethe
mostcommoncaseforthisdataset.

2.Aligned-wakesubset,Fig.8b.Thewindblowsalongthe
lineconnectingwindturbinesAV7andAV10sothatthe
formerissubjectedtoawake.Theentropypatternsare
generallysimilartotheparallel-wakesubset,exceptthat
afootprintoftheAV10wakeisnolongervisibleforthe
entropycalculatedintheazimuthaldirection.Thewind
directionisclosertothescannedazimuthrange,and
measurementshavelessnoisecomparedtotheparal-
lelsubset.Hencethescansshowslightlylowerentropy.
Comparedtotheparallel-wakesubset,thehistogram
peakisshiftedtotheleft.Thehistogrampeakmaysplit
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is7.19ms−1andreferencewinddirectionis203.68◦.
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therestscansandcorrespondstotheoccasionalspikes.

Thenumberofcorruptedscansis125,i.e.,aboutone-
fifthofthetotalnumberofscans.Classificationofthere-
mainingvalidscansrequireseitheraprioriknowledgeofthe
referencewinddirection(whichmaybeunavailableifwe
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tropycriteriacansimplifytheclassificationbypresentinga
condensedoverviewofthedataset.Usingtheentropyandin-
tensityhistograms,weclassifythesubsetsintothefollowing
groups.
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Figure 5. The entropy calculated in the (a) radial and (c) az-
imuthal directions of (b) the lidar scan 61. Reference wind speed
is 7.19 m s

−1 and reference wind direction is 203.68
◦
.

presentation of the features contained in non-corrupted scans.
For the scans with low noise, the entropy values fall into the
range of 4–5 in both the azimuthal and radial directions. The
entropy calculated in the azimuthal direction highlights sev-
eral lidar scans with a substantial entropy decrease (Fig. 6a)
– the value drops below 2 and tends to zero. The same scans
are also characterized by the measurements corrupted due to
the crosswind effect. The spiked data in non-corrupted scans
lead to a local entropy decrease, seen as occasional blue dots
mostly at the location of AV10. Series of such points can be
seen for scans 176–200 and 401–410.

Non-corrupted subsets show similar entropy distribution
in the azimuthal direction (Fig. 6a). A wake from the wind
turbine AV7 can be seen as an increase in entropy near the
turbine’s location. A weaker increase in entropy can also be
seen for AV10, for example, in scans 51–175.

The entropy calculated in the radial direction is distributed
uniformly for the corrupted subsets (Fig. 6b) but otherwise
does not have as strong of a difference to non-corrupted data
as the entropy in the azimuthal direction (Fig. 6a). Some
non-corrupted scans (51–300 and 376–425) show a gradient-
like pattern caused by the absence of wakes in the 170–
180
◦

sector (low entropy) and wakes and border noise in the
130–140

◦
sector (high entropy). The pattern is weaker for

scans 176–250, where the border noise is absent and wakes

are aligned along the line connecting wind turbines, thus dis-
turbing a smaller area of a lidar scan. The scans 426–600
combined demonstrate a horizontal stripe pattern, caused by
the wind blowing towards the lidar. Wakes forming across the
scanned azimuths cause the entropy increase in the radial di-
rection matching the positions of AV7 and AV10, as marked
on the graphs.

The low entropy criterion agrees well with the crosswind
criterion on which scans are likely to contain a high amount
of corrupted data. In general, the scans with a high corrup-
tion rate can be identified based on the percentage of the data
points exceeding a specific wind speed limit. Since the refer-
ence wind speed does not exceed 10 m s

−1, we consider the
wind speeds above 30 m s

−1 to be a likely measurement error.
The corrupted scans consistently have at least 1 % of points
exceeding this limit. The percentage drops to 0 %–0.05 % for
the rest scans and corresponds to the occasional spikes.

The number of corrupted scans is 125, i.e., about one-
fifth of the total number of scans. Classification of the re-
maining valid scans requires either a priori knowledge of the
reference wind direction (which may be unavailable if we
work with image data) or visual evaluation of the wake fea-
tures (which may be complicated for a large data set). En-
tropy criteria can simplify the classification by presenting a
condensed overview of the data set. Using the entropy and in-
tensity histograms, we classify the subsets into the following
groups.

1. Parallel-wake subset, Fig. 8a. The wakes do not inter-
act with each other. Some noise may occur at the li-
dar scan’s border due to the wind direction approaching
the value where the crosswind effects start. Since the
wakes propagate towards this border and add to the dis-
turbance, the entropy calculated in the radial direction
shows a consistent increase near the azimuth of 131

◦
.

The entropy calculated in the azimuthal direction shows
a strong increase near the location of AV7 due to the
wake and a weaker disturbance caused by AV10. The
intensity histogram of an averaged subset tends to be
more symmetrical than in other subsets and has a peak
close to the intensity of 0.5. The intensity histogram of
a single scan has a peak deviating from the center de-
pending on the amount of noise. Parallel wakes are the
most common case for this data set.

2. Aligned-wake subset, Fig. 8b. The wind blows along the
line connecting wind turbines AV7 and AV10 so that the
former is subjected to a wake. The entropy patterns are
generally similar to the parallel-wake subset, except that
a footprint of the AV10 wake is no longer visible for the
entropy calculated in the azimuthal direction. The wind
direction is closer to the scanned azimuth range, and
measurements have less noise compared to the paral-
lel subset. Hence the scans show slightly lower entropy.
Compared to the parallel-wake subset, the histogram
peak is shifted to the left. The histogram peak may split
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imuthal directions of (b) the lidar scan 61. Reference wind speed
is 7.19 m s

−1 and reference wind direction is 203.68
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range of 4–5 in both the azimuthal and radial directions. The
entropy calculated in the azimuthal direction highlights sev-
eral lidar scans with a substantial entropy decrease (Fig. 6a)
– the value drops below 2 and tends to zero. The same scans
are also characterized by the measurements corrupted due to
the crosswind effect. The spiked data in non-corrupted scans
lead to a local entropy decrease, seen as occasional blue dots
mostly at the location of AV10. Series of such points can be
seen for scans 176–200 and 401–410.
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in the azimuthal direction (Fig. 6a). A wake from the wind
turbine AV7 can be seen as an increase in entropy near the
turbine’s location. A weaker increase in entropy can also be
seen for AV10, for example, in scans 51–175.
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uniformly for the corrupted subsets (Fig. 6b) but otherwise
does not have as strong of a difference to non-corrupted data
as the entropy in the azimuthal direction (Fig. 6a). Some
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combined demonstrate a horizontal stripe pattern, caused by
the wind blowing towards the lidar. Wakes forming across the
scanned azimuths cause the entropy increase in the radial di-
rection matching the positions of AV7 and AV10, as marked
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The low entropy criterion agrees well with the crosswind
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−1, we consider the
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maining valid scans requires either a priori knowledge of the
reference wind direction (which may be unavailable if we
work with image data) or visual evaluation of the wake fea-
tures (which may be complicated for a large data set). En-
tropy criteria can simplify the classification by presenting a
condensed overview of the data set. Using the entropy and in-
tensity histograms, we classify the subsets into the following
groups.

1. Parallel-wake subset, Fig. 8a. The wakes do not inter-
act with each other. Some noise may occur at the li-
dar scan’s border due to the wind direction approaching
the value where the crosswind effects start. Since the
wakes propagate towards this border and add to the dis-
turbance, the entropy calculated in the radial direction
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The entropy calculated in the azimuthal direction shows
a strong increase near the location of AV7 due to the
wake and a weaker disturbance caused by AV10. The
intensity histogram of an averaged subset tends to be
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lel subset. Hence the scans show slightly lower entropy.
Compared to the parallel-wake subset, the histogram
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Figure5.Theentropycalculatedinthe(a)radialand(c)az-
imuthaldirectionsof(b)thelidarscan61.Referencewindspeed
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presentationofthefeaturescontainedinnon-corruptedscans.
Forthescanswithlownoise,theentropyvaluesfallintothe
rangeof4–5inboththeazimuthalandradialdirections.The
entropycalculatedintheazimuthaldirectionhighlightssev-
erallidarscanswithasubstantialentropydecrease(Fig.6a)
–thevaluedropsbelow2andtendstozero.Thesamescans
arealsocharacterizedbythemeasurementscorrupteddueto
thecrosswindeffect.Thespikeddatainnon-corruptedscans
leadtoalocalentropydecrease,seenasoccasionalbluedots
mostlyatthelocationofAV10.Seriesofsuchpointscanbe
seenforscans176–200and401–410.

Non-corruptedsubsetsshowsimilarentropydistribution
intheazimuthaldirection(Fig.6a).Awakefromthewind
turbineAV7canbeseenasanincreaseinentropynearthe
turbine’slocation.Aweakerincreaseinentropycanalsobe
seenforAV10,forexample,inscans51–175.

Theentropycalculatedintheradialdirectionisdistributed
uniformlyforthecorruptedsubsets(Fig.6b)butotherwise
doesnothaveasstrongofadifferencetonon-corrupteddata
astheentropyintheazimuthaldirection(Fig.6a).Some
non-corruptedscans(51–300and376–425)showagradient-
likepatterncausedbytheabsenceofwakesinthe170–
180
◦

sector(lowentropy)andwakesandbordernoiseinthe
130–140

◦
sector(highentropy).Thepatternisweakerfor

scans176–250,wherethebordernoiseisabsentandwakes

arealignedalongthelineconnectingwindturbines,thusdis-
turbingasmallerareaofalidarscan.Thescans426–600
combineddemonstrateahorizontalstripepattern,causedby
thewindblowingtowardsthelidar.Wakesformingacrossthe
scannedazimuthscausetheentropyincreaseintheradialdi-
rectionmatchingthepositionsofAV7andAV10,asmarked
onthegraphs.

Thelowentropycriterionagreeswellwiththecrosswind
criteriononwhichscansarelikelytocontainahighamount
ofcorrupteddata.Ingeneral,thescanswithahighcorrup-
tionratecanbeidentifiedbasedonthepercentageofthedata
pointsexceedingaspecificwindspeedlimit.Sincetherefer-
encewindspeeddoesnotexceed10ms

−1,weconsiderthe
windspeedsabove30ms

−1tobealikelymeasurementerror.
Thecorruptedscansconsistentlyhaveatleast1%ofpoints
exceedingthislimit.Thepercentagedropsto0%–0.05%for
therestscansandcorrespondstotheoccasionalspikes.

Thenumberofcorruptedscansis125,i.e.,aboutone-
fifthofthetotalnumberofscans.Classificationofthere-
mainingvalidscansrequireseitheraprioriknowledgeofthe
referencewinddirection(whichmaybeunavailableifwe
workwithimagedata)orvisualevaluationofthewakefea-
tures(whichmaybecomplicatedforalargedataset).En-
tropycriteriacansimplifytheclassificationbypresentinga
condensedoverviewofthedataset.Usingtheentropyandin-
tensityhistograms,weclassifythesubsetsintothefollowing
groups.

1.Parallel-wakesubset,Fig.8a.Thewakesdonotinter-
actwitheachother.Somenoisemayoccurattheli-
darscan’sborderduetothewinddirectionapproaching
thevaluewherethecrosswindeffectsstart.Sincethe
wakespropagatetowardsthisborderandaddtothedis-
turbance,theentropycalculatedintheradialdirection
showsaconsistentincreaseneartheazimuthof131

◦
.

Theentropycalculatedintheazimuthaldirectionshows
astrongincreasenearthelocationofAV7duetothe
wakeandaweakerdisturbancecausedbyAV10.The
intensityhistogramofanaveragedsubsettendstobe
moresymmetricalthaninothersubsetsandhasapeak
closetotheintensityof0.5.Theintensityhistogramof
asinglescanhasapeakdeviatingfromthecenterde-
pendingontheamountofnoise.Parallelwakesarethe
mostcommoncaseforthisdataset.

2.Aligned-wakesubset,Fig.8b.Thewindblowsalongthe
lineconnectingwindturbinesAV7andAV10sothatthe
formerissubjectedtoawake.Theentropypatternsare
generallysimilartotheparallel-wakesubset,exceptthat
afootprintoftheAV10wakeisnolongervisibleforthe
entropycalculatedintheazimuthaldirection.Thewind
directionisclosertothescannedazimuthrange,and
measurementshavelessnoisecomparedtotheparal-
lelsubset.Hencethescansshowslightlylowerentropy.
Comparedtotheparallel-wakesubset,thehistogram
peakisshiftedtotheleft.Thehistogrampeakmaysplit
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Figure 6. Entropy of the raw lidar data with all 600 lidar scans combined: (a) azimuthal entropy and (b) radial entropy.

Figure 7. Classification of the subsets and overview of the refer-
ence wind direction (a) and wind speed (b).

into two small peaks located close to each other when
the wakes are not perfectly aligned.

3. Transitional subset. The wind direction changes, so
both parallel and aligned wakes can be observed in
the subset. This behavior is observed for a single sub-
set containing scans 401–425. The transition to slightly
lower entropy can be seen for the entropy calculated in
the radial direction at azimuths 130–150◦ (Fig. 6b).

4. Bimodal subset, Fig. 8c. The wind blows along the li-
dar beam. Two long wakes are formed behind the wind
turbines and merge in the lidar near range. Since the
near range is scanned at a high resolution (Fig. 2), the
far wake is represented by a larger percentage of points
compared to the other subsets. Consequently, the inten-

sity histogram approaches a bimodal distribution, which
is especially prominent for the averaged subset. The
larger peak represents the free flow, while the smaller
peak corresponds to the far wakes of AV7 and AV10.
The two peaks may merge resulting in one flat peak.
The scans have little noise; the increase in entropy, es-
pecially in the radial direction, highlights the presence
of the wakes.

5. Corrupted subset, Fig. 8d. The lidar scan is charac-
terized by the number of non-physical measurements
(wind speed higher than 30 m s−1) exceeding 1 % of
the lidar scan points. While the valid measurements still
take the largest share of a single scan, they are now con-
sidered “low” wind speeds in a comparison to the max-
imum value. Due to the normalization (Eq. 1) that con-
verts low values into light pixels, the histogram tends to
the far right side, forming a sharp peak in intensity val-
ues between 0.9 and 1.0. The entropy in the azimuthal
direction is lower than in other subsets and approaches
zero, while the entropy in the radial direction tends to
be more uniform than in non-corrupted scans and does
not react to the presence of a wake.

The overview of the subsets and reference values is pre-
sented in Fig. 7 and Table 1, containing wind speed, wind
direction, and entropy averaged over each subset. A sample
histogram averaged for a typical subset from each group is
shown in Fig. 8 together with a single-scan histogram from
the same subset.
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Figure6.Entropyoftherawlidardatawithall600lidarscanscombined:(a)azimuthalentropyand(b)radialentropy.

Figure7.Classificationofthesubsetsandoverviewoftherefer-
encewinddirection(a)andwindspeed(b).

intotwosmallpeakslocatedclosetoeachotherwhen
thewakesarenotperfectlyaligned.

3.Transitionalsubset.Thewinddirectionchanges,so
bothparallelandalignedwakescanbeobservedin
thesubset.Thisbehaviorisobservedforasinglesub-
setcontainingscans401–425.Thetransitiontoslightly
lowerentropycanbeseenfortheentropycalculatedin
theradialdirectionatazimuths130–150◦(Fig.6b).

4.Bimodalsubset,Fig.8c.Thewindblowsalongtheli-
darbeam.Twolongwakesareformedbehindthewind
turbinesandmergeinthelidarnearrange.Sincethe
nearrangeisscannedatahighresolution(Fig.2),the
farwakeisrepresentedbyalargerpercentageofpoints
comparedtotheothersubsets.Consequently,theinten-

sityhistogramapproachesabimodaldistribution,which
isespeciallyprominentfortheaveragedsubset.The
largerpeakrepresentsthefreeflow,whilethesmaller
peakcorrespondstothefarwakesofAV7andAV10.
Thetwopeaksmaymergeresultinginoneflatpeak.
Thescanshavelittlenoise;theincreaseinentropy,es-
peciallyintheradialdirection,highlightsthepresence
ofthewakes.

5.Corruptedsubset,Fig.8d.Thelidarscanischarac-
terizedbythenumberofnon-physicalmeasurements
(windspeedhigherthan30ms−1)exceeding1%of
thelidarscanpoints.Whilethevalidmeasurementsstill
takethelargestshareofasinglescan,theyarenowcon-
sidered“low”windspeedsinacomparisontothemax-
imumvalue.Duetothenormalization(Eq.1)thatcon-
vertslowvaluesintolightpixels,thehistogramtendsto
thefarrightside,formingasharppeakinintensityval-
uesbetween0.9and1.0.Theentropyintheazimuthal
directionislowerthaninothersubsetsandapproaches
zero,whiletheentropyintheradialdirectiontendsto
bemoreuniformthaninnon-corruptedscansanddoes
notreacttothepresenceofawake.

Theoverviewofthesubsetsandreferencevaluesispre-
sentedinFig.7andTable1,containingwindspeed,wind
direction,andentropyaveragedovereachsubset.Asample
histogramaveragedforatypicalsubsetfromeachgroupis
showninFig.8togetherwithasingle-scanhistogramfrom
thesamesubset.
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notreacttothepresenceofawake.

Theoverviewofthesubsetsandreferencevaluesispre-
sentedinFig.7andTable1,containingwindspeed,wind
direction,andentropyaveragedovereachsubset.Asample
histogramaveragedforatypicalsubsetfromeachgroupis
showninFig.8togetherwithasingle-scanhistogramfrom
thesamesubset.
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Figure 6. Entropy of the raw lidar data with all 600 lidar scans combined: (a) azimuthal entropy and (b) radial entropy.

Figure 7. Classification of the subsets and overview of the refer-
ence wind direction (a) and wind speed (b).

into two small peaks located close to each other when
the wakes are not perfectly aligned.

3. Transitional subset. The wind direction changes, so
both parallel and aligned wakes can be observed in
the subset. This behavior is observed for a single sub-
set containing scans 401–425. The transition to slightly
lower entropy can be seen for the entropy calculated in
the radial direction at azimuths 130–150

◦
(Fig. 6b).

4. Bimodal subset, Fig. 8c. The wind blows along the li-
dar beam. Two long wakes are formed behind the wind
turbines and merge in the lidar near range. Since the
near range is scanned at a high resolution (Fig. 2), the
far wake is represented by a larger percentage of points
compared to the other subsets. Consequently, the inten-

sity histogram approaches a bimodal distribution, which
is especially prominent for the averaged subset. The
larger peak represents the free flow, while the smaller
peak corresponds to the far wakes of AV7 and AV10.
The two peaks may merge resulting in one flat peak.
The scans have little noise; the increase in entropy, es-
pecially in the radial direction, highlights the presence
of the wakes.

5. Corrupted subset, Fig. 8d. The lidar scan is charac-
terized by the number of non-physical measurements
(wind speed higher than 30 m s

−1) exceeding 1 % of
the lidar scan points. While the valid measurements still
take the largest share of a single scan, they are now con-
sidered “low” wind speeds in a comparison to the max-
imum value. Due to the normalization (Eq. 1) that con-
verts low values into light pixels, the histogram tends to
the far right side, forming a sharp peak in intensity val-
ues between 0.9 and 1.0. The entropy in the azimuthal
direction is lower than in other subsets and approaches
zero, while the entropy in the radial direction tends to
be more uniform than in non-corrupted scans and does
not react to the presence of a wake.

The overview of the subsets and reference values is pre-
sented in Fig. 7 and Table 1, containing wind speed, wind
direction, and entropy averaged over each subset. A sample
histogram averaged for a typical subset from each group is
shown in Fig. 8 together with a single-scan histogram from
the same subset.

https://doi.org/10.5194/wes-7-849-2022 Wind Energ. Sci., 7, 849–873, 2022

M. Krutova et al.: Automatic thresholding method for the wake identification and characterization 855

Figure 6. Entropy of the raw lidar data with all 600 lidar scans combined: (a) azimuthal entropy and (b) radial entropy.

Figure 7. Classification of the subsets and overview of the refer-
ence wind direction (a) and wind speed (b).

into two small peaks located close to each other when
the wakes are not perfectly aligned.

3. Transitional subset. The wind direction changes, so
both parallel and aligned wakes can be observed in
the subset. This behavior is observed for a single sub-
set containing scans 401–425. The transition to slightly
lower entropy can be seen for the entropy calculated in
the radial direction at azimuths 130–150

◦
(Fig. 6b).

4. Bimodal subset, Fig. 8c. The wind blows along the li-
dar beam. Two long wakes are formed behind the wind
turbines and merge in the lidar near range. Since the
near range is scanned at a high resolution (Fig. 2), the
far wake is represented by a larger percentage of points
compared to the other subsets. Consequently, the inten-

sity histogram approaches a bimodal distribution, which
is especially prominent for the averaged subset. The
larger peak represents the free flow, while the smaller
peak corresponds to the far wakes of AV7 and AV10.
The two peaks may merge resulting in one flat peak.
The scans have little noise; the increase in entropy, es-
pecially in the radial direction, highlights the presence
of the wakes.

5. Corrupted subset, Fig. 8d. The lidar scan is charac-
terized by the number of non-physical measurements
(wind speed higher than 30 m s

−1) exceeding 1 % of
the lidar scan points. While the valid measurements still
take the largest share of a single scan, they are now con-
sidered “low” wind speeds in a comparison to the max-
imum value. Due to the normalization (Eq. 1) that con-
verts low values into light pixels, the histogram tends to
the far right side, forming a sharp peak in intensity val-
ues between 0.9 and 1.0. The entropy in the azimuthal
direction is lower than in other subsets and approaches
zero, while the entropy in the radial direction tends to
be more uniform than in non-corrupted scans and does
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Figure6.Entropyoftherawlidardatawithall600lidarscanscombined:(a)azimuthalentropyand(b)radialentropy.

Figure7.Classificationofthesubsetsandoverviewoftherefer-
encewinddirection(a)andwindspeed(b).

intotwosmallpeakslocatedclosetoeachotherwhen
thewakesarenotperfectlyaligned.

3.Transitionalsubset.Thewinddirectionchanges,so
bothparallelandalignedwakescanbeobservedin
thesubset.Thisbehaviorisobservedforasinglesub-
setcontainingscans401–425.Thetransitiontoslightly
lowerentropycanbeseenfortheentropycalculatedin
theradialdirectionatazimuths130–150

◦
(Fig.6b).

4.Bimodalsubset,Fig.8c.Thewindblowsalongtheli-
darbeam.Twolongwakesareformedbehindthewind
turbinesandmergeinthelidarnearrange.Sincethe
nearrangeisscannedatahighresolution(Fig.2),the
farwakeisrepresentedbyalargerpercentageofpoints
comparedtotheothersubsets.Consequently,theinten-

sityhistogramapproachesabimodaldistribution,which
isespeciallyprominentfortheaveragedsubset.The
largerpeakrepresentsthefreeflow,whilethesmaller
peakcorrespondstothefarwakesofAV7andAV10.
Thetwopeaksmaymergeresultinginoneflatpeak.
Thescanshavelittlenoise;theincreaseinentropy,es-
peciallyintheradialdirection,highlightsthepresence
ofthewakes.

5.Corruptedsubset,Fig.8d.Thelidarscanischarac-
terizedbythenumberofnon-physicalmeasurements
(windspeedhigherthan30ms

−1)exceeding1%of
thelidarscanpoints.Whilethevalidmeasurementsstill
takethelargestshareofasinglescan,theyarenowcon-
sidered“low”windspeedsinacomparisontothemax-
imumvalue.Duetothenormalization(Eq.1)thatcon-
vertslowvaluesintolightpixels,thehistogramtendsto
thefarrightside,formingasharppeakinintensityval-
uesbetween0.9and1.0.Theentropyintheazimuthal
directionislowerthaninothersubsetsandapproaches
zero,whiletheentropyintheradialdirectiontendsto
bemoreuniformthaninnon-corruptedscansanddoes
notreacttothepresenceofawake.

Theoverviewofthesubsetsandreferencevaluesispre-
sentedinFig.7andTable1,containingwindspeed,wind
direction,andentropyaveragedovereachsubset.Asample
histogramaveragedforatypicalsubsetfromeachgroupis
showninFig.8togetherwithasingle-scanhistogramfrom
thesamesubset.
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Figure 8. Sample averaged subsets and intensity histograms corresponding to the averaged subset and a single scan within the subset. The
wind speed data are normalized to imitate the grayscale intensity. Despiking and removal of non-physical wind speeds are not performed to
preserve the characteristics before preprocessing.

Table 1. Overview of the lidar data subsets.

Data type Subset Scans WSPD, WDIR, Entropy % of
m s−1 ◦ data

Parallel wakes 3 51–75 6.99 205.3 5.11

33.3

4 76–100 7.71 202.7 5.29
5 101–125 7.48 196.0 5.38
6 126–150 6.05 191.4 5.35
7 151–175 6.58 184.0 5.01

11 251–275 7.10 187.8 5.12
12 276–300 7.41 200.2 5.37
16 376–400 5.45 200.9 5.02

Transitional 17 401–425 4.38 184.5 4.76 4.2

Aligned wakes 8 176–200 6.32 176.2 4.69
12.59 201–225 8.30 172.2 5.28

10 226–250 9.19 171.3 5.30

Bimodal 17 426–450 4.11 151.5 5.44

29.2

18 451–475 5.71 147.3 5.31
19 476–500 7.22 150.9 5.72
20 501–525 7.83 154.2 5.67
21 526–550 7.52 159.4 5.64
22 551–575 8.46 160.1 5.72
23 576–600 8.16 157.7 5.70

Corrupted 1 1–25 5.80 243.3 1.54

20.8
2 26–50 6.85 212.1 2.31

13 301–325 7.27 213.4 1.53
14 326–350 7.06 222.2 2.64
15 351–375 6.41 222.0 2.52
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Figure8.Sampleaveragedsubsetsandintensityhistogramscorrespondingtotheaveragedsubsetandasinglescanwithinthesubset.The
windspeeddataarenormalizedtoimitatethegrayscaleintensity.Despikingandremovalofnon-physicalwindspeedsarenotperformedto
preservethecharacteristicsbeforepreprocessing.

Table1.Overviewofthelidardatasubsets.

DatatypeSubsetScansWSPD,WDIR,Entropy%of
ms−1◦data

Parallelwakes351–756.99205.35.11

33.3

476–1007.71202.75.29
5101–1257.48196.05.38
6126–1506.05191.45.35
7151–1756.58184.05.01
11251–2757.10187.85.12
12276–3007.41200.25.37
16376–4005.45200.95.02

Transitional17401–4254.38184.54.764.2

Alignedwakes8176–2006.32176.24.69
12.5 9201–2258.30172.25.28

10226–2509.19171.35.30

Bimodal17426–4504.11151.55.44

29.2

18451–4755.71147.35.31
19476–5007.22150.95.72
20501–5257.83154.25.67
21526–5507.52159.45.64
22551–5758.46160.15.72
23576–6008.16157.75.70

Corrupted11–255.80243.31.54

20.8
226–506.85212.12.31
13301–3257.27213.41.53
14326–3507.06222.22.64
15351–3756.41222.02.52
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Figure8.Sampleaveragedsubsetsandintensityhistogramscorrespondingtotheaveragedsubsetandasinglescanwithinthesubset.The
windspeeddataarenormalizedtoimitatethegrayscaleintensity.Despikingandremovalofnon-physicalwindspeedsarenotperformedto
preservethecharacteristicsbeforepreprocessing.

Table1.Overviewofthelidardatasubsets.

DatatypeSubsetScansWSPD,WDIR,Entropy%of
ms−1◦data

Parallelwakes351–756.99205.35.11

33.3

476–1007.71202.75.29
5101–1257.48196.05.38
6126–1506.05191.45.35
7151–1756.58184.05.01
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12276–3007.41200.25.37
16376–4005.45200.95.02
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12.5 9201–2258.30172.25.28

10226–2509.19171.35.30

Bimodal17426–4504.11151.55.44

29.2

18451–4755.71147.35.31
19476–5007.22150.95.72
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23576–6008.16157.75.70

Corrupted11–255.80243.31.54

20.8
226–506.85212.12.31
13301–3257.27213.41.53
14326–3507.06222.22.64
15351–3756.41222.02.52
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Figure 8. Sample averaged subsets and intensity histograms corresponding to the averaged subset and a single scan within the subset. The
wind speed data are normalized to imitate the grayscale intensity. Despiking and removal of non-physical wind speeds are not performed to
preserve the characteristics before preprocessing.

Table 1. Overview of the lidar data subsets.

Data type Subset Scans WSPD, WDIR, Entropy % of
m s
−1 ◦

data

Parallel wakes 3 51–75 6.99 205.3 5.11

33.3

4 76–100 7.71 202.7 5.29
5 101–125 7.48 196.0 5.38
6 126–150 6.05 191.4 5.35
7 151–175 6.58 184.0 5.01

11 251–275 7.10 187.8 5.12
12 276–300 7.41 200.2 5.37
16 376–400 5.45 200.9 5.02

Transitional 17 401–425 4.38 184.5 4.76 4.2

Aligned wakes 8 176–200 6.32 176.2 4.69
12.59 201–225 8.30 172.2 5.28

10 226–250 9.19 171.3 5.30

Bimodal 17 426–450 4.11 151.5 5.44

29.2

18 451–475 5.71 147.3 5.31
19 476–500 7.22 150.9 5.72
20 501–525 7.83 154.2 5.67
21 526–550 7.52 159.4 5.64
22 551–575 8.46 160.1 5.72
23 576–600 8.16 157.7 5.70

Corrupted 1 1–25 5.80 243.3 1.54

20.8
2 26–50 6.85 212.1 2.31

13 301–325 7.27 213.4 1.53
14 326–350 7.06 222.2 2.64
15 351–375 6.41 222.0 2.52
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Figure 8. Sample averaged subsets and intensity histograms corresponding to the averaged subset and a single scan within the subset. The
wind speed data are normalized to imitate the grayscale intensity. Despiking and removal of non-physical wind speeds are not performed to
preserve the characteristics before preprocessing.
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Figure8.Sampleaveragedsubsetsandintensityhistogramscorrespondingtotheaveragedsubsetandasinglescanwithinthesubset.The
windspeeddataarenormalizedtoimitatethegrayscaleintensity.Despikingandremovalofnon-physicalwindspeedsarenotperformedto
preservethecharacteristicsbeforepreprocessing.
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Figure8.Sampleaveragedsubsetsandintensityhistogramscorrespondingtotheaveragedsubsetandasinglescanwithinthesubset.The
windspeeddataarenormalizedtoimitatethegrayscaleintensity.Despikingandremovalofnon-physicalwindspeedsarenotperformedto
preservethecharacteristicsbeforepreprocessing.
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Figure8.Sampleaveragedsubsetsandintensityhistogramscorrespondingtotheaveragedsubsetandasinglescanwithinthesubset.The
windspeeddataarenormalizedtoimitatethegrayscaleintensity.Despikingandremovalofnon-physicalwindspeedsarenotperformedto
preservethecharacteristicsbeforepreprocessing.
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Figure 9. Sample LES wake and threshold detection. (a) Original instantaneous flow, (b) same flow normalized to the range of [0, 1], (c) the
intensity histogram of the normalized data, (d) CDF of the normalized data and CDF plot curvature, and (e) first and second derivatives of
the CDF and the estimated thresholds.

4 Methodology

Wake detection includes two stages (Quon et al., 2020): wake
identification (a separation of the wake from the free flow)
and wake characterization (further analysis of the identified
wake). We focus on the wake identification methods, partic-
ularly an identification method using thresholding, and also
provide an algorithm for the wake characterization through
centerline detection from the thresholded data.

4.1 Wake identification using automatic threshold
detection

The thresholding methods split an image into background (in
our case – free flow) and foreground (wake). Despite lidar
data having a considerable number of disturbances in the free
flow, the wind speed distribution in a lidar scan tends to have
one peak, either sharp or flattened (Fig. 8). The wake points
take a small share of the lidar scan stored in polar coordinate
matrix, while the remaining points belong to the free flow
– i.e., the most prominent peak contains free-flow points.
The exception is the bimodal subset, where the far wakes are
characterized by high number of points (Fig. 2). As a result,
the histogram of a scan from the bimodal subset may have
two peaks depending on the intensity of the far wakes. To
make our wake identification method universal, we build it
upon threshold detection from a single histogram peak. The
specifics of the wake identification in the bimodal case are
further described in Sect. 6.4 and in the Appendix.

A single peak limits the applicability of the common
thresholding methods that search for the local minimum of
a bimodal histogram (Otsu, 1979). The lidar scan structure
has similarities with ocean surface images: a background
with small disturbances and bright whitecaps. Bakhoday-

Paskyabi et al. (2016) described three methods of an auto-
mated threshold detection for the whitecaps. We choose an
adaptive thresholding segmentation (ATS) method identified
to be fast and reliable by the original study. The basic princi-
ples of the ATS method are introduced here on a test example
of an instantaneous LES wake.

Figure 9a and b show the wind speed field of an instanta-
neous LES wake and the same data normalized to the range
of [0, 1]. A threshold T is an intensity value in the range [0, 1]
that separates free flow and wake points. After the threshold
is applied to the normalized wind field, a binary matrix WP is
constructed from the grayscale intensity matrix I as follows:

WP(i,j )=
{

0 : I(i,j )≤ T – free-flow point,
1 : I(i,j )> T – wake point. (4)

The intensity threshold can be converted back to the radial
velocity threshold Uth by reverting the normalization expres-
sion Eq. (1) as

Uth = Umax(1− T )+UminT . (5)

The normalized wind speed data are represented as an in-
tensity histogram (Fig. 9c). Let H (x) for k ∈ [0,1] be the
cumulative distribution function (CDF) of the intensity data.
Then H ′(k) and H ′′(k) are its first and second derivatives,
respectively. With respect to the definition of intensity I

in Eq. (1), the wake points are located in the histogram’s
tail, while the free-flow points form a peak on the left side.
The transition region where the peak tends to the tail is a
good choice to search for a suitable threshold. We detect the
threshold at the point where the CDF slope is close to con-
stant; i.e., the curvature C(k) approaches zero.

C(k)=H ′′(k)
[
1+H ′(k)2

]−3/2
(6)
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Figure9.SampleLESwakeandthresholddetection.(a)Originalinstantaneousflow,(b)sameflownormalizedtotherangeof[0,1],(c)the
intensityhistogramofthenormalizeddata,(d)CDFofthenormalizeddataandCDFplotcurvature,and(e)firstandsecondderivativesof
theCDFandtheestimatedthresholds.

4Methodology

Wakedetectionincludestwostages(Quonetal.,2020):wake
identification(aseparationofthewakefromthefreeflow)
andwakecharacterization(furtheranalysisoftheidentified
wake).Wefocusonthewakeidentificationmethods,partic-
ularlyanidentificationmethodusingthresholding,andalso
provideanalgorithmforthewakecharacterizationthrough
centerlinedetectionfromthethresholdeddata.

4.1Wakeidentificationusingautomaticthreshold
detection

Thethresholdingmethodssplitanimageintobackground(in
ourcase–freeflow)andforeground(wake).Despitelidar
datahavingaconsiderablenumberofdisturbancesinthefree
flow,thewindspeeddistributioninalidarscantendstohave
onepeak,eithersharporflattened(Fig.8).Thewakepoints
takeasmallshareofthelidarscanstoredinpolarcoordinate
matrix,whiletheremainingpointsbelongtothefreeflow
–i.e.,themostprominentpeakcontainsfree-flowpoints.
Theexceptionisthebimodalsubset,wherethefarwakesare
characterizedbyhighnumberofpoints(Fig.2).Asaresult,
thehistogramofascanfromthebimodalsubsetmayhave
twopeaksdependingontheintensityofthefarwakes.To
makeourwakeidentificationmethoduniversal,webuildit
uponthresholddetectionfromasinglehistogrampeak.The
specificsofthewakeidentificationinthebimodalcaseare
furtherdescribedinSect.6.4andintheAppendix.

Asinglepeaklimitstheapplicabilityofthecommon
thresholdingmethodsthatsearchforthelocalminimumof
abimodalhistogram(Otsu,1979).Thelidarscanstructure
hassimilaritieswithoceansurfaceimages:abackground
withsmalldisturbancesandbrightwhitecaps.Bakhoday-

Paskyabietal.(2016)describedthreemethodsofanauto-
matedthresholddetectionforthewhitecaps.Wechoosean
adaptivethresholdingsegmentation(ATS)methodidentified
tobefastandreliablebytheoriginalstudy.Thebasicprinci-
plesoftheATSmethodareintroducedhereonatestexample
ofaninstantaneousLESwake.

Figure9aandbshowthewindspeedfieldofaninstanta-
neousLESwakeandthesamedatanormalizedtotherange
of[0,1].AthresholdTisanintensityvalueintherange[0,1]
thatseparatesfreeflowandwakepoints.Afterthethreshold
isappliedtothenormalizedwindfield,abinarymatrixWPis
constructedfromthegrayscaleintensitymatrixIasfollows:

WP(i,j)=
{

0:I(i,j)≤T–free-flowpoint,
1:I(i,j)>T–wakepoint.(4)

Theintensitythresholdcanbeconvertedbacktotheradial
velocitythresholdUthbyrevertingthenormalizationexpres-
sionEq.(1)as

Uth=Umax(1−T)+UminT.(5)

Thenormalizedwindspeeddataarerepresentedasanin-
tensityhistogram(Fig.9c).LetH(x)fork∈[0,1]bethe
cumulativedistributionfunction(CDF)oftheintensitydata.
ThenH′(k)andH′′(k)areitsfirstandsecondderivatives,
respectively.WithrespecttothedefinitionofintensityI

inEq.(1),thewakepointsarelocatedinthehistogram’s
tail,whilethefree-flowpointsformapeakontheleftside.
Thetransitionregionwherethepeaktendstothetailisa
goodchoicetosearchforasuitablethreshold.Wedetectthe
thresholdatthepointwheretheCDFslopeisclosetocon-
stant;i.e.,thecurvatureC(k)approacheszero.

C(k)=H′′(k)
[

1+H′(k)2
]−3/2

(6)
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Figure9.SampleLESwakeandthresholddetection.(a)Originalinstantaneousflow,(b)sameflownormalizedtotherangeof[0,1],(c)the
intensityhistogramofthenormalizeddata,(d)CDFofthenormalizeddataandCDFplotcurvature,and(e)firstandsecondderivativesof
theCDFandtheestimatedthresholds.

4Methodology

Wakedetectionincludestwostages(Quonetal.,2020):wake
identification(aseparationofthewakefromthefreeflow)
andwakecharacterization(furtheranalysisoftheidentified
wake).Wefocusonthewakeidentificationmethods,partic-
ularlyanidentificationmethodusingthresholding,andalso
provideanalgorithmforthewakecharacterizationthrough
centerlinedetectionfromthethresholdeddata.

4.1Wakeidentificationusingautomaticthreshold
detection

Thethresholdingmethodssplitanimageintobackground(in
ourcase–freeflow)andforeground(wake).Despitelidar
datahavingaconsiderablenumberofdisturbancesinthefree
flow,thewindspeeddistributioninalidarscantendstohave
onepeak,eithersharporflattened(Fig.8).Thewakepoints
takeasmallshareofthelidarscanstoredinpolarcoordinate
matrix,whiletheremainingpointsbelongtothefreeflow
–i.e.,themostprominentpeakcontainsfree-flowpoints.
Theexceptionisthebimodalsubset,wherethefarwakesare
characterizedbyhighnumberofpoints(Fig.2).Asaresult,
thehistogramofascanfromthebimodalsubsetmayhave
twopeaksdependingontheintensityofthefarwakes.To
makeourwakeidentificationmethoduniversal,webuildit
uponthresholddetectionfromasinglehistogrampeak.The
specificsofthewakeidentificationinthebimodalcaseare
furtherdescribedinSect.6.4andintheAppendix.

Asinglepeaklimitstheapplicabilityofthecommon
thresholdingmethodsthatsearchforthelocalminimumof
abimodalhistogram(Otsu,1979).Thelidarscanstructure
hassimilaritieswithoceansurfaceimages:abackground
withsmalldisturbancesandbrightwhitecaps.Bakhoday-

Paskyabietal.(2016)describedthreemethodsofanauto-
matedthresholddetectionforthewhitecaps.Wechoosean
adaptivethresholdingsegmentation(ATS)methodidentified
tobefastandreliablebytheoriginalstudy.Thebasicprinci-
plesoftheATSmethodareintroducedhereonatestexample
ofaninstantaneousLESwake.

Figure9aandbshowthewindspeedfieldofaninstanta-
neousLESwakeandthesamedatanormalizedtotherange
of[0,1].AthresholdTisanintensityvalueintherange[0,1]
thatseparatesfreeflowandwakepoints.Afterthethreshold
isappliedtothenormalizedwindfield,abinarymatrixWPis
constructedfromthegrayscaleintensitymatrixIasfollows:

WP(i,j)=
{

0:I(i,j)≤T–free-flowpoint,
1:I(i,j)>T–wakepoint.(4)

Theintensitythresholdcanbeconvertedbacktotheradial
velocitythresholdUthbyrevertingthenormalizationexpres-
sionEq.(1)as

Uth=Umax(1−T)+UminT.(5)

Thenormalizedwindspeeddataarerepresentedasanin-
tensityhistogram(Fig.9c).LetH(x)fork∈[0,1]bethe
cumulativedistributionfunction(CDF)oftheintensitydata.
ThenH′(k)andH′′(k)areitsfirstandsecondderivatives,
respectively.WithrespecttothedefinitionofintensityI

inEq.(1),thewakepointsarelocatedinthehistogram’s
tail,whilethefree-flowpointsformapeakontheleftside.
Thetransitionregionwherethepeaktendstothetailisa
goodchoicetosearchforasuitablethreshold.Wedetectthe
thresholdatthepointwheretheCDFslopeisclosetocon-
stant;i.e.,thecurvatureC(k)approacheszero.

C(k)=H′′(k)
[

1+H′(k)2
]−3/2

(6)
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Figure 9. Sample LES wake and threshold detection. (a) Original instantaneous flow, (b) same flow normalized to the range of [0, 1], (c) the
intensity histogram of the normalized data, (d) CDF of the normalized data and CDF plot curvature, and (e) first and second derivatives of
the CDF and the estimated thresholds.

4 Methodology

Wake detection includes two stages (Quon et al., 2020): wake
identification (a separation of the wake from the free flow)
and wake characterization (further analysis of the identified
wake). We focus on the wake identification methods, partic-
ularly an identification method using thresholding, and also
provide an algorithm for the wake characterization through
centerline detection from the thresholded data.

4.1 Wake identification using automatic threshold
detection

The thresholding methods split an image into background (in
our case – free flow) and foreground (wake). Despite lidar
data having a considerable number of disturbances in the free
flow, the wind speed distribution in a lidar scan tends to have
one peak, either sharp or flattened (Fig. 8). The wake points
take a small share of the lidar scan stored in polar coordinate
matrix, while the remaining points belong to the free flow
– i.e., the most prominent peak contains free-flow points.
The exception is the bimodal subset, where the far wakes are
characterized by high number of points (Fig. 2). As a result,
the histogram of a scan from the bimodal subset may have
two peaks depending on the intensity of the far wakes. To
make our wake identification method universal, we build it
upon threshold detection from a single histogram peak. The
specifics of the wake identification in the bimodal case are
further described in Sect. 6.4 and in the Appendix.

A single peak limits the applicability of the common
thresholding methods that search for the local minimum of
a bimodal histogram (Otsu, 1979). The lidar scan structure
has similarities with ocean surface images: a background
with small disturbances and bright whitecaps. Bakhoday-

Paskyabi et al. (2016) described three methods of an auto-
mated threshold detection for the whitecaps. We choose an
adaptive thresholding segmentation (ATS) method identified
to be fast and reliable by the original study. The basic princi-
ples of the ATS method are introduced here on a test example
of an instantaneous LES wake.

Figure 9a and b show the wind speed field of an instanta-
neous LES wake and the same data normalized to the range
of [0, 1]. A threshold T is an intensity value in the range [0, 1]
that separates free flow and wake points. After the threshold
is applied to the normalized wind field, a binary matrix WP is
constructed from the grayscale intensity matrix I as follows:

WP(i,j )= { 0 : I(i,j )≤ T – free-flow point,
1 : I(i,j )> T – wake point. (4)

The intensity threshold can be converted back to the radial
velocity threshold Uth by reverting the normalization expres-
sion Eq. (1) as

Uth = Umax(1− T )+UminT . (5)

The normalized wind speed data are represented as an in-
tensity histogram (Fig. 9c). Let H (x) for k ∈ [0,1] be the
cumulative distribution function (CDF) of the intensity data.
Then H

′
(k) and H

′′
(k) are its first and second derivatives,

respectively. With respect to the definition of intensity I

in Eq. (1), the wake points are located in the histogram’s
tail, while the free-flow points form a peak on the left side.
The transition region where the peak tends to the tail is a
good choice to search for a suitable threshold. We detect the
threshold at the point where the CDF slope is close to con-
stant; i.e., the curvature C(k) approaches zero.

C(k)=H
′′
(k)[1+H ′(k)2]−3/2

(6)
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Figure 9. Sample LES wake and threshold detection. (a) Original instantaneous flow, (b) same flow normalized to the range of [0, 1], (c) the
intensity histogram of the normalized data, (d) CDF of the normalized data and CDF plot curvature, and (e) first and second derivatives of
the CDF and the estimated thresholds.

4 Methodology

Wake detection includes two stages (Quon et al., 2020): wake
identification (a separation of the wake from the free flow)
and wake characterization (further analysis of the identified
wake). We focus on the wake identification methods, partic-
ularly an identification method using thresholding, and also
provide an algorithm for the wake characterization through
centerline detection from the thresholded data.

4.1 Wake identification using automatic threshold
detection

The thresholding methods split an image into background (in
our case – free flow) and foreground (wake). Despite lidar
data having a considerable number of disturbances in the free
flow, the wind speed distribution in a lidar scan tends to have
one peak, either sharp or flattened (Fig. 8). The wake points
take a small share of the lidar scan stored in polar coordinate
matrix, while the remaining points belong to the free flow
– i.e., the most prominent peak contains free-flow points.
The exception is the bimodal subset, where the far wakes are
characterized by high number of points (Fig. 2). As a result,
the histogram of a scan from the bimodal subset may have
two peaks depending on the intensity of the far wakes. To
make our wake identification method universal, we build it
upon threshold detection from a single histogram peak. The
specifics of the wake identification in the bimodal case are
further described in Sect. 6.4 and in the Appendix.

A single peak limits the applicability of the common
thresholding methods that search for the local minimum of
a bimodal histogram (Otsu, 1979). The lidar scan structure
has similarities with ocean surface images: a background
with small disturbances and bright whitecaps. Bakhoday-

Paskyabi et al. (2016) described three methods of an auto-
mated threshold detection for the whitecaps. We choose an
adaptive thresholding segmentation (ATS) method identified
to be fast and reliable by the original study. The basic princi-
ples of the ATS method are introduced here on a test example
of an instantaneous LES wake.

Figure 9a and b show the wind speed field of an instanta-
neous LES wake and the same data normalized to the range
of [0, 1]. A threshold T is an intensity value in the range [0, 1]
that separates free flow and wake points. After the threshold
is applied to the normalized wind field, a binary matrix WP is
constructed from the grayscale intensity matrix I as follows:

WP(i,j )= { 0 : I(i,j )≤ T – free-flow point,
1 : I(i,j )> T – wake point. (4)

The intensity threshold can be converted back to the radial
velocity threshold Uth by reverting the normalization expres-
sion Eq. (1) as

Uth = Umax(1− T )+UminT . (5)

The normalized wind speed data are represented as an in-
tensity histogram (Fig. 9c). Let H (x) for k ∈ [0,1] be the
cumulative distribution function (CDF) of the intensity data.
Then H

′
(k) and H

′′
(k) are its first and second derivatives,

respectively. With respect to the definition of intensity I

in Eq. (1), the wake points are located in the histogram’s
tail, while the free-flow points form a peak on the left side.
The transition region where the peak tends to the tail is a
good choice to search for a suitable threshold. We detect the
threshold at the point where the CDF slope is close to con-
stant; i.e., the curvature C(k) approaches zero.

C(k)=H
′′
(k)[1+H ′(k)2]−3/2

(6)
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Figure9.SampleLESwakeandthresholddetection.(a)Originalinstantaneousflow,(b)sameflownormalizedtotherangeof[0,1],(c)the
intensityhistogramofthenormalizeddata,(d)CDFofthenormalizeddataandCDFplotcurvature,and(e)firstandsecondderivativesof
theCDFandtheestimatedthresholds.

4Methodology

Wakedetectionincludestwostages(Quonetal.,2020):wake
identification(aseparationofthewakefromthefreeflow)
andwakecharacterization(furtheranalysisoftheidentified
wake).Wefocusonthewakeidentificationmethods,partic-
ularlyanidentificationmethodusingthresholding,andalso
provideanalgorithmforthewakecharacterizationthrough
centerlinedetectionfromthethresholdeddata.

4.1Wakeidentificationusingautomaticthreshold
detection

Thethresholdingmethodssplitanimageintobackground(in
ourcase–freeflow)andforeground(wake).Despitelidar
datahavingaconsiderablenumberofdisturbancesinthefree
flow,thewindspeeddistributioninalidarscantendstohave
onepeak,eithersharporflattened(Fig.8).Thewakepoints
takeasmallshareofthelidarscanstoredinpolarcoordinate
matrix,whiletheremainingpointsbelongtothefreeflow
–i.e.,themostprominentpeakcontainsfree-flowpoints.
Theexceptionisthebimodalsubset,wherethefarwakesare
characterizedbyhighnumberofpoints(Fig.2).Asaresult,
thehistogramofascanfromthebimodalsubsetmayhave
twopeaksdependingontheintensityofthefarwakes.To
makeourwakeidentificationmethoduniversal,webuildit
uponthresholddetectionfromasinglehistogrampeak.The
specificsofthewakeidentificationinthebimodalcaseare
furtherdescribedinSect.6.4andintheAppendix.

Asinglepeaklimitstheapplicabilityofthecommon
thresholdingmethodsthatsearchforthelocalminimumof
abimodalhistogram(Otsu,1979).Thelidarscanstructure
hassimilaritieswithoceansurfaceimages:abackground
withsmalldisturbancesandbrightwhitecaps.Bakhoday-

Paskyabietal.(2016)describedthreemethodsofanauto-
matedthresholddetectionforthewhitecaps.Wechoosean
adaptivethresholdingsegmentation(ATS)methodidentified
tobefastandreliablebytheoriginalstudy.Thebasicprinci-
plesoftheATSmethodareintroducedhereonatestexample
ofaninstantaneousLESwake.

Figure9aandbshowthewindspeedfieldofaninstanta-
neousLESwakeandthesamedatanormalizedtotherange
of[0,1].AthresholdTisanintensityvalueintherange[0,1]
thatseparatesfreeflowandwakepoints.Afterthethreshold
isappliedtothenormalizedwindfield,abinarymatrixWPis
constructedfromthegrayscaleintensitymatrixIasfollows:

WP(i,j)={0:I(i,j)≤T–free-flowpoint,
1:I(i,j)>T–wakepoint.(4)

Theintensitythresholdcanbeconvertedbacktotheradial
velocitythresholdUthbyrevertingthenormalizationexpres-
sionEq.(1)as

Uth=Umax(1−T)+UminT.(5)

Thenormalizedwindspeeddataarerepresentedasanin-
tensityhistogram(Fig.9c).LetH(x)fork∈[0,1]bethe
cumulativedistributionfunction(CDF)oftheintensitydata.
ThenH

′
(k)andH

′′
(k)areitsfirstandsecondderivatives,

respectively.WithrespecttothedefinitionofintensityI

inEq.(1),thewakepointsarelocatedinthehistogram’s
tail,whilethefree-flowpointsformapeakontheleftside.
Thetransitionregionwherethepeaktendstothetailisa
goodchoicetosearchforasuitablethreshold.Wedetectthe
thresholdatthepointwheretheCDFslopeisclosetocon-
stant;i.e.,thecurvatureC(k)approacheszero.

C(k)=H
′′
(k)[1+H′(k)2]−3/2

(6)
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Figure9.SampleLESwakeandthresholddetection.(a)Originalinstantaneousflow,(b)sameflownormalizedtotherangeof[0,1],(c)the
intensityhistogramofthenormalizeddata,(d)CDFofthenormalizeddataandCDFplotcurvature,and(e)firstandsecondderivativesof
theCDFandtheestimatedthresholds.

4Methodology

Wakedetectionincludestwostages(Quonetal.,2020):wake
identification(aseparationofthewakefromthefreeflow)
andwakecharacterization(furtheranalysisoftheidentified
wake).Wefocusonthewakeidentificationmethods,partic-
ularlyanidentificationmethodusingthresholding,andalso
provideanalgorithmforthewakecharacterizationthrough
centerlinedetectionfromthethresholdeddata.

4.1Wakeidentificationusingautomaticthreshold
detection

Thethresholdingmethodssplitanimageintobackground(in
ourcase–freeflow)andforeground(wake).Despitelidar
datahavingaconsiderablenumberofdisturbancesinthefree
flow,thewindspeeddistributioninalidarscantendstohave
onepeak,eithersharporflattened(Fig.8).Thewakepoints
takeasmallshareofthelidarscanstoredinpolarcoordinate
matrix,whiletheremainingpointsbelongtothefreeflow
–i.e.,themostprominentpeakcontainsfree-flowpoints.
Theexceptionisthebimodalsubset,wherethefarwakesare
characterizedbyhighnumberofpoints(Fig.2).Asaresult,
thehistogramofascanfromthebimodalsubsetmayhave
twopeaksdependingontheintensityofthefarwakes.To
makeourwakeidentificationmethoduniversal,webuildit
uponthresholddetectionfromasinglehistogrampeak.The
specificsofthewakeidentificationinthebimodalcaseare
furtherdescribedinSect.6.4andintheAppendix.

Asinglepeaklimitstheapplicabilityofthecommon
thresholdingmethodsthatsearchforthelocalminimumof
abimodalhistogram(Otsu,1979).Thelidarscanstructure
hassimilaritieswithoceansurfaceimages:abackground
withsmalldisturbancesandbrightwhitecaps.Bakhoday-

Paskyabietal.(2016)describedthreemethodsofanauto-
matedthresholddetectionforthewhitecaps.Wechoosean
adaptivethresholdingsegmentation(ATS)methodidentified
tobefastandreliablebytheoriginalstudy.Thebasicprinci-
plesoftheATSmethodareintroducedhereonatestexample
ofaninstantaneousLESwake.

Figure9aandbshowthewindspeedfieldofaninstanta-
neousLESwakeandthesamedatanormalizedtotherange
of[0,1].AthresholdTisanintensityvalueintherange[0,1]
thatseparatesfreeflowandwakepoints.Afterthethreshold
isappliedtothenormalizedwindfield,abinarymatrixWPis
constructedfromthegrayscaleintensitymatrixIasfollows:

WP(i,j)={0:I(i,j)≤T–free-flowpoint,
1:I(i,j)>T–wakepoint.(4)

Theintensitythresholdcanbeconvertedbacktotheradial
velocitythresholdUthbyrevertingthenormalizationexpres-
sionEq.(1)as

Uth=Umax(1−T)+UminT.(5)

Thenormalizedwindspeeddataarerepresentedasanin-
tensityhistogram(Fig.9c).LetH(x)fork∈[0,1]bethe
cumulativedistributionfunction(CDF)oftheintensitydata.
ThenH

′
(k)andH

′′
(k)areitsfirstandsecondderivatives,

respectively.WithrespecttothedefinitionofintensityI

inEq.(1),thewakepointsarelocatedinthehistogram’s
tail,whilethefree-flowpointsformapeakontheleftside.
Thetransitionregionwherethepeaktendstothetailisa
goodchoicetosearchforasuitablethreshold.Wedetectthe
thresholdatthepointwheretheCDFslopeisclosetocon-
stant;i.e.,thecurvatureC(k)approacheszero.

C(k)=H
′′
(k)[1+H′(k)2]−3/2

(6)
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The curvature graph tail (Fig. 9d) may fluctuate and com-
plicate the detection of the zero curvature. Instead, we look at
the first and second derivatives H ′(k) and H ′′(k) separately.
The threshold value T2 is selected as an inflection point at the
right side of the second derivative graph (Fig. 9e). A similar
point in the first derivative graph T1 is used as a control value.
We select the threshold as an average value between first and
second derivative inflection points to smooth the threshold
detection outcome. If the points initially lay close to each
other, the averaged threshold T = (T1+T2)/2 would not de-
viate too far from T2. If the difference between T1 and T2
is high, the smoothing prevents the threshold from being too
strict and leaving weak wakes undetected.

In the case of the lidar data, the derivative plots have strong
oscillations. Therefore, we fit a polynomial function on the
range between intensity Ik , corresponding to the most promi-
nent local extremum and maximum intensity Imax = 1. We
fit a function F (k)= a1+ a2/k

5, since the corresponding fit
returned low root-mean-square error (RMSE) while not al-
tering the inflection point location significantly.

After the threshold is found, we apply it to the data as de-
scribed in Eq. (4) and obtain a binary matrix WP that repre-
sents thresholded data. Each matrix point corresponds to an
image pixel. Because of the wake irregularity, especially in
the lidar scan, the method usually detects several clusters of
high-intensity points. Any cluster may be a part of a wake
as well as falsely detected noise. We do not yet distinguish
between wake and noise and refer to all detected clusters as
“wake shapes”. Due to the code implementation, the detected
points belong to the same shape as long as the constituting
points are adjacent in the matrix WP. The shapes touching
only by the corners are considered to be separate shapes.

4.2 Wake characterization from the data thresholded by
the ATS method

For the wake characterization, we detect the centerline of a
wake shape. The centerline search method starts with extract-
ing a contour of a wake shape; the further algorithm is based
upon the geometrical properties. It should be noted that the
centerline search algorithm does not strictly depend on the
ATS method and can be used as a stand-alone algorithm that
requires thresholded data as an input.

To start the centerline search method, we require a proce-
dure to determine which shapes were correctly identified as a
wake. The ATS method searches for the high-intensity points
corresponding to the highest wake deficit. Containing the
highest wind speed decrease, the near-wake region perfectly
satisfies this condition. Therefore, it can be expected that the
near wake will be one of the largest continuous shapes among
those detected and will contain a wind turbine within or near
it. The borderline contour of such a shape is extracted for fur-
ther analysis. The wake centerline is then defined as a center-
line of the extracted contour.

Assuming the outline of the shape as wake boundaries, we
estimate the wake centerline using the following algorithm.

1. The algorithm starts by drawing a circle of radius 1D
around the wind turbine and marks points where the cir-
cle crosses the borders of the wake shape. If the circle
appears to lie within the wake shape completely, the ini-
tial radius is increased until intersections are found.

2. The midpoint of the arc inside the wake contour indi-
cates the wake direction and is stored as the centerline
midpoint.

3. The circle diameter is increased by a pre-defined step,
e.g., 0.1D, and the steps 1–2 are repeated until the end
of the wake shape is reached.

This short algorithm works as it is for an ideal case of a
smooth wake contour and known wind direction matching
the wake direction. However, the circular lines may cross the
irregular wake contour several times. Considering the near
wake to be wide and continuous, we expect the centerline
point to lie within the wake shape. We also assume that the
wake does not turn gradually further downstream. Therefore,
the segment between the last known and unknown midpoint
should turn by a relatively small angle compared to the pre-
vious segment. The wind or wake direction is advantageous
to distinguish wake shapes from noise, as it allows us to nar-
row the search by disregarding shapes detected in the upwind
direction as false detection.
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Thecurvaturegraphtail(Fig.9d)mayfluctuateandcom-
plicatethedetectionofthezerocurvature.Instead,welookat
thefirstandsecondderivativesH′(k)andH′′(k)separately.
ThethresholdvalueT2isselectedasaninflectionpointatthe
rightsideofthesecondderivativegraph(Fig.9e).Asimilar
pointinthefirstderivativegraphT1isusedasacontrolvalue.
Weselectthethresholdasanaveragevaluebetweenfirstand
secondderivativeinflectionpointstosmooththethreshold
detectionoutcome.Ifthepointsinitiallylayclosetoeach
other,theaveragedthresholdT=(T1+T2)/2wouldnotde-
viatetoofarfromT2.IfthedifferencebetweenT1andT2
ishigh,thesmoothingpreventsthethresholdfrombeingtoo
strictandleavingweakwakesundetected.

Inthecaseofthelidardata,thederivativeplotshavestrong
oscillations.Therefore,wefitapolynomialfunctiononthe
rangebetweenintensityIk,correspondingtothemostpromi-
nentlocalextremumandmaximumintensityImax=1.We
fitafunctionF(k)=a1+a2/k

5,sincethecorrespondingfit
returnedlowroot-mean-squareerror(RMSE)whilenotal-
teringtheinflectionpointlocationsignificantly.

Afterthethresholdisfound,weapplyittothedataasde-
scribedinEq.(4)andobtainabinarymatrixWPthatrepre-
sentsthresholdeddata.Eachmatrixpointcorrespondstoan
imagepixel.Becauseofthewakeirregularity,especiallyin
thelidarscan,themethodusuallydetectsseveralclustersof
high-intensitypoints.Anyclustermaybeapartofawake
aswellasfalselydetectednoise.Wedonotyetdistinguish
betweenwakeandnoiseandrefertoalldetectedclustersas
“wakeshapes”.Duetothecodeimplementation,thedetected
pointsbelongtothesameshapeaslongastheconstituting
pointsareadjacentinthematrixWP.Theshapestouching
onlybythecornersareconsideredtobeseparateshapes.

4.2Wakecharacterizationfromthedatathresholdedby
theATSmethod

Forthewakecharacterization,wedetectthecenterlineofa
wakeshape.Thecenterlinesearchmethodstartswithextract-
ingacontourofawakeshape;thefurtheralgorithmisbased
uponthegeometricalproperties.Itshouldbenotedthatthe
centerlinesearchalgorithmdoesnotstrictlydependonthe
ATSmethodandcanbeusedasastand-alonealgorithmthat
requiresthresholdeddataasaninput.

Tostartthecenterlinesearchmethod,werequireaproce-
duretodeterminewhichshapeswerecorrectlyidentifiedasa
wake.TheATSmethodsearchesforthehigh-intensitypoints
correspondingtothehighestwakedeficit.Containingthe
highestwindspeeddecrease,thenear-wakeregionperfectly
satisfiesthiscondition.Therefore,itcanbeexpectedthatthe
nearwakewillbeoneofthelargestcontinuousshapesamong
thosedetectedandwillcontainawindturbinewithinornear
it.Theborderlinecontourofsuchashapeisextractedforfur-
theranalysis.Thewakecenterlineisthendefinedasacenter-
lineoftheextractedcontour.

Assumingtheoutlineoftheshapeaswakeboundaries,we
estimatethewakecenterlineusingthefollowingalgorithm.

1.Thealgorithmstartsbydrawingacircleofradius1D
aroundthewindturbineandmarkspointswherethecir-
clecrossesthebordersofthewakeshape.Ifthecircle
appearstoliewithinthewakeshapecompletely,theini-
tialradiusisincreaseduntilintersectionsarefound.

2.Themidpointofthearcinsidethewakecontourindi-
catesthewakedirectionandisstoredasthecenterline
midpoint.

3.Thecirclediameterisincreasedbyapre-definedstep,
e.g.,0.1D,andthesteps1–2arerepeateduntiltheend
ofthewakeshapeisreached.

Thisshortalgorithmworksasitisforanidealcaseofa
smoothwakecontourandknownwinddirectionmatching
thewakedirection.However,thecircularlinesmaycrossthe
irregularwakecontourseveraltimes.Consideringthenear
waketobewideandcontinuous,weexpectthecenterline
pointtoliewithinthewakeshape.Wealsoassumethatthe
wakedoesnotturngraduallyfurtherdownstream.Therefore,
thesegmentbetweenthelastknownandunknownmidpoint
shouldturnbyarelativelysmallanglecomparedtothepre-
vioussegment.Thewindorwakedirectionisadvantageous
todistinguishwakeshapesfromnoise,asitallowsustonar-
rowthesearchbydisregardingshapesdetectedintheupwind
directionasfalsedetection.
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the first and second derivatives H
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The threshold value T2 is selected as an inflection point at the
right side of the second derivative graph (Fig. 9e). A similar
point in the first derivative graph T1 is used as a control value.
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detection outcome. If the points initially lay close to each
other, the averaged threshold T = (T1+T2)/2 would not de-
viate too far from T2. If the difference between T1 and T2
is high, the smoothing prevents the threshold from being too
strict and leaving weak wakes undetected.

In the case of the lidar data, the derivative plots have strong
oscillations. Therefore, we fit a polynomial function on the
range between intensity Ik , corresponding to the most promi-
nent local extremum and maximum intensity Imax = 1. We
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image pixel. Because of the wake irregularity, especially in
the lidar scan, the method usually detects several clusters of
high-intensity points. Any cluster may be a part of a wake
as well as falsely detected noise. We do not yet distinguish
between wake and noise and refer to all detected clusters as
“wake shapes”. Due to the code implementation, the detected
points belong to the same shape as long as the constituting
points are adjacent in the matrix WP. The shapes touching
only by the corners are considered to be separate shapes.
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midpoint.

3. The circle diameter is increased by a pre-defined step,
e.g., 0.1D, and the steps 1–2 are repeated until the end
of the wake shape is reached.

This short algorithm works as it is for an ideal case of a
smooth wake contour and known wind direction matching
the wake direction. However, the circular lines may cross the
irregular wake contour several times. Considering the near
wake to be wide and continuous, we expect the centerline
point to lie within the wake shape. We also assume that the
wake does not turn gradually further downstream. Therefore,
the segment between the last known and unknown midpoint
should turn by a relatively small angle compared to the pre-
vious segment. The wind or wake direction is advantageous
to distinguish wake shapes from noise, as it allows us to nar-
row the search by disregarding shapes detected in the upwind
direction as false detection.
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′
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′′
(k) separately.
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wake shape. The centerline search method starts with extract-
ing a contour of a wake shape; the further algorithm is based
upon the geometrical properties. It should be noted that the
centerline search algorithm does not strictly depend on the
ATS method and can be used as a stand-alone algorithm that
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near wake will be one of the largest continuous shapes among
those detected and will contain a wind turbine within or near
it. The borderline contour of such a shape is extracted for fur-
ther analysis. The wake centerline is then defined as a center-
line of the extracted contour.
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wake does not turn gradually further downstream. Therefore,
the segment between the last known and unknown midpoint
should turn by a relatively small angle compared to the pre-
vious segment. The wind or wake direction is advantageous
to distinguish wake shapes from noise, as it allows us to nar-
row the search by disregarding shapes detected in the upwind
direction as false detection.
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Thecurvaturegraphtail(Fig.9d)mayfluctuateandcom-
plicatethedetectionofthezerocurvature.Instead,welookat
thefirstandsecondderivativesH

′
(k)andH

′′
(k)separately.

ThethresholdvalueT2isselectedasaninflectionpointatthe
rightsideofthesecondderivativegraph(Fig.9e).Asimilar
pointinthefirstderivativegraphT1isusedasacontrolvalue.
Weselectthethresholdasanaveragevaluebetweenfirstand
secondderivativeinflectionpointstosmooththethreshold
detectionoutcome.Ifthepointsinitiallylayclosetoeach
other,theaveragedthresholdT=(T1+T2)/2wouldnotde-
viatetoofarfromT2.IfthedifferencebetweenT1andT2
ishigh,thesmoothingpreventsthethresholdfrombeingtoo
strictandleavingweakwakesundetected.

Inthecaseofthelidardata,thederivativeplotshavestrong
oscillations.Therefore,wefitapolynomialfunctiononthe
rangebetweenintensityIk,correspondingtothemostpromi-
nentlocalextremumandmaximumintensityImax=1.We
fitafunctionF(k)=a1+a2/k5,sincethecorrespondingfit
returnedlowroot-mean-squareerror(RMSE)whilenotal-
teringtheinflectionpointlocationsignificantly.

Afterthethresholdisfound,weapplyittothedataasde-
scribedinEq.(4)andobtainabinarymatrixWPthatrepre-
sentsthresholdeddata.Eachmatrixpointcorrespondstoan
imagepixel.Becauseofthewakeirregularity,especiallyin
thelidarscan,themethodusuallydetectsseveralclustersof
high-intensitypoints.Anyclustermaybeapartofawake
aswellasfalselydetectednoise.Wedonotyetdistinguish
betweenwakeandnoiseandrefertoalldetectedclustersas
“wakeshapes”.Duetothecodeimplementation,thedetected
pointsbelongtothesameshapeaslongastheconstituting
pointsareadjacentinthematrixWP.Theshapestouching
onlybythecornersareconsideredtobeseparateshapes.

4.2Wakecharacterizationfromthedatathresholdedby
theATSmethod

Forthewakecharacterization,wedetectthecenterlineofa
wakeshape.Thecenterlinesearchmethodstartswithextract-
ingacontourofawakeshape;thefurtheralgorithmisbased
uponthegeometricalproperties.Itshouldbenotedthatthe
centerlinesearchalgorithmdoesnotstrictlydependonthe
ATSmethodandcanbeusedasastand-alonealgorithmthat
requiresthresholdeddataasaninput.

Tostartthecenterlinesearchmethod,werequireaproce-
duretodeterminewhichshapeswerecorrectlyidentifiedasa
wake.TheATSmethodsearchesforthehigh-intensitypoints
correspondingtothehighestwakedeficit.Containingthe
highestwindspeeddecrease,thenear-wakeregionperfectly
satisfiesthiscondition.Therefore,itcanbeexpectedthatthe
nearwakewillbeoneofthelargestcontinuousshapesamong
thosedetectedandwillcontainawindturbinewithinornear
it.Theborderlinecontourofsuchashapeisextractedforfur-
theranalysis.Thewakecenterlineisthendefinedasacenter-
lineoftheextractedcontour.

Assumingtheoutlineoftheshapeaswakeboundaries,we
estimatethewakecenterlineusingthefollowingalgorithm.

1.Thealgorithmstartsbydrawingacircleofradius1D
aroundthewindturbineandmarkspointswherethecir-
clecrossesthebordersofthewakeshape.Ifthecircle
appearstoliewithinthewakeshapecompletely,theini-
tialradiusisincreaseduntilintersectionsarefound.

2.Themidpointofthearcinsidethewakecontourindi-
catesthewakedirectionandisstoredasthecenterline
midpoint.

3.Thecirclediameterisincreasedbyapre-definedstep,
e.g.,0.1D,andthesteps1–2arerepeateduntiltheend
ofthewakeshapeisreached.

Thisshortalgorithmworksasitisforanidealcaseofa
smoothwakecontourandknownwinddirectionmatching
thewakedirection.However,thecircularlinesmaycrossthe
irregularwakecontourseveraltimes.Consideringthenear
waketobewideandcontinuous,weexpectthecenterline
pointtoliewithinthewakeshape.Wealsoassumethatthe
wakedoesnotturngraduallyfurtherdownstream.Therefore,
thesegmentbetweenthelastknownandunknownmidpoint
shouldturnbyarelativelysmallanglecomparedtothepre-
vioussegment.Thewindorwakedirectionisadvantageous
todistinguishwakeshapesfromnoise,asitallowsustonar-
rowthesearchbydisregardingshapesdetectedintheupwind
directionasfalsedetection.
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Figure 10. An example wake centerline detection in an ambiguous
case.

Figure 11. The relation between radial wind speed U , actual wind
speed U ′, azimuth angle φ, and meteorological and mathematical
wind directions 2MET and 2MATH.

The currently used centerline search algorithm 2 provided
further includes these and several other rules for selection of
a wake point when an ambiguity is present. Figure 10 shows
an example of resolved ambiguity based on the wind direc-
tion. If the wind direction was not available, an estimated
wake direction could be used instead with the same outcome.

Generally, this centerline search method does not require
a priori knowledge of the wind direction. However, it may be
difficult to resolve the ambiguity on the first step, if the wind
direction is unknown. For example, the aligned-wake sub-
set (Fig. 8b) and, to a certain extent, also the bimodal subset
(Fig. 8c) introduce ambiguity in the wake direction for the
downstream wind turbine AV7. A circle drawn around AV7
may cross the detected wake in at least four points. The algo-
rithm will in turn identify downstream and upstream points
as potential centerline points. To continue the search, the al-
gorithm has to select only one direction. In the absence of
the reference wind direction, the ambiguity can be resolved
by approximating the wake direction first.

The procedure to approximate the wake direction runs
similarly to the centerline search, with a few alterations.
First, the step is increased, but the algorithm is run for a
shorter length until 4D downstream, so only the most well-
resolved part is processed. All midpoints laying inside the
wake contour are accepted, since there is no way to make a
distinction between them as of yet. A linear function y(x)=
ax is then fit to the identified midpoints. If the coefficient of
determination is negative (R2 < 0), the fit is too inaccurate,
and the procedure is repeated for another wind turbine.

The intercept value a of the best fit is the arctangent of
the mathematical wind direction (Fig. 11). The approximated
meteorological wind direction is then

8MET =
3
2
π −8MATH =

3
2
π − arctana. (7)

The approximated wake direction may strongly deviate
from the actual wake direction, so it is only used to resolve
ambiguity. The actual wind direction is estimated from the
full centerline. We convert the coordinates of the centerline
points for the AV7 and AV10 wakes to the Cartesian system
and subtract the respective wind turbine positions to get a set
of the relative centerline coordinates. We assume a centered
data set and add a point (0, 0) corresponding to the relative
wind turbine position. The wake from the wind turbine AV11
is prominent only for the bimodal subset and is too short and
easily confused with the noise in the other subsets. We do
not consider this wake in our analysis due to the little infor-
mation it can provide compared to the other two wakes. The
composed data set is fitted with the linear regression, and the
fitted line indicates the estimated wake direction.

4.3 Wake identification and characterization using the
Gaussian method

The wake deficit distribution is similar to the Gaussian dis-
tribution in the far wake (Ainslie, 1988) and often shows a
double Gaussian peak in the near wake (Magnusson, 1999).
The similarity to the Gaussian distribution makes a base for
a widely used method to detect wake boundaries and cen-
terline (Vollmer et al., 2016; Krishnamurthy et al., 2017).
The method requires the data in a two-dimensional horizon-
tal plane, which makes it versatile and practical to use for
wake identification and characterization.

Due to the lidar elevation angle, AV10 is scanned near the
top tip and does not show a double wake. The scan resolution
near AV7 is not always sufficient to resolve a pronounced
double wake. Therefore, we fit the wake deficit distribution
with a single Gaussian function:

F (y)= Aexp
(
−

(y−µ)2

2σ 2

)
, (8)

where the amplitude A, mean value µ, and standard devia-
tion σ are the parameters to fit; the variable y is a coordi-
nate on a line perpendicular to the wind direction. The fitting
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Figure10.Anexamplewakecenterlinedetectioninanambiguous
case.

Figure11.TherelationbetweenradialwindspeedU,actualwind
speedU′,azimuthangleφ,andmeteorologicalandmathematical
winddirections2METand2MATH.

Thecurrentlyusedcenterlinesearchalgorithm2provided
furtherincludestheseandseveralotherrulesforselectionof
awakepointwhenanambiguityispresent.Figure10shows
anexampleofresolvedambiguitybasedonthewinddirec-
tion.Ifthewinddirectionwasnotavailable,anestimated
wakedirectioncouldbeusedinsteadwiththesameoutcome.

Generally,thiscenterlinesearchmethoddoesnotrequire
aprioriknowledgeofthewinddirection.However,itmaybe
difficulttoresolvetheambiguityonthefirststep,ifthewind
directionisunknown.Forexample,thealigned-wakesub-
set(Fig.8b)and,toacertainextent,alsothebimodalsubset
(Fig.8c)introduceambiguityinthewakedirectionforthe
downstreamwindturbineAV7.AcircledrawnaroundAV7
maycrossthedetectedwakeinatleastfourpoints.Thealgo-
rithmwillinturnidentifydownstreamandupstreampoints
aspotentialcenterlinepoints.Tocontinuethesearch,theal-
gorithmhastoselectonlyonedirection.Intheabsenceof
thereferencewinddirection,theambiguitycanberesolved
byapproximatingthewakedirectionfirst.

Theproceduretoapproximatethewakedirectionruns
similarlytothecenterlinesearch,withafewalterations.
First,thestepisincreased,butthealgorithmisrunfora
shorterlengthuntil4Ddownstream,soonlythemostwell-
resolvedpartisprocessed.Allmidpointslayinginsidethe
wakecontourareaccepted,sincethereisnowaytomakea
distinctionbetweenthemasofyet.Alinearfunctiony(x)=
axisthenfittotheidentifiedmidpoints.Ifthecoefficientof
determinationisnegative(R2<0),thefitistooinaccurate,
andtheprocedureisrepeatedforanotherwindturbine.

Theinterceptvalueaofthebestfitisthearctangentof
themathematicalwinddirection(Fig.11).Theapproximated
meteorologicalwinddirectionisthen

8MET=
3
2
π−8MATH=

3
2
π−arctana.(7)

Theapproximatedwakedirectionmaystronglydeviate
fromtheactualwakedirection,soitisonlyusedtoresolve
ambiguity.Theactualwinddirectionisestimatedfromthe
fullcenterline.Weconvertthecoordinatesofthecenterline
pointsfortheAV7andAV10wakestotheCartesiansystem
andsubtracttherespectivewindturbinepositionstogetaset
oftherelativecenterlinecoordinates.Weassumeacentered
datasetandaddapoint(0,0)correspondingtotherelative
windturbineposition.ThewakefromthewindturbineAV11
isprominentonlyforthebimodalsubsetandistooshortand
easilyconfusedwiththenoiseintheothersubsets.Wedo
notconsiderthiswakeinouranalysisduetothelittleinfor-
mationitcanprovidecomparedtotheothertwowakes.The
composeddatasetisfittedwiththelinearregression,andthe
fittedlineindicatestheestimatedwakedirection.

4.3Wakeidentificationandcharacterizationusingthe
Gaussianmethod

ThewakedeficitdistributionissimilartotheGaussiandis-
tributioninthefarwake(Ainslie,1988)andoftenshowsa
doubleGaussianpeakinthenearwake(Magnusson,1999).
ThesimilaritytotheGaussiandistributionmakesabasefor
awidelyusedmethodtodetectwakeboundariesandcen-
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Themethodrequiresthedatainatwo-dimensionalhorizon-
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toptipanddoesnotshowadoublewake.Thescanresolution
nearAV7isnotalwayssufficienttoresolveapronounced
doublewake.Therefore,wefitthewakedeficitdistribution
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−
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2σ2

)
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wheretheamplitudeA,meanvalueµ,andstandarddevia-
tionσaretheparameterstofit;thevariableyisacoordi-
nateonalineperpendiculartothewinddirection.Thefitting
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Figure 10. An example wake centerline detection in an ambiguous
case.

Figure 11. The relation between radial wind speed U , actual wind
speed U

′
, azimuth angle φ, and meteorological and mathematical

wind directions 2MET and 2MATH.

The currently used centerline search algorithm 2 provided
further includes these and several other rules for selection of
a wake point when an ambiguity is present. Figure 10 shows
an example of resolved ambiguity based on the wind direc-
tion. If the wind direction was not available, an estimated
wake direction could be used instead with the same outcome.

Generally, this centerline search method does not require
a priori knowledge of the wind direction. However, it may be
difficult to resolve the ambiguity on the first step, if the wind
direction is unknown. For example, the aligned-wake sub-
set (Fig. 8b) and, to a certain extent, also the bimodal subset
(Fig. 8c) introduce ambiguity in the wake direction for the
downstream wind turbine AV7. A circle drawn around AV7
may cross the detected wake in at least four points. The algo-
rithm will in turn identify downstream and upstream points
as potential centerline points. To continue the search, the al-
gorithm has to select only one direction. In the absence of
the reference wind direction, the ambiguity can be resolved
by approximating the wake direction first.

The procedure to approximate the wake direction runs
similarly to the centerline search, with a few alterations.
First, the step is increased, but the algorithm is run for a
shorter length until 4D downstream, so only the most well-
resolved part is processed. All midpoints laying inside the
wake contour are accepted, since there is no way to make a
distinction between them as of yet. A linear function y(x)=
ax is then fit to the identified midpoints. If the coefficient of
determination is negative (R2 < 0), the fit is too inaccurate,
and the procedure is repeated for another wind turbine.

The intercept value a of the best fit is the arctangent of
the mathematical wind direction (Fig. 11). The approximated
meteorological wind direction is then

8MET =
3
2
π −8MATH =

3
2
π − arctana. (7)

The approximated wake direction may strongly deviate
from the actual wake direction, so it is only used to resolve
ambiguity. The actual wind direction is estimated from the
full centerline. We convert the coordinates of the centerline
points for the AV7 and AV10 wakes to the Cartesian system
and subtract the respective wind turbine positions to get a set
of the relative centerline coordinates. We assume a centered
data set and add a point (0, 0) corresponding to the relative
wind turbine position. The wake from the wind turbine AV11
is prominent only for the bimodal subset and is too short and
easily confused with the noise in the other subsets. We do
not consider this wake in our analysis due to the little infor-
mation it can provide compared to the other two wakes. The
composed data set is fitted with the linear regression, and the
fitted line indicates the estimated wake direction.

4.3 Wake identification and characterization using the
Gaussian method

The wake deficit distribution is similar to the Gaussian dis-
tribution in the far wake (Ainslie, 1988) and often shows a
double Gaussian peak in the near wake (Magnusson, 1999).
The similarity to the Gaussian distribution makes a base for
a widely used method to detect wake boundaries and cen-
terline (Vollmer et al., 2016; Krishnamurthy et al., 2017).
The method requires the data in a two-dimensional horizon-
tal plane, which makes it versatile and practical to use for
wake identification and characterization.

Due to the lidar elevation angle, AV10 is scanned near the
top tip and does not show a double wake. The scan resolution
near AV7 is not always sufficient to resolve a pronounced
double wake. Therefore, we fit the wake deficit distribution
with a single Gaussian function:

F (y)= Aexp(− (y−µ)2

2σ 2 ) , (8)

where the amplitude A, mean value µ, and standard devia-
tion σ are the parameters to fit; the variable y is a coordi-
nate on a line perpendicular to the wind direction. The fitting
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The currently used centerline search algorithm 2 provided
further includes these and several other rules for selection of
a wake point when an ambiguity is present. Figure 10 shows
an example of resolved ambiguity based on the wind direc-
tion. If the wind direction was not available, an estimated
wake direction could be used instead with the same outcome.

Generally, this centerline search method does not require
a priori knowledge of the wind direction. However, it may be
difficult to resolve the ambiguity on the first step, if the wind
direction is unknown. For example, the aligned-wake sub-
set (Fig. 8b) and, to a certain extent, also the bimodal subset
(Fig. 8c) introduce ambiguity in the wake direction for the
downstream wind turbine AV7. A circle drawn around AV7
may cross the detected wake in at least four points. The algo-
rithm will in turn identify downstream and upstream points
as potential centerline points. To continue the search, the al-
gorithm has to select only one direction. In the absence of
the reference wind direction, the ambiguity can be resolved
by approximating the wake direction first.

The procedure to approximate the wake direction runs
similarly to the centerline search, with a few alterations.
First, the step is increased, but the algorithm is run for a
shorter length until 4D downstream, so only the most well-
resolved part is processed. All midpoints laying inside the
wake contour are accepted, since there is no way to make a
distinction between them as of yet. A linear function y(x)=
ax is then fit to the identified midpoints. If the coefficient of
determination is negative (R2 < 0), the fit is too inaccurate,
and the procedure is repeated for another wind turbine.

The intercept value a of the best fit is the arctangent of
the mathematical wind direction (Fig. 11). The approximated
meteorological wind direction is then

8MET =
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π −8MATH =
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π − arctana. (7)

The approximated wake direction may strongly deviate
from the actual wake direction, so it is only used to resolve
ambiguity. The actual wind direction is estimated from the
full centerline. We convert the coordinates of the centerline
points for the AV7 and AV10 wakes to the Cartesian system
and subtract the respective wind turbine positions to get a set
of the relative centerline coordinates. We assume a centered
data set and add a point (0, 0) corresponding to the relative
wind turbine position. The wake from the wind turbine AV11
is prominent only for the bimodal subset and is too short and
easily confused with the noise in the other subsets. We do
not consider this wake in our analysis due to the little infor-
mation it can provide compared to the other two wakes. The
composed data set is fitted with the linear regression, and the
fitted line indicates the estimated wake direction.

4.3 Wake identification and characterization using the
Gaussian method

The wake deficit distribution is similar to the Gaussian dis-
tribution in the far wake (Ainslie, 1988) and often shows a
double Gaussian peak in the near wake (Magnusson, 1999).
The similarity to the Gaussian distribution makes a base for
a widely used method to detect wake boundaries and cen-
terline (Vollmer et al., 2016; Krishnamurthy et al., 2017).
The method requires the data in a two-dimensional horizon-
tal plane, which makes it versatile and practical to use for
wake identification and characterization.

Due to the lidar elevation angle, AV10 is scanned near the
top tip and does not show a double wake. The scan resolution
near AV7 is not always sufficient to resolve a pronounced
double wake. Therefore, we fit the wake deficit distribution
with a single Gaussian function:

F (y)= Aexp(− (y−µ)2

2σ 2 ) , (8)

where the amplitude A, mean value µ, and standard devia-
tion σ are the parameters to fit; the variable y is a coordi-
nate on a line perpendicular to the wind direction. The fitting
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Figure10.Anexamplewakecenterlinedetectioninanambiguous
case.

Figure11.TherelationbetweenradialwindspeedU,actualwind
speedU

′
,azimuthangleφ,andmeteorologicalandmathematical

winddirections2METand2MATH.

Thecurrentlyusedcenterlinesearchalgorithm2provided
furtherincludestheseandseveralotherrulesforselectionof
awakepointwhenanambiguityispresent.Figure10shows
anexampleofresolvedambiguitybasedonthewinddirec-
tion.Ifthewinddirectionwasnotavailable,anestimated
wakedirectioncouldbeusedinsteadwiththesameoutcome.

Generally,thiscenterlinesearchmethoddoesnotrequire
aprioriknowledgeofthewinddirection.However,itmaybe
difficulttoresolvetheambiguityonthefirststep,ifthewind
directionisunknown.Forexample,thealigned-wakesub-
set(Fig.8b)and,toacertainextent,alsothebimodalsubset
(Fig.8c)introduceambiguityinthewakedirectionforthe
downstreamwindturbineAV7.AcircledrawnaroundAV7
maycrossthedetectedwakeinatleastfourpoints.Thealgo-
rithmwillinturnidentifydownstreamandupstreampoints
aspotentialcenterlinepoints.Tocontinuethesearch,theal-
gorithmhastoselectonlyonedirection.Intheabsenceof
thereferencewinddirection,theambiguitycanberesolved
byapproximatingthewakedirectionfirst.

Theproceduretoapproximatethewakedirectionruns
similarlytothecenterlinesearch,withafewalterations.
First,thestepisincreased,butthealgorithmisrunfora
shorterlengthuntil4Ddownstream,soonlythemostwell-
resolvedpartisprocessed.Allmidpointslayinginsidethe
wakecontourareaccepted,sincethereisnowaytomakea
distinctionbetweenthemasofyet.Alinearfunctiony(x)=
axisthenfittotheidentifiedmidpoints.Ifthecoefficientof
determinationisnegative(R2<0),thefitistooinaccurate,
andtheprocedureisrepeatedforanotherwindturbine.

Theinterceptvalueaofthebestfitisthearctangentof
themathematicalwinddirection(Fig.11).Theapproximated
meteorologicalwinddirectionisthen

8MET=
3
2
π−8MATH=

3
2
π−arctana.(7)

Theapproximatedwakedirectionmaystronglydeviate
fromtheactualwakedirection,soitisonlyusedtoresolve
ambiguity.Theactualwinddirectionisestimatedfromthe
fullcenterline.Weconvertthecoordinatesofthecenterline
pointsfortheAV7andAV10wakestotheCartesiansystem
andsubtracttherespectivewindturbinepositionstogetaset
oftherelativecenterlinecoordinates.Weassumeacentered
datasetandaddapoint(0,0)correspondingtotherelative
windturbineposition.ThewakefromthewindturbineAV11
isprominentonlyforthebimodalsubsetandistooshortand
easilyconfusedwiththenoiseintheothersubsets.Wedo
notconsiderthiswakeinouranalysisduetothelittleinfor-
mationitcanprovidecomparedtotheothertwowakes.The
composeddatasetisfittedwiththelinearregression,andthe
fittedlineindicatestheestimatedwakedirection.

4.3Wakeidentificationandcharacterizationusingthe
Gaussianmethod

ThewakedeficitdistributionissimilartotheGaussiandis-
tributioninthefarwake(Ainslie,1988)andoftenshowsa
doubleGaussianpeakinthenearwake(Magnusson,1999).
ThesimilaritytotheGaussiandistributionmakesabasefor
awidelyusedmethodtodetectwakeboundariesandcen-
terline(Vollmeretal.,2016;Krishnamurthyetal.,2017).
Themethodrequiresthedatainatwo-dimensionalhorizon-
talplane,whichmakesitversatileandpracticaltousefor
wakeidentificationandcharacterization.

Duetothelidarelevationangle,AV10isscannednearthe
toptipanddoesnotshowadoublewake.Thescanresolution
nearAV7isnotalwayssufficienttoresolveapronounced
doublewake.Therefore,wefitthewakedeficitdistribution
withasingleGaussianfunction:

F(y)=Aexp(−(y−µ)2

2σ2),(8)

wheretheamplitudeA,meanvalueµ,andstandarddevia-
tionσaretheparameterstofit;thevariableyisacoordi-
nateonalineperpendiculartothewinddirection.Thefitting
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starts from 1D to avoid uncertainties caused by a weak dou-
ble wake observed for AV7. We attempt fitting for the wake
deficit profiles up to 15D downstream distance, covering the
length of most wakes in the lidar data set.

For a wake deficit distribution, the fitted Gaussian func-
tion F (y) reaches its maximum at y = µ; i.e., the estimated
mean µ gives the wake center position. The wake boundaries
are defined through the mean value µ and the standard devi-
ation σ as µ± 2ln2σ so that the velocity deficit at the wake
boundaries is 5 % of the velocity deficit at the wake center
(Aitken et al., 2014).

The Gaussian function is fitted to the wake deficit of
1U (y)= 1−U/U0; thus knowledge of the free-flow wind
speedU0 is also required. Since the background flow is rather
non-uniform in the lidar scans, we probe the velocity at each
cross section at 1.6D from the rotor axis (Krishnamurthy
et al., 2017). The LES data use the wind speed at the hub
height as the free-flow wind speed.

We run the Gaussian method in an automatic mode. The
method should be applied to the data extracted along the
straight line perpendicular to a pre-defined search direction.
The algorithm thus requires knowledge of the wind direction

before the fitting. The algorithm is also dependent on the ac-
curacy of the wind direction measurements and the similar-
ity between reference wind and actual wake direction. Dur-
ing our analysis, we observed an offset of about 5◦ between
the directions, which caused fitting errors for otherwise clear
wake. To reduce the influence of a possible discrepancy be-
tween wind and wake direction, we recalculate the search
direction every five points by fitting the linear function to the
previously found center points.

The wake deficit profiles extracted for fitting have a width
of 2.5D, except for the bimodal subset. There, the profile
width is decreased to 1.75D after reaching the downstream
distance of 6D. The correction is active only for the scans
after 500 where the AV10 far wake and the AV7 wake come
close enough but do not yet merge completely and allow sep-
aration. If the Gaussian function is fit to a wider profile there,
the fitting would mistake higher deficit in the AV7 near wake
for the center of the AV10 wake. Reducing the extracted
wake profile width improves the centerline detection in the
AV10 far wake and delays the first occurrence of this error,
although it does not always prevent it.
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the directions, which caused fitting errors for otherwise clear
wake. To reduce the influence of a possible discrepancy be-
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direction every five points by fitting the linear function to the
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width is decreased to 1.75D after reaching the downstream
distance of 6D. The correction is active only for the scans
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4.4 Deficit-based wake identification

In addition to the Gaussian fit, we apply a threshold based on
the wake deficit criterion. The method assumes that a point
belongs to the wake if the wind speed there is less than or
equal to 95 % of the free-flow wind speed (España et al.,
2011), here the reference wind speed.

The lidar measures radial velocity U (Eq. 2). If the wind
direction differs from the scanned azimuths, the reference
wind speed measured by a cup anemometer noticeably de-
viates from the free-flow radial velocity. Normally, a lidar
retrieval procedure should be performed to reconstruct the
actual wind field. Since we are only interested in the wind
speed values, but not the local flow direction, we apply a
simple expression to re-project the radial velocity and take
the magnitude of the calculated wind speed.

U ′r,φ =
Ur,φ

cosα
, (9)

where Ur,φ is the measured radial velocity at the beam
range r and azimuth φ, U ′r,φ is the estimated magnitude of
the real velocity, and α is the angle between the radial and
actual wind speed vectors (Fig. 11). Equation (9) assumes
that the flow moves in the reference wind direction at each
scanned point regardless of the wake influence and other flow
disturbances.

The angle α is calculated as the difference between ref-
erence wind direction 2MET, given according to the meteo-
rological convention, and the azimuth φ (Fig. 11). That is,
Eq. (9) changes to

U ′r,φ =
Ur,φ

cosα
=

Ur,φ

cos(2MET−φ)
. (10)

Since the normalization (Eq. 1) is not performed, the
deficit-based method does not necessarily require despiking
– all high-value outliers would be assigned to the background
flow by the threshold condition. However, the method re-
quires additional information on the free flow, such as the
wind speed and direction, to perform the simple retrieval.

The threshold is applied to the wind speed field recalcu-
lated with Eq. (10) instead of the original radial velocity field
used for the ATS method. Therefore direct comparison of the
thresholds is complicated. Instead, we compare the thresh-
olded images and evaluate the detection accuracy against the
manual wake identification.

4.5 Manual wake identification and characterization

We perform a manual segmentation to select an optimal
threshold for each lidar scan and use it as a “true” identifi-
cation. The manual threshold is defined in a way to represent
the minimum threshold required to identify a wake shape
suitable for the automatic centerline detection as described
in Sect. 4.2. The comparison against manual wake identifica-
tion then would show whether the ATS method is capable of

automatizing the threshold selection and improving its flexi-
bility compared to the deficit-based thresholding.

Since the available scans represent different wake–wake
interactions, the criteria for a reasonable threshold vary over
the subsets. In order to reduce human error, we use the fol-
lowing qualitative criteria:

1. The shape of the wake should be distinguishable enough
not to be misinterpreted as noise.

2. The noise should be reduced near wind turbines AV7
and AV10 but is allowed near AV11 since its wake has
low importance in this study.

3. The identified wakes from AV7 and AV10 should not
merge to ease the centerline detection.

We also perform a manual centerline detection. A cen-
terline is drawn over the lidar scan as a line or series of
points. For further comparison with other wake characteri-
zation methods, it is converted to the Cartesian coordinates
using a plot digitizer. Unlike the manual threshold detection,
the manual wake characterization is more prone to errors,
especially in the far-wake region, where the wake becomes
less distinguishable from the free flow. Due to ambiguity and
complexity of the manual centerline detection, we select only
a few lidar scans to demonstrate the methods’ performance in
the parallel, aligned, and bimodal subsets.

For brevity, the wake identification and characterization
methods are further referred to as listed in Table 2.

5 Proof of concept: wake identification and
characterization from the LES data

In this section, we demonstrate the performance of the ATS
method in application to the LES data and compare the result
to the Gaussian method.

An instantaneous LES wake reveals complex spatial fea-
tures to be detected, although its intensity histogram remains
rather smooth (Fig. 9b). The ATS method detects a continu-
ous structure in the near wake and the beginning of the far
wake, while the wake at x/D > 10 is represented as series
of small disconnected structures (Fig. 12b and c). The ATS
method does not capture the wake expansion, but only a trail
of the low-wind-speed areas.

Since the ATS method extracts the outer contour of a
shape, small holes inside the detected wake are automati-
cally filled and do not affect the intersection-based centerline
search (Fig. 13a). The current algorithm processes only the
first continuous wake shape. Extending the centerline down-
stream requires a procedure to identify which of the small
detected shapes actually belong to the far wake and the con-
nection order. The former problem is more relevant for a lidar
scan, which has less uniform background flow compared to
the LES data.
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4.4Deficit-basedwakeidentification

InadditiontotheGaussianfit,weapplyathresholdbasedon
thewakedeficitcriterion.Themethodassumesthatapoint
belongstothewakeifthewindspeedthereislessthanor
equalto95%ofthefree-flowwindspeed(Españaetal.,
2011),herethereferencewindspeed.

ThelidarmeasuresradialvelocityU(Eq.2).Ifthewind
directiondiffersfromthescannedazimuths,thereference
windspeedmeasuredbyacupanemometernoticeablyde-
viatesfromthefree-flowradialvelocity.Normally,alidar
retrievalprocedureshouldbeperformedtoreconstructthe
actualwindfield.Sinceweareonlyinterestedinthewind
speedvalues,butnotthelocalflowdirection,weapplya
simpleexpressiontore-projecttheradialvelocityandtake
themagnitudeofthecalculatedwindspeed.

U′r,φ=
Ur,φ

cosα
,(9)

whereUr,φisthemeasuredradialvelocityatthebeam
rangerandazimuthφ,U′r,φistheestimatedmagnitudeof
therealvelocity,andαistheanglebetweentheradialand
actualwindspeedvectors(Fig.11).Equation(9)assumes
thattheflowmovesinthereferencewinddirectionateach
scannedpointregardlessofthewakeinfluenceandotherflow
disturbances.

Theangleαiscalculatedasthedifferencebetweenref-
erencewinddirection2MET,givenaccordingtothemeteo-
rologicalconvention,andtheazimuthφ(Fig.11).Thatis,
Eq.(9)changesto

U′r,φ=
Ur,φ

cosα
=

Ur,φ

cos(2MET−φ)
.(10)

Sincethenormalization(Eq.1)isnotperformed,the
deficit-basedmethoddoesnotnecessarilyrequiredespiking
–allhigh-valueoutlierswouldbeassignedtothebackground
flowbythethresholdcondition.However,themethodre-
quiresadditionalinformationonthefreeflow,suchasthe
windspeedanddirection,toperformthesimpleretrieval.

Thethresholdisappliedtothewindspeedfieldrecalcu-
latedwithEq.(10)insteadoftheoriginalradialvelocityfield
usedfortheATSmethod.Thereforedirectcomparisonofthe
thresholdsiscomplicated.Instead,wecomparethethresh-
oldedimagesandevaluatethedetectionaccuracyagainstthe
manualwakeidentification.

4.5Manualwakeidentificationandcharacterization

Weperformamanualsegmentationtoselectanoptimal
thresholdforeachlidarscananduseitasa“true”identifi-
cation.Themanualthresholdisdefinedinawaytorepresent
theminimumthresholdrequiredtoidentifyawakeshape
suitablefortheautomaticcenterlinedetectionasdescribed
inSect.4.2.Thecomparisonagainstmanualwakeidentifica-
tionthenwouldshowwhethertheATSmethodiscapableof

automatizingthethresholdselectionandimprovingitsflexi-
bilitycomparedtothedeficit-basedthresholding.

Sincetheavailablescansrepresentdifferentwake–wake
interactions,thecriteriaforareasonablethresholdvaryover
thesubsets.Inordertoreducehumanerror,weusethefol-
lowingqualitativecriteria:

1.Theshapeofthewakeshouldbedistinguishableenough
nottobemisinterpretedasnoise.

2.ThenoiseshouldbereducednearwindturbinesAV7
andAV10butisallowednearAV11sinceitswakehas
lowimportanceinthisstudy.

3.TheidentifiedwakesfromAV7andAV10shouldnot
mergetoeasethecenterlinedetection.

Wealsoperformamanualcenterlinedetection.Acen-
terlineisdrawnoverthelidarscanasalineorseriesof
points.Forfurthercomparisonwithotherwakecharacteri-
zationmethods,itisconvertedtotheCartesiancoordinates
usingaplotdigitizer.Unlikethemanualthresholddetection,
themanualwakecharacterizationismorepronetoerrors,
especiallyinthefar-wakeregion,wherethewakebecomes
lessdistinguishablefromthefreeflow.Duetoambiguityand
complexityofthemanualcenterlinedetection,weselectonly
afewlidarscanstodemonstratethemethods’performancein
theparallel,aligned,andbimodalsubsets.

Forbrevity,thewakeidentificationandcharacterization
methodsarefurtherreferredtoaslistedinTable2.

5Proofofconcept:wakeidentificationand
characterizationfromtheLESdata

Inthissection,wedemonstratetheperformanceoftheATS
methodinapplicationtotheLESdataandcomparetheresult
totheGaussianmethod.

AninstantaneousLESwakerevealscomplexspatialfea-
turestobedetected,althoughitsintensityhistogramremains
rathersmooth(Fig.9b).TheATSmethoddetectsacontinu-
ousstructureinthenearwakeandthebeginningofthefar
wake,whilethewakeatx/D>10isrepresentedasseries
ofsmalldisconnectedstructures(Fig.12bandc).TheATS
methoddoesnotcapturethewakeexpansion,butonlyatrail
ofthelow-wind-speedareas.

SincetheATSmethodextractstheoutercontourofa
shape,smallholesinsidethedetectedwakeareautomati-
callyfilledanddonotaffecttheintersection-basedcenterline
search(Fig.13a).Thecurrentalgorithmprocessesonlythe
firstcontinuouswakeshape.Extendingthecenterlinedown-
streamrequiresaproceduretoidentifywhichofthesmall
detectedshapesactuallybelongtothefarwakeandthecon-
nectionorder.Theformerproblemismorerelevantforalidar
scan,whichhaslessuniformbackgroundflowcomparedto
theLESdata.
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bilitycomparedtothedeficit-basedthresholding.

Sincetheavailablescansrepresentdifferentwake–wake
interactions,thecriteriaforareasonablethresholdvaryover
thesubsets.Inordertoreducehumanerror,weusethefol-
lowingqualitativecriteria:

1.Theshapeofthewakeshouldbedistinguishableenough
nottobemisinterpretedasnoise.

2.ThenoiseshouldbereducednearwindturbinesAV7
andAV10butisallowednearAV11sinceitswakehas
lowimportanceinthisstudy.

3.TheidentifiedwakesfromAV7andAV10shouldnot
mergetoeasethecenterlinedetection.
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terlineisdrawnoverthelidarscanasalineorseriesof
points.Forfurthercomparisonwithotherwakecharacteri-
zationmethods,itisconvertedtotheCartesiancoordinates
usingaplotdigitizer.Unlikethemanualthresholddetection,
themanualwakecharacterizationismorepronetoerrors,
especiallyinthefar-wakeregion,wherethewakebecomes
lessdistinguishablefromthefreeflow.Duetoambiguityand
complexityofthemanualcenterlinedetection,weselectonly
afewlidarscanstodemonstratethemethods’performancein
theparallel,aligned,andbimodalsubsets.

Forbrevity,thewakeidentificationandcharacterization
methodsarefurtherreferredtoaslistedinTable2.

5Proofofconcept:wakeidentificationand
characterizationfromtheLESdata

Inthissection,wedemonstratetheperformanceoftheATS
methodinapplicationtotheLESdataandcomparetheresult
totheGaussianmethod.

AninstantaneousLESwakerevealscomplexspatialfea-
turestobedetected,althoughitsintensityhistogramremains
rathersmooth(Fig.9b).TheATSmethoddetectsacontinu-
ousstructureinthenearwakeandthebeginningofthefar
wake,whilethewakeatx/D>10isrepresentedasseries
ofsmalldisconnectedstructures(Fig.12bandc).TheATS
methoddoesnotcapturethewakeexpansion,butonlyatrail
ofthelow-wind-speedareas.

SincetheATSmethodextractstheoutercontourofa
shape,smallholesinsidethedetectedwakeareautomati-
callyfilledanddonotaffecttheintersection-basedcenterline
search(Fig.13a).Thecurrentalgorithmprocessesonlythe
firstcontinuouswakeshape.Extendingthecenterlinedown-
streamrequiresaproceduretoidentifywhichofthesmall
detectedshapesactuallybelongtothefarwakeandthecon-
nectionorder.Theformerproblemismorerelevantforalidar
scan,whichhaslessuniformbackgroundflowcomparedto
theLESdata.
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4.4 Deficit-based wake identification

In addition to the Gaussian fit, we apply a threshold based on
the wake deficit criterion. The method assumes that a point
belongs to the wake if the wind speed there is less than or
equal to 95 % of the free-flow wind speed (España et al.,
2011), here the reference wind speed.

The lidar measures radial velocity U (Eq. 2). If the wind
direction differs from the scanned azimuths, the reference
wind speed measured by a cup anemometer noticeably de-
viates from the free-flow radial velocity. Normally, a lidar
retrieval procedure should be performed to reconstruct the
actual wind field. Since we are only interested in the wind
speed values, but not the local flow direction, we apply a
simple expression to re-project the radial velocity and take
the magnitude of the calculated wind speed.

U
′
r,φ =

Ur,φ

cosα
, (9)

where Ur,φ is the measured radial velocity at the beam
range r and azimuth φ, U

′
r,φ is the estimated magnitude of

the real velocity, and α is the angle between the radial and
actual wind speed vectors (Fig. 11). Equation (9) assumes
that the flow moves in the reference wind direction at each
scanned point regardless of the wake influence and other flow
disturbances.

The angle α is calculated as the difference between ref-
erence wind direction 2MET, given according to the meteo-
rological convention, and the azimuth φ (Fig. 11). That is,
Eq. (9) changes to

U
′
r,φ =

Ur,φ

cosα
=

Ur,φ

cos(2MET−φ)
. (10)

Since the normalization (Eq. 1) is not performed, the
deficit-based method does not necessarily require despiking
– all high-value outliers would be assigned to the background
flow by the threshold condition. However, the method re-
quires additional information on the free flow, such as the
wind speed and direction, to perform the simple retrieval.

The threshold is applied to the wind speed field recalcu-
lated with Eq. (10) instead of the original radial velocity field
used for the ATS method. Therefore direct comparison of the
thresholds is complicated. Instead, we compare the thresh-
olded images and evaluate the detection accuracy against the
manual wake identification.

4.5 Manual wake identification and characterization

We perform a manual segmentation to select an optimal
threshold for each lidar scan and use it as a “true” identifi-
cation. The manual threshold is defined in a way to represent
the minimum threshold required to identify a wake shape
suitable for the automatic centerline detection as described
in Sect. 4.2. The comparison against manual wake identifica-
tion then would show whether the ATS method is capable of

automatizing the threshold selection and improving its flexi-
bility compared to the deficit-based thresholding.

Since the available scans represent different wake–wake
interactions, the criteria for a reasonable threshold vary over
the subsets. In order to reduce human error, we use the fol-
lowing qualitative criteria:

1. The shape of the wake should be distinguishable enough
not to be misinterpreted as noise.

2. The noise should be reduced near wind turbines AV7
and AV10 but is allowed near AV11 since its wake has
low importance in this study.

3. The identified wakes from AV7 and AV10 should not
merge to ease the centerline detection.

We also perform a manual centerline detection. A cen-
terline is drawn over the lidar scan as a line or series of
points. For further comparison with other wake characteri-
zation methods, it is converted to the Cartesian coordinates
using a plot digitizer. Unlike the manual threshold detection,
the manual wake characterization is more prone to errors,
especially in the far-wake region, where the wake becomes
less distinguishable from the free flow. Due to ambiguity and
complexity of the manual centerline detection, we select only
a few lidar scans to demonstrate the methods’ performance in
the parallel, aligned, and bimodal subsets.

For brevity, the wake identification and characterization
methods are further referred to as listed in Table 2.

5 Proof of concept: wake identification and
characterization from the LES data

In this section, we demonstrate the performance of the ATS
method in application to the LES data and compare the result
to the Gaussian method.

An instantaneous LES wake reveals complex spatial fea-
tures to be detected, although its intensity histogram remains
rather smooth (Fig. 9b). The ATS method detects a continu-
ous structure in the near wake and the beginning of the far
wake, while the wake at x/D > 10 is represented as series
of small disconnected structures (Fig. 12b and c). The ATS
method does not capture the wake expansion, but only a trail
of the low-wind-speed areas.

Since the ATS method extracts the outer contour of a
shape, small holes inside the detected wake are automati-
cally filled and do not affect the intersection-based centerline
search (Fig. 13a). The current algorithm processes only the
first continuous wake shape. Extending the centerline down-
stream requires a procedure to identify which of the small
detected shapes actually belong to the far wake and the con-
nection order. The former problem is more relevant for a lidar
scan, which has less uniform background flow compared to
the LES data.
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4.4 Deficit-based wake identification

In addition to the Gaussian fit, we apply a threshold based on
the wake deficit criterion. The method assumes that a point
belongs to the wake if the wind speed there is less than or
equal to 95 % of the free-flow wind speed (España et al.,
2011), here the reference wind speed.

The lidar measures radial velocity U (Eq. 2). If the wind
direction differs from the scanned azimuths, the reference
wind speed measured by a cup anemometer noticeably de-
viates from the free-flow radial velocity. Normally, a lidar
retrieval procedure should be performed to reconstruct the
actual wind field. Since we are only interested in the wind
speed values, but not the local flow direction, we apply a
simple expression to re-project the radial velocity and take
the magnitude of the calculated wind speed.
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the real velocity, and α is the angle between the radial and
actual wind speed vectors (Fig. 11). Equation (9) assumes
that the flow moves in the reference wind direction at each
scanned point regardless of the wake influence and other flow
disturbances.

The angle α is calculated as the difference between ref-
erence wind direction 2MET, given according to the meteo-
rological convention, and the azimuth φ (Fig. 11). That is,
Eq. (9) changes to
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Since the normalization (Eq. 1) is not performed, the
deficit-based method does not necessarily require despiking
– all high-value outliers would be assigned to the background
flow by the threshold condition. However, the method re-
quires additional information on the free flow, such as the
wind speed and direction, to perform the simple retrieval.

The threshold is applied to the wind speed field recalcu-
lated with Eq. (10) instead of the original radial velocity field
used for the ATS method. Therefore direct comparison of the
thresholds is complicated. Instead, we compare the thresh-
olded images and evaluate the detection accuracy against the
manual wake identification.

4.5 Manual wake identification and characterization

We perform a manual segmentation to select an optimal
threshold for each lidar scan and use it as a “true” identifi-
cation. The manual threshold is defined in a way to represent
the minimum threshold required to identify a wake shape
suitable for the automatic centerline detection as described
in Sect. 4.2. The comparison against manual wake identifica-
tion then would show whether the ATS method is capable of

automatizing the threshold selection and improving its flexi-
bility compared to the deficit-based thresholding.

Since the available scans represent different wake–wake
interactions, the criteria for a reasonable threshold vary over
the subsets. In order to reduce human error, we use the fol-
lowing qualitative criteria:

1. The shape of the wake should be distinguishable enough
not to be misinterpreted as noise.

2. The noise should be reduced near wind turbines AV7
and AV10 but is allowed near AV11 since its wake has
low importance in this study.

3. The identified wakes from AV7 and AV10 should not
merge to ease the centerline detection.

We also perform a manual centerline detection. A cen-
terline is drawn over the lidar scan as a line or series of
points. For further comparison with other wake characteri-
zation methods, it is converted to the Cartesian coordinates
using a plot digitizer. Unlike the manual threshold detection,
the manual wake characterization is more prone to errors,
especially in the far-wake region, where the wake becomes
less distinguishable from the free flow. Due to ambiguity and
complexity of the manual centerline detection, we select only
a few lidar scans to demonstrate the methods’ performance in
the parallel, aligned, and bimodal subsets.

For brevity, the wake identification and characterization
methods are further referred to as listed in Table 2.

5 Proof of concept: wake identification and
characterization from the LES data

In this section, we demonstrate the performance of the ATS
method in application to the LES data and compare the result
to the Gaussian method.

An instantaneous LES wake reveals complex spatial fea-
tures to be detected, although its intensity histogram remains
rather smooth (Fig. 9b). The ATS method detects a continu-
ous structure in the near wake and the beginning of the far
wake, while the wake at x/D > 10 is represented as series
of small disconnected structures (Fig. 12b and c). The ATS
method does not capture the wake expansion, but only a trail
of the low-wind-speed areas.

Since the ATS method extracts the outer contour of a
shape, small holes inside the detected wake are automati-
cally filled and do not affect the intersection-based centerline
search (Fig. 13a). The current algorithm processes only the
first continuous wake shape. Extending the centerline down-
stream requires a procedure to identify which of the small
detected shapes actually belong to the far wake and the con-
nection order. The former problem is more relevant for a lidar
scan, which has less uniform background flow compared to
the LES data.
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4.4Deficit-basedwakeidentification

InadditiontotheGaussianfit,weapplyathresholdbasedon
thewakedeficitcriterion.Themethodassumesthatapoint
belongstothewakeifthewindspeedthereislessthanor
equalto95%ofthefree-flowwindspeed(Españaetal.,
2011),herethereferencewindspeed.

ThelidarmeasuresradialvelocityU(Eq.2).Ifthewind
directiondiffersfromthescannedazimuths,thereference
windspeedmeasuredbyacupanemometernoticeablyde-
viatesfromthefree-flowradialvelocity.Normally,alidar
retrievalprocedureshouldbeperformedtoreconstructthe
actualwindfield.Sinceweareonlyinterestedinthewind
speedvalues,butnotthelocalflowdirection,weapplya
simpleexpressiontore-projecttheradialvelocityandtake
themagnitudeofthecalculatedwindspeed.

U
′
r,φ=

Ur,φ

cosα
,(9)

whereUr,φisthemeasuredradialvelocityatthebeam
rangerandazimuthφ,U

′
r,φistheestimatedmagnitudeof

therealvelocity,andαistheanglebetweentheradialand
actualwindspeedvectors(Fig.11).Equation(9)assumes
thattheflowmovesinthereferencewinddirectionateach
scannedpointregardlessofthewakeinfluenceandotherflow
disturbances.

Theangleαiscalculatedasthedifferencebetweenref-
erencewinddirection2MET,givenaccordingtothemeteo-
rologicalconvention,andtheazimuthφ(Fig.11).Thatis,
Eq.(9)changesto

U
′
r,φ=

Ur,φ

cosα
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Ur,φ

cos(2MET−φ)
.(10)

Sincethenormalization(Eq.1)isnotperformed,the
deficit-basedmethoddoesnotnecessarilyrequiredespiking
–allhigh-valueoutlierswouldbeassignedtothebackground
flowbythethresholdcondition.However,themethodre-
quiresadditionalinformationonthefreeflow,suchasthe
windspeedanddirection,toperformthesimpleretrieval.

Thethresholdisappliedtothewindspeedfieldrecalcu-
latedwithEq.(10)insteadoftheoriginalradialvelocityfield
usedfortheATSmethod.Thereforedirectcomparisonofthe
thresholdsiscomplicated.Instead,wecomparethethresh-
oldedimagesandevaluatethedetectionaccuracyagainstthe
manualwakeidentification.

4.5Manualwakeidentificationandcharacterization

Weperformamanualsegmentationtoselectanoptimal
thresholdforeachlidarscananduseitasa“true”identifi-
cation.Themanualthresholdisdefinedinawaytorepresent
theminimumthresholdrequiredtoidentifyawakeshape
suitablefortheautomaticcenterlinedetectionasdescribed
inSect.4.2.Thecomparisonagainstmanualwakeidentifica-
tionthenwouldshowwhethertheATSmethodiscapableof

automatizingthethresholdselectionandimprovingitsflexi-
bilitycomparedtothedeficit-basedthresholding.

Sincetheavailablescansrepresentdifferentwake–wake
interactions,thecriteriaforareasonablethresholdvaryover
thesubsets.Inordertoreducehumanerror,weusethefol-
lowingqualitativecriteria:

1.Theshapeofthewakeshouldbedistinguishableenough
nottobemisinterpretedasnoise.

2.ThenoiseshouldbereducednearwindturbinesAV7
andAV10butisallowednearAV11sinceitswakehas
lowimportanceinthisstudy.

3.TheidentifiedwakesfromAV7andAV10shouldnot
mergetoeasethecenterlinedetection.

Wealsoperformamanualcenterlinedetection.Acen-
terlineisdrawnoverthelidarscanasalineorseriesof
points.Forfurthercomparisonwithotherwakecharacteri-
zationmethods,itisconvertedtotheCartesiancoordinates
usingaplotdigitizer.Unlikethemanualthresholddetection,
themanualwakecharacterizationismorepronetoerrors,
especiallyinthefar-wakeregion,wherethewakebecomes
lessdistinguishablefromthefreeflow.Duetoambiguityand
complexityofthemanualcenterlinedetection,weselectonly
afewlidarscanstodemonstratethemethods’performancein
theparallel,aligned,andbimodalsubsets.

Forbrevity,thewakeidentificationandcharacterization
methodsarefurtherreferredtoaslistedinTable2.

5Proofofconcept:wakeidentificationand
characterizationfromtheLESdata

Inthissection,wedemonstratetheperformanceoftheATS
methodinapplicationtotheLESdataandcomparetheresult
totheGaussianmethod.

AninstantaneousLESwakerevealscomplexspatialfea-
turestobedetected,althoughitsintensityhistogramremains
rathersmooth(Fig.9b).TheATSmethoddetectsacontinu-
ousstructureinthenearwakeandthebeginningofthefar
wake,whilethewakeatx/D>10isrepresentedasseries
ofsmalldisconnectedstructures(Fig.12bandc).TheATS
methoddoesnotcapturethewakeexpansion,butonlyatrail
ofthelow-wind-speedareas.

SincetheATSmethodextractstheoutercontourofa
shape,smallholesinsidethedetectedwakeareautomati-
callyfilledanddonotaffecttheintersection-basedcenterline
search(Fig.13a).Thecurrentalgorithmprocessesonlythe
firstcontinuouswakeshape.Extendingthecenterlinedown-
streamrequiresaproceduretoidentifywhichofthesmall
detectedshapesactuallybelongtothefarwakeandthecon-
nectionorder.Theformerproblemismorerelevantforalidar
scan,whichhaslessuniformbackgroundflowcomparedto
theLESdata.
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Sincethenormalization(Eq.1)isnotperformed,the
deficit-basedmethoddoesnotnecessarilyrequiredespiking
–allhigh-valueoutlierswouldbeassignedtothebackground
flowbythethresholdcondition.However,themethodre-
quiresadditionalinformationonthefreeflow,suchasthe
windspeedanddirection,toperformthesimpleretrieval.

Thethresholdisappliedtothewindspeedfieldrecalcu-
latedwithEq.(10)insteadoftheoriginalradialvelocityfield
usedfortheATSmethod.Thereforedirectcomparisonofthe
thresholdsiscomplicated.Instead,wecomparethethresh-
oldedimagesandevaluatethedetectionaccuracyagainstthe
manualwakeidentification.

4.5Manualwakeidentificationandcharacterization

Weperformamanualsegmentationtoselectanoptimal
thresholdforeachlidarscananduseitasa“true”identifi-
cation.Themanualthresholdisdefinedinawaytorepresent
theminimumthresholdrequiredtoidentifyawakeshape
suitablefortheautomaticcenterlinedetectionasdescribed
inSect.4.2.Thecomparisonagainstmanualwakeidentifica-
tionthenwouldshowwhethertheATSmethodiscapableof

automatizingthethresholdselectionandimprovingitsflexi-
bilitycomparedtothedeficit-basedthresholding.

Sincetheavailablescansrepresentdifferentwake–wake
interactions,thecriteriaforareasonablethresholdvaryover
thesubsets.Inordertoreducehumanerror,weusethefol-
lowingqualitativecriteria:

1.Theshapeofthewakeshouldbedistinguishableenough
nottobemisinterpretedasnoise.

2.ThenoiseshouldbereducednearwindturbinesAV7
andAV10butisallowednearAV11sinceitswakehas
lowimportanceinthisstudy.

3.TheidentifiedwakesfromAV7andAV10shouldnot
mergetoeasethecenterlinedetection.

Wealsoperformamanualcenterlinedetection.Acen-
terlineisdrawnoverthelidarscanasalineorseriesof
points.Forfurthercomparisonwithotherwakecharacteri-
zationmethods,itisconvertedtotheCartesiancoordinates
usingaplotdigitizer.Unlikethemanualthresholddetection,
themanualwakecharacterizationismorepronetoerrors,
especiallyinthefar-wakeregion,wherethewakebecomes
lessdistinguishablefromthefreeflow.Duetoambiguityand
complexityofthemanualcenterlinedetection,weselectonly
afewlidarscanstodemonstratethemethods’performancein
theparallel,aligned,andbimodalsubsets.

Forbrevity,thewakeidentificationandcharacterization
methodsarefurtherreferredtoaslistedinTable2.

5Proofofconcept:wakeidentificationand
characterizationfromtheLESdata

Inthissection,wedemonstratetheperformanceoftheATS
methodinapplicationtotheLESdataandcomparetheresult
totheGaussianmethod.

AninstantaneousLESwakerevealscomplexspatialfea-
turestobedetected,althoughitsintensityhistogramremains
rathersmooth(Fig.9b).TheATSmethoddetectsacontinu-
ousstructureinthenearwakeandthebeginningofthefar
wake,whilethewakeatx/D>10isrepresentedasseries
ofsmalldisconnectedstructures(Fig.12bandc).TheATS
methoddoesnotcapturethewakeexpansion,butonlyatrail
ofthelow-wind-speedareas.

SincetheATSmethodextractstheoutercontourofa
shape,smallholesinsidethedetectedwakeareautomati-
callyfilledanddonotaffecttheintersection-basedcenterline
search(Fig.13a).Thecurrentalgorithmprocessesonlythe
firstcontinuouswakeshape.Extendingthecenterlinedown-
streamrequiresaproceduretoidentifywhichofthesmall
detectedshapesactuallybelongtothefarwakeandthecon-
nectionorder.Theformerproblemismorerelevantforalidar
scan,whichhaslessuniformbackgroundflowcomparedto
theLESdata.
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4.4Deficit-basedwakeidentification

InadditiontotheGaussianfit,weapplyathresholdbasedon
thewakedeficitcriterion.Themethodassumesthatapoint
belongstothewakeifthewindspeedthereislessthanor
equalto95%ofthefree-flowwindspeed(Españaetal.,
2011),herethereferencewindspeed.

ThelidarmeasuresradialvelocityU(Eq.2).Ifthewind
directiondiffersfromthescannedazimuths,thereference
windspeedmeasuredbyacupanemometernoticeablyde-
viatesfromthefree-flowradialvelocity.Normally,alidar
retrievalprocedureshouldbeperformedtoreconstructthe
actualwindfield.Sinceweareonlyinterestedinthewind
speedvalues,butnotthelocalflowdirection,weapplya
simpleexpressiontore-projecttheradialvelocityandtake
themagnitudeofthecalculatedwindspeed.

U
′
r,φ=

Ur,φ

cosα
,(9)

whereUr,φisthemeasuredradialvelocityatthebeam
rangerandazimuthφ,U

′
r,φistheestimatedmagnitudeof

therealvelocity,andαistheanglebetweentheradialand
actualwindspeedvectors(Fig.11).Equation(9)assumes
thattheflowmovesinthereferencewinddirectionateach
scannedpointregardlessofthewakeinfluenceandotherflow
disturbances.

Theangleαiscalculatedasthedifferencebetweenref-
erencewinddirection2MET,givenaccordingtothemeteo-
rologicalconvention,andtheazimuthφ(Fig.11).Thatis,
Eq.(9)changesto

U
′
r,φ=

Ur,φ

cosα
=

Ur,φ

cos(2MET−φ)
.(10)

Sincethenormalization(Eq.1)isnotperformed,the
deficit-basedmethoddoesnotnecessarilyrequiredespiking
–allhigh-valueoutlierswouldbeassignedtothebackground
flowbythethresholdcondition.However,themethodre-
quiresadditionalinformationonthefreeflow,suchasthe
windspeedanddirection,toperformthesimpleretrieval.

Thethresholdisappliedtothewindspeedfieldrecalcu-
latedwithEq.(10)insteadoftheoriginalradialvelocityfield
usedfortheATSmethod.Thereforedirectcomparisonofthe
thresholdsiscomplicated.Instead,wecomparethethresh-
oldedimagesandevaluatethedetectionaccuracyagainstthe
manualwakeidentification.

4.5Manualwakeidentificationandcharacterization

Weperformamanualsegmentationtoselectanoptimal
thresholdforeachlidarscananduseitasa“true”identifi-
cation.Themanualthresholdisdefinedinawaytorepresent
theminimumthresholdrequiredtoidentifyawakeshape
suitablefortheautomaticcenterlinedetectionasdescribed
inSect.4.2.Thecomparisonagainstmanualwakeidentifica-
tionthenwouldshowwhethertheATSmethodiscapableof

automatizingthethresholdselectionandimprovingitsflexi-
bilitycomparedtothedeficit-basedthresholding.

Sincetheavailablescansrepresentdifferentwake–wake
interactions,thecriteriaforareasonablethresholdvaryover
thesubsets.Inordertoreducehumanerror,weusethefol-
lowingqualitativecriteria:

1.Theshapeofthewakeshouldbedistinguishableenough
nottobemisinterpretedasnoise.

2.ThenoiseshouldbereducednearwindturbinesAV7
andAV10butisallowednearAV11sinceitswakehas
lowimportanceinthisstudy.

3.TheidentifiedwakesfromAV7andAV10shouldnot
mergetoeasethecenterlinedetection.

Wealsoperformamanualcenterlinedetection.Acen-
terlineisdrawnoverthelidarscanasalineorseriesof
points.Forfurthercomparisonwithotherwakecharacteri-
zationmethods,itisconvertedtotheCartesiancoordinates
usingaplotdigitizer.Unlikethemanualthresholddetection,
themanualwakecharacterizationismorepronetoerrors,
especiallyinthefar-wakeregion,wherethewakebecomes
lessdistinguishablefromthefreeflow.Duetoambiguityand
complexityofthemanualcenterlinedetection,weselectonly
afewlidarscanstodemonstratethemethods’performancein
theparallel,aligned,andbimodalsubsets.

Forbrevity,thewakeidentificationandcharacterization
methodsarefurtherreferredtoaslistedinTable2.

5Proofofconcept:wakeidentificationand
characterizationfromtheLESdata

Inthissection,wedemonstratetheperformanceoftheATS
methodinapplicationtotheLESdataandcomparetheresult
totheGaussianmethod.

AninstantaneousLESwakerevealscomplexspatialfea-
turestobedetected,althoughitsintensityhistogramremains
rathersmooth(Fig.9b).TheATSmethoddetectsacontinu-
ousstructureinthenearwakeandthebeginningofthefar
wake,whilethewakeatx/D>10isrepresentedasseries
ofsmalldisconnectedstructures(Fig.12bandc).TheATS
methoddoesnotcapturethewakeexpansion,butonlyatrail
ofthelow-wind-speedareas.

SincetheATSmethodextractstheoutercontourofa
shape,smallholesinsidethedetectedwakeareautomati-
callyfilledanddonotaffecttheintersection-basedcenterline
search(Fig.13a).Thecurrentalgorithmprocessesonlythe
firstcontinuouswakeshape.Extendingthecenterlinedown-
streamrequiresaproceduretoidentifywhichofthesmall
detectedshapesactuallybelongtothefarwakeandthecon-
nectionorder.Theformerproblemismorerelevantforalidar
scan,whichhaslessuniformbackgroundflowcomparedto
theLESdata.
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InadditiontotheGaussianfit,weapplyathresholdbasedon
thewakedeficitcriterion.Themethodassumesthatapoint
belongstothewakeifthewindspeedthereislessthanor
equalto95%ofthefree-flowwindspeed(Españaetal.,
2011),herethereferencewindspeed.

ThelidarmeasuresradialvelocityU(Eq.2).Ifthewind
directiondiffersfromthescannedazimuths,thereference
windspeedmeasuredbyacupanemometernoticeablyde-
viatesfromthefree-flowradialvelocity.Normally,alidar
retrievalprocedureshouldbeperformedtoreconstructthe
actualwindfield.Sinceweareonlyinterestedinthewind
speedvalues,butnotthelocalflowdirection,weapplya
simpleexpressiontore-projecttheradialvelocityandtake
themagnitudeofthecalculatedwindspeed.

U
′
r,φ=

Ur,φ

cosα
,(9)

whereUr,φisthemeasuredradialvelocityatthebeam
rangerandazimuthφ,U

′
r,φistheestimatedmagnitudeof

therealvelocity,andαistheanglebetweentheradialand
actualwindspeedvectors(Fig.11).Equation(9)assumes
thattheflowmovesinthereferencewinddirectionateach
scannedpointregardlessofthewakeinfluenceandotherflow
disturbances.

Theangleαiscalculatedasthedifferencebetweenref-
erencewinddirection2MET,givenaccordingtothemeteo-
rologicalconvention,andtheazimuthφ(Fig.11).Thatis,
Eq.(9)changesto

U
′
r,φ=

Ur,φ

cosα
=

Ur,φ

cos(2MET−φ)
.(10)

Sincethenormalization(Eq.1)isnotperformed,the
deficit-basedmethoddoesnotnecessarilyrequiredespiking
–allhigh-valueoutlierswouldbeassignedtothebackground
flowbythethresholdcondition.However,themethodre-
quiresadditionalinformationonthefreeflow,suchasthe
windspeedanddirection,toperformthesimpleretrieval.

Thethresholdisappliedtothewindspeedfieldrecalcu-
latedwithEq.(10)insteadoftheoriginalradialvelocityfield
usedfortheATSmethod.Thereforedirectcomparisonofthe
thresholdsiscomplicated.Instead,wecomparethethresh-
oldedimagesandevaluatethedetectionaccuracyagainstthe
manualwakeidentification.

4.5Manualwakeidentificationandcharacterization

Weperformamanualsegmentationtoselectanoptimal
thresholdforeachlidarscananduseitasa“true”identifi-
cation.Themanualthresholdisdefinedinawaytorepresent
theminimumthresholdrequiredtoidentifyawakeshape
suitablefortheautomaticcenterlinedetectionasdescribed
inSect.4.2.Thecomparisonagainstmanualwakeidentifica-
tionthenwouldshowwhethertheATSmethodiscapableof

automatizingthethresholdselectionandimprovingitsflexi-
bilitycomparedtothedeficit-basedthresholding.

Sincetheavailablescansrepresentdifferentwake–wake
interactions,thecriteriaforareasonablethresholdvaryover
thesubsets.Inordertoreducehumanerror,weusethefol-
lowingqualitativecriteria:

1.Theshapeofthewakeshouldbedistinguishableenough
nottobemisinterpretedasnoise.

2.ThenoiseshouldbereducednearwindturbinesAV7
andAV10butisallowednearAV11sinceitswakehas
lowimportanceinthisstudy.

3.TheidentifiedwakesfromAV7andAV10shouldnot
mergetoeasethecenterlinedetection.

Wealsoperformamanualcenterlinedetection.Acen-
terlineisdrawnoverthelidarscanasalineorseriesof
points.Forfurthercomparisonwithotherwakecharacteri-
zationmethods,itisconvertedtotheCartesiancoordinates
usingaplotdigitizer.Unlikethemanualthresholddetection,
themanualwakecharacterizationismorepronetoerrors,
especiallyinthefar-wakeregion,wherethewakebecomes
lessdistinguishablefromthefreeflow.Duetoambiguityand
complexityofthemanualcenterlinedetection,weselectonly
afewlidarscanstodemonstratethemethods’performancein
theparallel,aligned,andbimodalsubsets.

Forbrevity,thewakeidentificationandcharacterization
methodsarefurtherreferredtoaslistedinTable2.

5Proofofconcept:wakeidentificationand
characterizationfromtheLESdata

Inthissection,wedemonstratetheperformanceoftheATS
methodinapplicationtotheLESdataandcomparetheresult
totheGaussianmethod.

AninstantaneousLESwakerevealscomplexspatialfea-
turestobedetected,althoughitsintensityhistogramremains
rathersmooth(Fig.9b).TheATSmethoddetectsacontinu-
ousstructureinthenearwakeandthebeginningofthefar
wake,whilethewakeatx/D>10isrepresentedasseries
ofsmalldisconnectedstructures(Fig.12bandc).TheATS
methoddoesnotcapturethewakeexpansion,butonlyatrail
ofthelow-wind-speedareas.

SincetheATSmethodextractstheoutercontourofa
shape,smallholesinsidethedetectedwakeareautomati-
callyfilledanddonotaffecttheintersection-basedcenterline
search(Fig.13a).Thecurrentalgorithmprocessesonlythe
firstcontinuouswakeshape.Extendingthecenterlinedown-
streamrequiresaproceduretoidentifywhichofthesmall
detectedshapesactuallybelongtothefarwakeandthecon-
nectionorder.Theformerproblemismorerelevantforalidar
scan,whichhaslessuniformbackgroundflowcomparedto
theLESdata.
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Table 2. Summary of the wake detection methods.

Name Main characteristics

Manual Input data: radial velocity field.
Identification: threshold value based on the visual evaluation.
Characterization: digitized centerline drawn over the lidar scan.
Automation: no.
Flexibility: yes.

Deficit-based Input data: retrieved velocity field, Eq. (9), reference wind speed.
Identification: threshold value based on the wake deficit compared to the free flow.
Characterization: not performed.
Automation: yes.
Flexibility: no.

Gaussian Input data: radial velocity field, wind direction, and wind turbine locations.
Identification: Gaussian function fitted to the wake profile.
Characterization: performed simultaneously with the wake identification.
Automation: yes.
Flexibility: partial.

ATS Input data: radial velocity field, wind direction (optional), and wind turbine locations.
Identification: threshold value from the intensity histogram.
Characterization: midpoints of the concentric arcs crossing the wake contour.
Automation: yes.
Flexibility: partial.

Figure 12. Wake and centerline identification for a sample instan-
taneous LES wake: (a) normalized flow field, same as Fig. 9b;
(b) thresholded flow field; and (c) wake shapes color-coded to show
connectivity.

Figure 13c compares the wake centerline and edges de-
tected by the Gaussian and ATS methods. Both methods per-
form well in the range of 1< x/D < 10 and show good
agreement on the same distance (Fig. 13c). Downstream
(x/D > 10), the wake becomes weaker as it recovers to the
free flow. If the wake deficit function becomes too flat to fit
accurately, the fitting result may place the wake center in-
correctly or overestimate the standard deviation and, con-
sequently, the wake width. The ATS method detects only

Figure 13. Sample wake identification and characterization using
idealized LES data. (a) Thresholded data overlaid with the contour
of the wake shape; (b) thresholded data overlaid with the wake
boundaries and centerline detected by the Gaussian method; and
(c) ATS and Gaussian wake detection results, overlaid.

disconnected structures in the far wake. Nevertheless, those
structures primarily lie within the wake edges detected by
the Gaussian method. The Gaussian centerline also passes
through the centers of the ATS-detected structures. A good
agreement between methods can be explained by the fact that
the ATS method searches for regions of high intensity, i.e.,
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Table2.Summaryofthewakedetectionmethods.

NameMaincharacteristics

ManualInputdata:radialvelocityfield.
Identification:thresholdvaluebasedonthevisualevaluation.
Characterization:digitizedcenterlinedrawnoverthelidarscan.
Automation:no.
Flexibility:yes.

Deficit-basedInputdata:retrievedvelocityfield,Eq.(9),referencewindspeed.
Identification:thresholdvaluebasedonthewakedeficitcomparedtothefreeflow.
Characterization:notperformed.
Automation:yes.
Flexibility:no.

GaussianInputdata:radialvelocityfield,winddirection,andwindturbinelocations.
Identification:Gaussianfunctionfittedtothewakeprofile.
Characterization:performedsimultaneouslywiththewakeidentification.
Automation:yes.
Flexibility:partial.

ATSInputdata:radialvelocityfield,winddirection(optional),andwindturbinelocations.
Identification:thresholdvaluefromtheintensityhistogram.
Characterization:midpointsoftheconcentricarcscrossingthewakecontour.
Automation:yes.
Flexibility:partial.

Figure12.Wakeandcenterlineidentificationforasampleinstan-
taneousLESwake:(a)normalizedflowfield,sameasFig.9b;
(b)thresholdedflowfield;and(c)wakeshapescolor-codedtoshow
connectivity.

Figure13ccomparesthewakecenterlineandedgesde-
tectedbytheGaussianandATSmethods.Bothmethodsper-
formwellintherangeof1<x/D<10andshowgood
agreementonthesamedistance(Fig.13c).Downstream
(x/D>10),thewakebecomesweakerasitrecoverstothe
freeflow.Ifthewakedeficitfunctionbecomestooflattofit
accurately,thefittingresultmayplacethewakecenterin-
correctlyoroverestimatethestandarddeviationand,con-
sequently,thewakewidth.TheATSmethoddetectsonly

Figure13.Samplewakeidentificationandcharacterizationusing
idealizedLESdata.(a)Thresholdeddataoverlaidwiththecontour
ofthewakeshape;(b)thresholdeddataoverlaidwiththewake
boundariesandcenterlinedetectedbytheGaussianmethod;and
(c)ATSandGaussianwakedetectionresults,overlaid.

disconnectedstructuresinthefarwake.Nevertheless,those
structuresprimarilyliewithinthewakeedgesdetectedby
theGaussianmethod.TheGaussiancenterlinealsopasses
throughthecentersoftheATS-detectedstructures.Agood
agreementbetweenmethodscanbeexplainedbythefactthat
theATSmethodsearchesforregionsofhighintensity,i.e.,
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Table2.Summaryofthewakedetectionmethods.

NameMaincharacteristics

ManualInputdata:radialvelocityfield.
Identification:thresholdvaluebasedonthevisualevaluation.
Characterization:digitizedcenterlinedrawnoverthelidarscan.
Automation:no.
Flexibility:yes.

Deficit-basedInputdata:retrievedvelocityfield,Eq.(9),referencewindspeed.
Identification:thresholdvaluebasedonthewakedeficitcomparedtothefreeflow.
Characterization:notperformed.
Automation:yes.
Flexibility:no.

GaussianInputdata:radialvelocityfield,winddirection,andwindturbinelocations.
Identification:Gaussianfunctionfittedtothewakeprofile.
Characterization:performedsimultaneouslywiththewakeidentification.
Automation:yes.
Flexibility:partial.

ATSInputdata:radialvelocityfield,winddirection(optional),andwindturbinelocations.
Identification:thresholdvaluefromtheintensityhistogram.
Characterization:midpointsoftheconcentricarcscrossingthewakecontour.
Automation:yes.
Flexibility:partial.

Figure12.Wakeandcenterlineidentificationforasampleinstan-
taneousLESwake:(a)normalizedflowfield,sameasFig.9b;
(b)thresholdedflowfield;and(c)wakeshapescolor-codedtoshow
connectivity.

Figure13ccomparesthewakecenterlineandedgesde-
tectedbytheGaussianandATSmethods.Bothmethodsper-
formwellintherangeof1<x/D<10andshowgood
agreementonthesamedistance(Fig.13c).Downstream
(x/D>10),thewakebecomesweakerasitrecoverstothe
freeflow.Ifthewakedeficitfunctionbecomestooflattofit
accurately,thefittingresultmayplacethewakecenterin-
correctlyoroverestimatethestandarddeviationand,con-
sequently,thewakewidth.TheATSmethoddetectsonly

Figure13.Samplewakeidentificationandcharacterizationusing
idealizedLESdata.(a)Thresholdeddataoverlaidwiththecontour
ofthewakeshape;(b)thresholdeddataoverlaidwiththewake
boundariesandcenterlinedetectedbytheGaussianmethod;and
(c)ATSandGaussianwakedetectionresults,overlaid.

disconnectedstructuresinthefarwake.Nevertheless,those
structuresprimarilyliewithinthewakeedgesdetectedby
theGaussianmethod.TheGaussiancenterlinealsopasses
throughthecentersoftheATS-detectedstructures.Agood
agreementbetweenmethodscanbeexplainedbythefactthat
theATSmethodsearchesforregionsofhighintensity,i.e.,
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Table 2. Summary of the wake detection methods.

Name Main characteristics

Manual Input data: radial velocity field.
Identification: threshold value based on the visual evaluation.
Characterization: digitized centerline drawn over the lidar scan.
Automation: no.
Flexibility: yes.

Deficit-based Input data: retrieved velocity field, Eq. (9), reference wind speed.
Identification: threshold value based on the wake deficit compared to the free flow.
Characterization: not performed.
Automation: yes.
Flexibility: no.

Gaussian Input data: radial velocity field, wind direction, and wind turbine locations.
Identification: Gaussian function fitted to the wake profile.
Characterization: performed simultaneously with the wake identification.
Automation: yes.
Flexibility: partial.

ATS Input data: radial velocity field, wind direction (optional), and wind turbine locations.
Identification: threshold value from the intensity histogram.
Characterization: midpoints of the concentric arcs crossing the wake contour.
Automation: yes.
Flexibility: partial.

Figure 12. Wake and centerline identification for a sample instan-
taneous LES wake: (a) normalized flow field, same as Fig. 9b;
(b) thresholded flow field; and (c) wake shapes color-coded to show
connectivity.

Figure 13c compares the wake centerline and edges de-
tected by the Gaussian and ATS methods. Both methods per-
form well in the range of 1< x/D < 10 and show good
agreement on the same distance (Fig. 13c). Downstream
(x/D > 10), the wake becomes weaker as it recovers to the
free flow. If the wake deficit function becomes too flat to fit
accurately, the fitting result may place the wake center in-
correctly or overestimate the standard deviation and, con-
sequently, the wake width. The ATS method detects only

Figure 13. Sample wake identification and characterization using
idealized LES data. (a) Thresholded data overlaid with the contour
of the wake shape; (b) thresholded data overlaid with the wake
boundaries and centerline detected by the Gaussian method; and
(c) ATS and Gaussian wake detection results, overlaid.

disconnected structures in the far wake. Nevertheless, those
structures primarily lie within the wake edges detected by
the Gaussian method. The Gaussian centerline also passes
through the centers of the ATS-detected structures. A good
agreement between methods can be explained by the fact that
the ATS method searches for regions of high intensity, i.e.,
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Table 2. Summary of the wake detection methods.

Name Main characteristics

Manual Input data: radial velocity field.
Identification: threshold value based on the visual evaluation.
Characterization: digitized centerline drawn over the lidar scan.
Automation: no.
Flexibility: yes.

Deficit-based Input data: retrieved velocity field, Eq. (9), reference wind speed.
Identification: threshold value based on the wake deficit compared to the free flow.
Characterization: not performed.
Automation: yes.
Flexibility: no.

Gaussian Input data: radial velocity field, wind direction, and wind turbine locations.
Identification: Gaussian function fitted to the wake profile.
Characterization: performed simultaneously with the wake identification.
Automation: yes.
Flexibility: partial.

ATS Input data: radial velocity field, wind direction (optional), and wind turbine locations.
Identification: threshold value from the intensity histogram.
Characterization: midpoints of the concentric arcs crossing the wake contour.
Automation: yes.
Flexibility: partial.

Figure 12. Wake and centerline identification for a sample instan-
taneous LES wake: (a) normalized flow field, same as Fig. 9b;
(b) thresholded flow field; and (c) wake shapes color-coded to show
connectivity.

Figure 13c compares the wake centerline and edges de-
tected by the Gaussian and ATS methods. Both methods per-
form well in the range of 1< x/D < 10 and show good
agreement on the same distance (Fig. 13c). Downstream
(x/D > 10), the wake becomes weaker as it recovers to the
free flow. If the wake deficit function becomes too flat to fit
accurately, the fitting result may place the wake center in-
correctly or overestimate the standard deviation and, con-
sequently, the wake width. The ATS method detects only

Figure 13. Sample wake identification and characterization using
idealized LES data. (a) Thresholded data overlaid with the contour
of the wake shape; (b) thresholded data overlaid with the wake
boundaries and centerline detected by the Gaussian method; and
(c) ATS and Gaussian wake detection results, overlaid.

disconnected structures in the far wake. Nevertheless, those
structures primarily lie within the wake edges detected by
the Gaussian method. The Gaussian centerline also passes
through the centers of the ATS-detected structures. A good
agreement between methods can be explained by the fact that
the ATS method searches for regions of high intensity, i.e.,
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Table2.Summaryofthewakedetectionmethods.

NameMaincharacteristics

ManualInputdata:radialvelocityfield.
Identification:thresholdvaluebasedonthevisualevaluation.
Characterization:digitizedcenterlinedrawnoverthelidarscan.
Automation:no.
Flexibility:yes.

Deficit-basedInputdata:retrievedvelocityfield,Eq.(9),referencewindspeed.
Identification:thresholdvaluebasedonthewakedeficitcomparedtothefreeflow.
Characterization:notperformed.
Automation:yes.
Flexibility:no.

GaussianInputdata:radialvelocityfield,winddirection,andwindturbinelocations.
Identification:Gaussianfunctionfittedtothewakeprofile.
Characterization:performedsimultaneouslywiththewakeidentification.
Automation:yes.
Flexibility:partial.

ATSInputdata:radialvelocityfield,winddirection(optional),andwindturbinelocations.
Identification:thresholdvaluefromtheintensityhistogram.
Characterization:midpointsoftheconcentricarcscrossingthewakecontour.
Automation:yes.
Flexibility:partial.

Figure12.Wakeandcenterlineidentificationforasampleinstan-
taneousLESwake:(a)normalizedflowfield,sameasFig.9b;
(b)thresholdedflowfield;and(c)wakeshapescolor-codedtoshow
connectivity.

Figure13ccomparesthewakecenterlineandedgesde-
tectedbytheGaussianandATSmethods.Bothmethodsper-
formwellintherangeof1<x/D<10andshowgood
agreementonthesamedistance(Fig.13c).Downstream
(x/D>10),thewakebecomesweakerasitrecoverstothe
freeflow.Ifthewakedeficitfunctionbecomestooflattofit
accurately,thefittingresultmayplacethewakecenterin-
correctlyoroverestimatethestandarddeviationand,con-
sequently,thewakewidth.TheATSmethoddetectsonly

Figure13.Samplewakeidentificationandcharacterizationusing
idealizedLESdata.(a)Thresholdeddataoverlaidwiththecontour
ofthewakeshape;(b)thresholdeddataoverlaidwiththewake
boundariesandcenterlinedetectedbytheGaussianmethod;and
(c)ATSandGaussianwakedetectionresults,overlaid.

disconnectedstructuresinthefarwake.Nevertheless,those
structuresprimarilyliewithinthewakeedgesdetectedby
theGaussianmethod.TheGaussiancenterlinealsopasses
throughthecentersoftheATS-detectedstructures.Agood
agreementbetweenmethodscanbeexplainedbythefactthat
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Table2.Summaryofthewakedetectionmethods.
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ATSInputdata:radialvelocityfield,winddirection(optional),andwindturbinelocations.
Identification:thresholdvaluefromtheintensityhistogram.
Characterization:midpointsoftheconcentricarcscrossingthewakecontour.
Automation:yes.
Flexibility:partial.

Figure12.Wakeandcenterlineidentificationforasampleinstan-
taneousLESwake:(a)normalizedflowfield,sameasFig.9b;
(b)thresholdedflowfield;and(c)wakeshapescolor-codedtoshow
connectivity.

Figure13ccomparesthewakecenterlineandedgesde-
tectedbytheGaussianandATSmethods.Bothmethodsper-
formwellintherangeof1<x/D<10andshowgood
agreementonthesamedistance(Fig.13c).Downstream
(x/D>10),thewakebecomesweakerasitrecoverstothe
freeflow.Ifthewakedeficitfunctionbecomestooflattofit
accurately,thefittingresultmayplacethewakecenterin-
correctlyoroverestimatethestandarddeviationand,con-
sequently,thewakewidth.TheATSmethoddetectsonly

Figure13.Samplewakeidentificationandcharacterizationusing
idealizedLESdata.(a)Thresholdeddataoverlaidwiththecontour
ofthewakeshape;(b)thresholdeddataoverlaidwiththewake
boundariesandcenterlinedetectedbytheGaussianmethod;and
(c)ATSandGaussianwakedetectionresults,overlaid.
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low wind speed. At the same time, the Gaussian method ap-
proximates a wake center at the point of high wake deficit,
which also corresponds to low wind speed.

Overall, the Gaussian and ATS centerline search methods
show complementary flaws. The Gaussian method may esti-
mate the wake center correctly on a weak wake profile but re-
turns a large standard deviation, leading to an overestimation
of the wake width. The Gaussian method does not always
interpret strong wake meandering correctly and mistakes a
wake turn for a wide wake. Conversely, the ATS method is
capable of discerning a complex wake shape but has prob-
lems with the centerline detection if the wake shape is too
irregular due to wake merging or mixing with noise.

6 Results

For the lidar data, we perform an extensive comparison to the
manual wake identification and characterization and evaluate
the accuracy of the ATS method. We further compare the per-
formance of the ATS and Gaussian methods and discuss the
application of the ATS method in the centerline detection.
We show both ensemble statistics and demonstrate the meth-
ods’ performance on sample scans showing each of the most
represented non-corrupted subsets: parallel, aligned, and bi-
modal.

6.1 Comparison of the ATS wake identification against
the manual identification and deficit-based
thresholding

We construct a confusion matrix to assess the performance
of the methods for a single lidar scan. The 2× 2 confusion
matrix describes the comparison of the automatic threshold-
ing methods (deficit-based or ATS; see Table 2) against the
manual method and contains the following outcomes.

– True positive (TP) – the point is detected as a wake point
by both manual and automatic identification.

– True negative (TN) – the point is detected as a free-flow
point by both manual and automatic identification.

– False positive (FP) – the point is detected as a wake
point by the automatic method but is a free-flow point
in the manual identification.

– False negative (FN) – the point is detected as a free-flow
point by the automatic method but is a wake point in the
manual identification.

If the automatic identification is accurate with respect to
the manual identification, TP and TN values tend to 100 %,
while FP and FN are close to zero.

The bimodal subset can be considered the most conve-
nient for the manual threshold segmentation. It utilizes the
strict criterion for the manual threshold that the wake shapes
should not merge (Fig. 14d). In the example, the ATS method

Figure 14. Scan 599 (bimodal subset), wake identification. (a) The
original data in the Cartesian coordinates, (b, c) confusion matri-
ces for the ATS and deficit-based methods, (d) manual threshold
selected in a way to separate the two wakes, and (e, f) thresholds
estimated by the ATS and deficit-based methods.

sets the threshold higher compared to the manual identifica-
tion (Fig. 14e). Hence the far-wake area is slightly reduced.
The deficit-based method (Fig. 14f) produces a similar result.

The aligned-wake subset utilizes the same manual thresh-
old criteria for the wake splitting as the bimodal subset
(Fig. 15), although the condition may be harder to fulfill.
For some lidar scans, the far wake from the turbine AV10
and the near wake from AV7 cannot be separated, unless the
threshold is increased so that the far wake is not identified
(Fig. 15d). In this case, detecting a general shape of the wake
takes priority. The manual threshold is then more subjective
than that of the bimodal subset. The deficit-based method un-
derestimates the threshold more significantly than in the bi-
modal case and produces larger percentage of false positives
than the ATS method (Fig. 15f).

The parallel-wake subset is the most challenging, for
both the manual identification and the automatic methods
(Fig. 16). The wind direction in the subset is approaching
210◦, where the crosswind effects start (Fig. 3) and noise
appears at the border of a lidar scan. Unlike the corrupted
scans with a high number of non-physical wind speed values,
the region around the wind turbines AV7 and AV10 contains
valid measurements and still allows us to perform wake iden-
tification with relative success. However, the wake identifica-
tion accuracy declines due to the border noise, and only one
wake can be extracted well enough to perform the analysis
on the wake centerline and shape evolution. If the thresh-
old is increased to distinguish wakes and noise, the wake
from AV10 remains nearly undetected as can be seen from
Fig. 16d. The ATS method returns a lower threshold that im-
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lowwindspeed.Atthesametime,theGaussianmethodap-
proximatesawakecenteratthepointofhighwakedeficit,
whichalsocorrespondstolowwindspeed.

Overall,theGaussianandATScenterlinesearchmethods
showcomplementaryflaws.TheGaussianmethodmayesti-
matethewakecentercorrectlyonaweakwakeprofilebutre-
turnsalargestandarddeviation,leadingtoanoverestimation
ofthewakewidth.TheGaussianmethoddoesnotalways
interpretstrongwakemeanderingcorrectlyandmistakesa
waketurnforawidewake.Conversely,theATSmethodis
capableofdiscerningacomplexwakeshapebuthasprob-
lemswiththecenterlinedetectionifthewakeshapeistoo
irregularduetowakemergingormixingwithnoise.

6Results

Forthelidardata,weperformanextensivecomparisontothe
manualwakeidentificationandcharacterizationandevaluate
theaccuracyoftheATSmethod.Wefurthercomparetheper-
formanceoftheATSandGaussianmethodsanddiscussthe
applicationoftheATSmethodinthecenterlinedetection.
Weshowbothensemblestatisticsanddemonstratethemeth-
ods’performanceonsamplescansshowingeachofthemost
representednon-corruptedsubsets:parallel,aligned,andbi-
modal.

6.1ComparisonoftheATSwakeidentificationagainst
themanualidentificationanddeficit-based
thresholding

Weconstructaconfusionmatrixtoassesstheperformance
ofthemethodsforasinglelidarscan.The2×2confusion
matrixdescribesthecomparisonoftheautomaticthreshold-
ingmethods(deficit-basedorATS;seeTable2)againstthe
manualmethodandcontainsthefollowingoutcomes.

–Truepositive(TP)–thepointisdetectedasawakepoint
bybothmanualandautomaticidentification.

–Truenegative(TN)–thepointisdetectedasafree-flow
pointbybothmanualandautomaticidentification.

–Falsepositive(FP)–thepointisdetectedasawake
pointbytheautomaticmethodbutisafree-flowpoint
inthemanualidentification.

–Falsenegative(FN)–thepointisdetectedasafree-flow
pointbytheautomaticmethodbutisawakepointinthe
manualidentification.

Iftheautomaticidentificationisaccuratewithrespectto
themanualidentification,TPandTNvaluestendto100%,
whileFPandFNareclosetozero.

Thebimodalsubsetcanbeconsideredthemostconve-
nientforthemanualthresholdsegmentation.Itutilizesthe
strictcriterionforthemanualthresholdthatthewakeshapes
shouldnotmerge(Fig.14d).Intheexample,theATSmethod

Figure14.Scan599(bimodalsubset),wakeidentification.(a)The
originaldataintheCartesiancoordinates,(b,c)confusionmatri-
cesfortheATSanddeficit-basedmethods,(d)manualthreshold
selectedinawaytoseparatethetwowakes,and(e,f)thresholds
estimatedbytheATSanddeficit-basedmethods.

setsthethresholdhighercomparedtothemanualidentifica-
tion(Fig.14e).Hencethefar-wakeareaisslightlyreduced.
Thedeficit-basedmethod(Fig.14f)producesasimilarresult.

Thealigned-wakesubsetutilizesthesamemanualthresh-
oldcriteriaforthewakesplittingasthebimodalsubset
(Fig.15),althoughtheconditionmaybehardertofulfill.
Forsomelidarscans,thefarwakefromtheturbineAV10
andthenearwakefromAV7cannotbeseparated,unlessthe
thresholdisincreasedsothatthefarwakeisnotidentified
(Fig.15d).Inthiscase,detectingageneralshapeofthewake
takespriority.Themanualthresholdisthenmoresubjective
thanthatofthebimodalsubset.Thedeficit-basedmethodun-
derestimatesthethresholdmoresignificantlythaninthebi-
modalcaseandproduceslargerpercentageoffalsepositives
thantheATSmethod(Fig.15f).

Theparallel-wakesubsetisthemostchallenging,for
boththemanualidentificationandtheautomaticmethods
(Fig.16).Thewinddirectioninthesubsetisapproaching
210◦,wherethecrosswindeffectsstart(Fig.3)andnoise
appearsattheborderofalidarscan.Unlikethecorrupted
scanswithahighnumberofnon-physicalwindspeedvalues,
theregionaroundthewindturbinesAV7andAV10contains
validmeasurementsandstillallowsustoperformwakeiden-
tificationwithrelativesuccess.However,thewakeidentifica-
tionaccuracydeclinesduetothebordernoise,andonlyone
wakecanbeextractedwellenoughtoperformtheanalysis
onthewakecenterlineandshapeevolution.Ifthethresh-
oldisincreasedtodistinguishwakesandnoise,thewake
fromAV10remainsnearlyundetectedascanbeseenfrom
Fig.16d.TheATSmethodreturnsalowerthresholdthatim-
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lowwindspeed.Atthesametime,theGaussianmethodap-
proximatesawakecenteratthepointofhighwakedeficit,
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Forsomelidarscans,thefarwakefromtheturbineAV10
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low wind speed. At the same time, the Gaussian method ap-
proximates a wake center at the point of high wake deficit,
which also corresponds to low wind speed.

Overall, the Gaussian and ATS centerline search methods
show complementary flaws. The Gaussian method may esti-
mate the wake center correctly on a weak wake profile but re-
turns a large standard deviation, leading to an overestimation
of the wake width. The Gaussian method does not always
interpret strong wake meandering correctly and mistakes a
wake turn for a wide wake. Conversely, the ATS method is
capable of discerning a complex wake shape but has prob-
lems with the centerline detection if the wake shape is too
irregular due to wake merging or mixing with noise.

6 Results

For the lidar data, we perform an extensive comparison to the
manual wake identification and characterization and evaluate
the accuracy of the ATS method. We further compare the per-
formance of the ATS and Gaussian methods and discuss the
application of the ATS method in the centerline detection.
We show both ensemble statistics and demonstrate the meth-
ods’ performance on sample scans showing each of the most
represented non-corrupted subsets: parallel, aligned, and bi-
modal.

6.1 Comparison of the ATS wake identification against
the manual identification and deficit-based
thresholding

We construct a confusion matrix to assess the performance
of the methods for a single lidar scan. The 2× 2 confusion
matrix describes the comparison of the automatic threshold-
ing methods (deficit-based or ATS; see Table 2) against the
manual method and contains the following outcomes.

– True positive (TP) – the point is detected as a wake point
by both manual and automatic identification.

– True negative (TN) – the point is detected as a free-flow
point by both manual and automatic identification.

– False positive (FP) – the point is detected as a wake
point by the automatic method but is a free-flow point
in the manual identification.

– False negative (FN) – the point is detected as a free-flow
point by the automatic method but is a wake point in the
manual identification.

If the automatic identification is accurate with respect to
the manual identification, TP and TN values tend to 100 %,
while FP and FN are close to zero.

The bimodal subset can be considered the most conve-
nient for the manual threshold segmentation. It utilizes the
strict criterion for the manual threshold that the wake shapes
should not merge (Fig. 14d). In the example, the ATS method

Figure 14. Scan 599 (bimodal subset), wake identification. (a) The
original data in the Cartesian coordinates, (b, c) confusion matri-
ces for the ATS and deficit-based methods, (d) manual threshold
selected in a way to separate the two wakes, and (e, f) thresholds
estimated by the ATS and deficit-based methods.

sets the threshold higher compared to the manual identifica-
tion (Fig. 14e). Hence the far-wake area is slightly reduced.
The deficit-based method (Fig. 14f) produces a similar result.

The aligned-wake subset utilizes the same manual thresh-
old criteria for the wake splitting as the bimodal subset
(Fig. 15), although the condition may be harder to fulfill.
For some lidar scans, the far wake from the turbine AV10
and the near wake from AV7 cannot be separated, unless the
threshold is increased so that the far wake is not identified
(Fig. 15d). In this case, detecting a general shape of the wake
takes priority. The manual threshold is then more subjective
than that of the bimodal subset. The deficit-based method un-
derestimates the threshold more significantly than in the bi-
modal case and produces larger percentage of false positives
than the ATS method (Fig. 15f).

The parallel-wake subset is the most challenging, for
both the manual identification and the automatic methods
(Fig. 16). The wind direction in the subset is approaching
210
◦
, where the crosswind effects start (Fig. 3) and noise

appears at the border of a lidar scan. Unlike the corrupted
scans with a high number of non-physical wind speed values,
the region around the wind turbines AV7 and AV10 contains
valid measurements and still allows us to perform wake iden-
tification with relative success. However, the wake identifica-
tion accuracy declines due to the border noise, and only one
wake can be extracted well enough to perform the analysis
on the wake centerline and shape evolution. If the thresh-
old is increased to distinguish wakes and noise, the wake
from AV10 remains nearly undetected as can be seen from
Fig. 16d. The ATS method returns a lower threshold that im-
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low wind speed. At the same time, the Gaussian method ap-
proximates a wake center at the point of high wake deficit,
which also corresponds to low wind speed.

Overall, the Gaussian and ATS centerline search methods
show complementary flaws. The Gaussian method may esti-
mate the wake center correctly on a weak wake profile but re-
turns a large standard deviation, leading to an overestimation
of the wake width. The Gaussian method does not always
interpret strong wake meandering correctly and mistakes a
wake turn for a wide wake. Conversely, the ATS method is
capable of discerning a complex wake shape but has prob-
lems with the centerline detection if the wake shape is too
irregular due to wake merging or mixing with noise.

6 Results

For the lidar data, we perform an extensive comparison to the
manual wake identification and characterization and evaluate
the accuracy of the ATS method. We further compare the per-
formance of the ATS and Gaussian methods and discuss the
application of the ATS method in the centerline detection.
We show both ensemble statistics and demonstrate the meth-
ods’ performance on sample scans showing each of the most
represented non-corrupted subsets: parallel, aligned, and bi-
modal.

6.1 Comparison of the ATS wake identification against
the manual identification and deficit-based
thresholding

We construct a confusion matrix to assess the performance
of the methods for a single lidar scan. The 2× 2 confusion
matrix describes the comparison of the automatic threshold-
ing methods (deficit-based or ATS; see Table 2) against the
manual method and contains the following outcomes.

– True positive (TP) – the point is detected as a wake point
by both manual and automatic identification.

– True negative (TN) – the point is detected as a free-flow
point by both manual and automatic identification.

– False positive (FP) – the point is detected as a wake
point by the automatic method but is a free-flow point
in the manual identification.

– False negative (FN) – the point is detected as a free-flow
point by the automatic method but is a wake point in the
manual identification.

If the automatic identification is accurate with respect to
the manual identification, TP and TN values tend to 100 %,
while FP and FN are close to zero.

The bimodal subset can be considered the most conve-
nient for the manual threshold segmentation. It utilizes the
strict criterion for the manual threshold that the wake shapes
should not merge (Fig. 14d). In the example, the ATS method

Figure 14. Scan 599 (bimodal subset), wake identification. (a) The
original data in the Cartesian coordinates, (b, c) confusion matri-
ces for the ATS and deficit-based methods, (d) manual threshold
selected in a way to separate the two wakes, and (e, f) thresholds
estimated by the ATS and deficit-based methods.

sets the threshold higher compared to the manual identifica-
tion (Fig. 14e). Hence the far-wake area is slightly reduced.
The deficit-based method (Fig. 14f) produces a similar result.

The aligned-wake subset utilizes the same manual thresh-
old criteria for the wake splitting as the bimodal subset
(Fig. 15), although the condition may be harder to fulfill.
For some lidar scans, the far wake from the turbine AV10
and the near wake from AV7 cannot be separated, unless the
threshold is increased so that the far wake is not identified
(Fig. 15d). In this case, detecting a general shape of the wake
takes priority. The manual threshold is then more subjective
than that of the bimodal subset. The deficit-based method un-
derestimates the threshold more significantly than in the bi-
modal case and produces larger percentage of false positives
than the ATS method (Fig. 15f).

The parallel-wake subset is the most challenging, for
both the manual identification and the automatic methods
(Fig. 16). The wind direction in the subset is approaching
210
◦
, where the crosswind effects start (Fig. 3) and noise

appears at the border of a lidar scan. Unlike the corrupted
scans with a high number of non-physical wind speed values,
the region around the wind turbines AV7 and AV10 contains
valid measurements and still allows us to perform wake iden-
tification with relative success. However, the wake identifica-
tion accuracy declines due to the border noise, and only one
wake can be extracted well enough to perform the analysis
on the wake centerline and shape evolution. If the thresh-
old is increased to distinguish wakes and noise, the wake
from AV10 remains nearly undetected as can be seen from
Fig. 16d. The ATS method returns a lower threshold that im-
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lowwindspeed.Atthesametime,theGaussianmethodap-
proximatesawakecenteratthepointofhighwakedeficit,
whichalsocorrespondstolowwindspeed.

Overall,theGaussianandATScenterlinesearchmethods
showcomplementaryflaws.TheGaussianmethodmayesti-
matethewakecentercorrectlyonaweakwakeprofilebutre-
turnsalargestandarddeviation,leadingtoanoverestimation
ofthewakewidth.TheGaussianmethoddoesnotalways
interpretstrongwakemeanderingcorrectlyandmistakesa
waketurnforawidewake.Conversely,theATSmethodis
capableofdiscerningacomplexwakeshapebuthasprob-
lemswiththecenterlinedetectionifthewakeshapeistoo
irregularduetowakemergingormixingwithnoise.

6Results

Forthelidardata,weperformanextensivecomparisontothe
manualwakeidentificationandcharacterizationandevaluate
theaccuracyoftheATSmethod.Wefurthercomparetheper-
formanceoftheATSandGaussianmethodsanddiscussthe
applicationoftheATSmethodinthecenterlinedetection.
Weshowbothensemblestatisticsanddemonstratethemeth-
ods’performanceonsamplescansshowingeachofthemost
representednon-corruptedsubsets:parallel,aligned,andbi-
modal.

6.1ComparisonoftheATSwakeidentificationagainst
themanualidentificationanddeficit-based
thresholding

Weconstructaconfusionmatrixtoassesstheperformance
ofthemethodsforasinglelidarscan.The2×2confusion
matrixdescribesthecomparisonoftheautomaticthreshold-
ingmethods(deficit-basedorATS;seeTable2)againstthe
manualmethodandcontainsthefollowingoutcomes.

–Truepositive(TP)–thepointisdetectedasawakepoint
bybothmanualandautomaticidentification.

–Truenegative(TN)–thepointisdetectedasafree-flow
pointbybothmanualandautomaticidentification.

–Falsepositive(FP)–thepointisdetectedasawake
pointbytheautomaticmethodbutisafree-flowpoint
inthemanualidentification.

–Falsenegative(FN)–thepointisdetectedasafree-flow
pointbytheautomaticmethodbutisawakepointinthe
manualidentification.

Iftheautomaticidentificationisaccuratewithrespectto
themanualidentification,TPandTNvaluestendto100%,
whileFPandFNareclosetozero.

Thebimodalsubsetcanbeconsideredthemostconve-
nientforthemanualthresholdsegmentation.Itutilizesthe
strictcriterionforthemanualthresholdthatthewakeshapes
shouldnotmerge(Fig.14d).Intheexample,theATSmethod

Figure14.Scan599(bimodalsubset),wakeidentification.(a)The
originaldataintheCartesiancoordinates,(b,c)confusionmatri-
cesfortheATSanddeficit-basedmethods,(d)manualthreshold
selectedinawaytoseparatethetwowakes,and(e,f)thresholds
estimatedbytheATSanddeficit-basedmethods.

setsthethresholdhighercomparedtothemanualidentifica-
tion(Fig.14e).Hencethefar-wakeareaisslightlyreduced.
Thedeficit-basedmethod(Fig.14f)producesasimilarresult.

Thealigned-wakesubsetutilizesthesamemanualthresh-
oldcriteriaforthewakesplittingasthebimodalsubset
(Fig.15),althoughtheconditionmaybehardertofulfill.
Forsomelidarscans,thefarwakefromtheturbineAV10
andthenearwakefromAV7cannotbeseparated,unlessthe
thresholdisincreasedsothatthefarwakeisnotidentified
(Fig.15d).Inthiscase,detectingageneralshapeofthewake
takespriority.Themanualthresholdisthenmoresubjective
thanthatofthebimodalsubset.Thedeficit-basedmethodun-
derestimatesthethresholdmoresignificantlythaninthebi-
modalcaseandproduceslargerpercentageoffalsepositives
thantheATSmethod(Fig.15f).

Theparallel-wakesubsetisthemostchallenging,for
boththemanualidentificationandtheautomaticmethods
(Fig.16).Thewinddirectioninthesubsetisapproaching
210
◦
,wherethecrosswindeffectsstart(Fig.3)andnoise

appearsattheborderofalidarscan.Unlikethecorrupted
scanswithahighnumberofnon-physicalwindspeedvalues,
theregionaroundthewindturbinesAV7andAV10contains
validmeasurementsandstillallowsustoperformwakeiden-
tificationwithrelativesuccess.However,thewakeidentifica-
tionaccuracydeclinesduetothebordernoise,andonlyone
wakecanbeextractedwellenoughtoperformtheanalysis
onthewakecenterlineandshapeevolution.Ifthethresh-
oldisincreasedtodistinguishwakesandnoise,thewake
fromAV10remainsnearlyundetectedascanbeseenfrom
Fig.16d.TheATSmethodreturnsalowerthresholdthatim-
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lowwindspeed.Atthesametime,theGaussianmethodap-
proximatesawakecenteratthepointofhighwakedeficit,
whichalsocorrespondstolowwindspeed.

Overall,theGaussianandATScenterlinesearchmethods
showcomplementaryflaws.TheGaussianmethodmayesti-
matethewakecentercorrectlyonaweakwakeprofilebutre-
turnsalargestandarddeviation,leadingtoanoverestimation
ofthewakewidth.TheGaussianmethoddoesnotalways
interpretstrongwakemeanderingcorrectlyandmistakesa
waketurnforawidewake.Conversely,theATSmethodis
capableofdiscerningacomplexwakeshapebuthasprob-
lemswiththecenterlinedetectionifthewakeshapeistoo
irregularduetowakemergingormixingwithnoise.

6Results

Forthelidardata,weperformanextensivecomparisontothe
manualwakeidentificationandcharacterizationandevaluate
theaccuracyoftheATSmethod.Wefurthercomparetheper-
formanceoftheATSandGaussianmethodsanddiscussthe
applicationoftheATSmethodinthecenterlinedetection.
Weshowbothensemblestatisticsanddemonstratethemeth-
ods’performanceonsamplescansshowingeachofthemost
representednon-corruptedsubsets:parallel,aligned,andbi-
modal.

6.1ComparisonoftheATSwakeidentificationagainst
themanualidentificationanddeficit-based
thresholding

Weconstructaconfusionmatrixtoassesstheperformance
ofthemethodsforasinglelidarscan.The2×2confusion
matrixdescribesthecomparisonoftheautomaticthreshold-
ingmethods(deficit-basedorATS;seeTable2)againstthe
manualmethodandcontainsthefollowingoutcomes.

–Truepositive(TP)–thepointisdetectedasawakepoint
bybothmanualandautomaticidentification.

–Truenegative(TN)–thepointisdetectedasafree-flow
pointbybothmanualandautomaticidentification.

–Falsepositive(FP)–thepointisdetectedasawake
pointbytheautomaticmethodbutisafree-flowpoint
inthemanualidentification.

–Falsenegative(FN)–thepointisdetectedasafree-flow
pointbytheautomaticmethodbutisawakepointinthe
manualidentification.

Iftheautomaticidentificationisaccuratewithrespectto
themanualidentification,TPandTNvaluestendto100%,
whileFPandFNareclosetozero.

Thebimodalsubsetcanbeconsideredthemostconve-
nientforthemanualthresholdsegmentation.Itutilizesthe
strictcriterionforthemanualthresholdthatthewakeshapes
shouldnotmerge(Fig.14d).Intheexample,theATSmethod

Figure14.Scan599(bimodalsubset),wakeidentification.(a)The
originaldataintheCartesiancoordinates,(b,c)confusionmatri-
cesfortheATSanddeficit-basedmethods,(d)manualthreshold
selectedinawaytoseparatethetwowakes,and(e,f)thresholds
estimatedbytheATSanddeficit-basedmethods.

setsthethresholdhighercomparedtothemanualidentifica-
tion(Fig.14e).Hencethefar-wakeareaisslightlyreduced.
Thedeficit-basedmethod(Fig.14f)producesasimilarresult.

Thealigned-wakesubsetutilizesthesamemanualthresh-
oldcriteriaforthewakesplittingasthebimodalsubset
(Fig.15),althoughtheconditionmaybehardertofulfill.
Forsomelidarscans,thefarwakefromtheturbineAV10
andthenearwakefromAV7cannotbeseparated,unlessthe
thresholdisincreasedsothatthefarwakeisnotidentified
(Fig.15d).Inthiscase,detectingageneralshapeofthewake
takespriority.Themanualthresholdisthenmoresubjective
thanthatofthebimodalsubset.Thedeficit-basedmethodun-
derestimatesthethresholdmoresignificantlythaninthebi-
modalcaseandproduceslargerpercentageoffalsepositives
thantheATSmethod(Fig.15f).

Theparallel-wakesubsetisthemostchallenging,for
boththemanualidentificationandtheautomaticmethods
(Fig.16).Thewinddirectioninthesubsetisapproaching
210
◦
,wherethecrosswindeffectsstart(Fig.3)andnoise

appearsattheborderofalidarscan.Unlikethecorrupted
scanswithahighnumberofnon-physicalwindspeedvalues,
theregionaroundthewindturbinesAV7andAV10contains
validmeasurementsandstillallowsustoperformwakeiden-
tificationwithrelativesuccess.However,thewakeidentifica-
tionaccuracydeclinesduetothebordernoise,andonlyone
wakecanbeextractedwellenoughtoperformtheanalysis
onthewakecenterlineandshapeevolution.Ifthethresh-
oldisincreasedtodistinguishwakesandnoise,thewake
fromAV10remainsnearlyundetectedascanbeseenfrom
Fig.16d.TheATSmethodreturnsalowerthresholdthatim-
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lowwindspeed.Atthesametime,theGaussianmethodap-
proximatesawakecenteratthepointofhighwakedeficit,
whichalsocorrespondstolowwindspeed.

Overall,theGaussianandATScenterlinesearchmethods
showcomplementaryflaws.TheGaussianmethodmayesti-
matethewakecentercorrectlyonaweakwakeprofilebutre-
turnsalargestandarddeviation,leadingtoanoverestimation
ofthewakewidth.TheGaussianmethoddoesnotalways
interpretstrongwakemeanderingcorrectlyandmistakesa
waketurnforawidewake.Conversely,theATSmethodis
capableofdiscerningacomplexwakeshapebuthasprob-
lemswiththecenterlinedetectionifthewakeshapeistoo
irregularduetowakemergingormixingwithnoise.

6Results

Forthelidardata,weperformanextensivecomparisontothe
manualwakeidentificationandcharacterizationandevaluate
theaccuracyoftheATSmethod.Wefurthercomparetheper-
formanceoftheATSandGaussianmethodsanddiscussthe
applicationoftheATSmethodinthecenterlinedetection.
Weshowbothensemblestatisticsanddemonstratethemeth-
ods’performanceonsamplescansshowingeachofthemost
representednon-corruptedsubsets:parallel,aligned,andbi-
modal.

6.1ComparisonoftheATSwakeidentificationagainst
themanualidentificationanddeficit-based
thresholding

Weconstructaconfusionmatrixtoassesstheperformance
ofthemethodsforasinglelidarscan.The2×2confusion
matrixdescribesthecomparisonoftheautomaticthreshold-
ingmethods(deficit-basedorATS;seeTable2)againstthe
manualmethodandcontainsthefollowingoutcomes.

–Truepositive(TP)–thepointisdetectedasawakepoint
bybothmanualandautomaticidentification.

–Truenegative(TN)–thepointisdetectedasafree-flow
pointbybothmanualandautomaticidentification.

–Falsepositive(FP)–thepointisdetectedasawake
pointbytheautomaticmethodbutisafree-flowpoint
inthemanualidentification.

–Falsenegative(FN)–thepointisdetectedasafree-flow
pointbytheautomaticmethodbutisawakepointinthe
manualidentification.

Iftheautomaticidentificationisaccuratewithrespectto
themanualidentification,TPandTNvaluestendto100%,
whileFPandFNareclosetozero.

Thebimodalsubsetcanbeconsideredthemostconve-
nientforthemanualthresholdsegmentation.Itutilizesthe
strictcriterionforthemanualthresholdthatthewakeshapes
shouldnotmerge(Fig.14d).Intheexample,theATSmethod

Figure14.Scan599(bimodalsubset),wakeidentification.(a)The
originaldataintheCartesiancoordinates,(b,c)confusionmatri-
cesfortheATSanddeficit-basedmethods,(d)manualthreshold
selectedinawaytoseparatethetwowakes,and(e,f)thresholds
estimatedbytheATSanddeficit-basedmethods.

setsthethresholdhighercomparedtothemanualidentifica-
tion(Fig.14e).Hencethefar-wakeareaisslightlyreduced.
Thedeficit-basedmethod(Fig.14f)producesasimilarresult.

Thealigned-wakesubsetutilizesthesamemanualthresh-
oldcriteriaforthewakesplittingasthebimodalsubset
(Fig.15),althoughtheconditionmaybehardertofulfill.
Forsomelidarscans,thefarwakefromtheturbineAV10
andthenearwakefromAV7cannotbeseparated,unlessthe
thresholdisincreasedsothatthefarwakeisnotidentified
(Fig.15d).Inthiscase,detectingageneralshapeofthewake
takespriority.Themanualthresholdisthenmoresubjective
thanthatofthebimodalsubset.Thedeficit-basedmethodun-
derestimatesthethresholdmoresignificantlythaninthebi-
modalcaseandproduceslargerpercentageoffalsepositives
thantheATSmethod(Fig.15f).

Theparallel-wakesubsetisthemostchallenging,for
boththemanualidentificationandtheautomaticmethods
(Fig.16).Thewinddirectioninthesubsetisapproaching
210
◦
,wherethecrosswindeffectsstart(Fig.3)andnoise

appearsattheborderofalidarscan.Unlikethecorrupted
scanswithahighnumberofnon-physicalwindspeedvalues,
theregionaroundthewindturbinesAV7andAV10contains
validmeasurementsandstillallowsustoperformwakeiden-
tificationwithrelativesuccess.However,thewakeidentifica-
tionaccuracydeclinesduetothebordernoise,andonlyone
wakecanbeextractedwellenoughtoperformtheanalysis
onthewakecenterlineandshapeevolution.Ifthethresh-
oldisincreasedtodistinguishwakesandnoise,thewake
fromAV10remainsnearlyundetectedascanbeseenfrom
Fig.16d.TheATSmethodreturnsalowerthresholdthatim-
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lowwindspeed.Atthesametime,theGaussianmethodap-
proximatesawakecenteratthepointofhighwakedeficit,
whichalsocorrespondstolowwindspeed.

Overall,theGaussianandATScenterlinesearchmethods
showcomplementaryflaws.TheGaussianmethodmayesti-
matethewakecentercorrectlyonaweakwakeprofilebutre-
turnsalargestandarddeviation,leadingtoanoverestimation
ofthewakewidth.TheGaussianmethoddoesnotalways
interpretstrongwakemeanderingcorrectlyandmistakesa
waketurnforawidewake.Conversely,theATSmethodis
capableofdiscerningacomplexwakeshapebuthasprob-
lemswiththecenterlinedetectionifthewakeshapeistoo
irregularduetowakemergingormixingwithnoise.

6Results

Forthelidardata,weperformanextensivecomparisontothe
manualwakeidentificationandcharacterizationandevaluate
theaccuracyoftheATSmethod.Wefurthercomparetheper-
formanceoftheATSandGaussianmethodsanddiscussthe
applicationoftheATSmethodinthecenterlinedetection.
Weshowbothensemblestatisticsanddemonstratethemeth-
ods’performanceonsamplescansshowingeachofthemost
representednon-corruptedsubsets:parallel,aligned,andbi-
modal.

6.1ComparisonoftheATSwakeidentificationagainst
themanualidentificationanddeficit-based
thresholding

Weconstructaconfusionmatrixtoassesstheperformance
ofthemethodsforasinglelidarscan.The2×2confusion
matrixdescribesthecomparisonoftheautomaticthreshold-
ingmethods(deficit-basedorATS;seeTable2)againstthe
manualmethodandcontainsthefollowingoutcomes.

–Truepositive(TP)–thepointisdetectedasawakepoint
bybothmanualandautomaticidentification.

–Truenegative(TN)–thepointisdetectedasafree-flow
pointbybothmanualandautomaticidentification.

–Falsepositive(FP)–thepointisdetectedasawake
pointbytheautomaticmethodbutisafree-flowpoint
inthemanualidentification.

–Falsenegative(FN)–thepointisdetectedasafree-flow
pointbytheautomaticmethodbutisawakepointinthe
manualidentification.

Iftheautomaticidentificationisaccuratewithrespectto
themanualidentification,TPandTNvaluestendto100%,
whileFPandFNareclosetozero.

Thebimodalsubsetcanbeconsideredthemostconve-
nientforthemanualthresholdsegmentation.Itutilizesthe
strictcriterionforthemanualthresholdthatthewakeshapes
shouldnotmerge(Fig.14d).Intheexample,theATSmethod
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estimatedbytheATSanddeficit-basedmethods.

setsthethresholdhighercomparedtothemanualidentifica-
tion(Fig.14e).Hencethefar-wakeareaisslightlyreduced.
Thedeficit-basedmethod(Fig.14f)producesasimilarresult.

Thealigned-wakesubsetutilizesthesamemanualthresh-
oldcriteriaforthewakesplittingasthebimodalsubset
(Fig.15),althoughtheconditionmaybehardertofulfill.
Forsomelidarscans,thefarwakefromtheturbineAV10
andthenearwakefromAV7cannotbeseparated,unlessthe
thresholdisincreasedsothatthefarwakeisnotidentified
(Fig.15d).Inthiscase,detectingageneralshapeofthewake
takespriority.Themanualthresholdisthenmoresubjective
thanthatofthebimodalsubset.Thedeficit-basedmethodun-
derestimatesthethresholdmoresignificantlythaninthebi-
modalcaseandproduceslargerpercentageoffalsepositives
thantheATSmethod(Fig.15f).

Theparallel-wakesubsetisthemostchallenging,for
boththemanualidentificationandtheautomaticmethods
(Fig.16).Thewinddirectioninthesubsetisapproaching
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,wherethecrosswindeffectsstart(Fig.3)andnoise

appearsattheborderofalidarscan.Unlikethecorrupted
scanswithahighnumberofnon-physicalwindspeedvalues,
theregionaroundthewindturbinesAV7andAV10contains
validmeasurementsandstillallowsustoperformwakeiden-
tificationwithrelativesuccess.However,thewakeidentifica-
tionaccuracydeclinesduetothebordernoise,andonlyone
wakecanbeextractedwellenoughtoperformtheanalysis
onthewakecenterlineandshapeevolution.Ifthethresh-
oldisincreasedtodistinguishwakesandnoise,thewake
fromAV10remainsnearlyundetectedascanbeseenfrom
Fig.16d.TheATSmethodreturnsalowerthresholdthatim-

https://doi.org/10.5194/wes-7-849-2022WindEnerg.Sci.,7,849–873,2022



864 M. Krutova et al.: Automatic thresholding method for the wake identification and characterization

Figure 15. Scan 221 (aligned-wake subset), wake identification.
(a) The original data in the Cartesian coordinates, (b, c) confusion
matrices for the ATS and deficit-based methods, (d) manual thresh-
old selected in a way to separate the two wakes, and (e, f) thresholds
estimated by the ATS and deficit-based methods.

proves the distinguishing of the shape of the AV10 wake but
falsely detects noise as a part of the AV7 wake (Fig. 16e).
The deficit-based method estimates the threshold rather ac-
curately but may detect additional false positives near wind
turbines (Fig. 16f).

We summarize the comparison of true negative and true
positive detections in the box plots (Fig. 17) for the different
subsets.

Due to the amount of noise, the parallel-wake subset is
challenging for both methods. Nevertheless, the ATS method
approaches manual identification rather effectively, while the
deficit-based method leaves a decent amount of noise which
may alter the identified wake shape (Fig. 16f).

Both methods score nearly 100 % for the true positive de-
tections in the aligned subset (Fig. 17b). The result is caused
by the criterion for the manual threshold: separate two dif-
ferent wakes. The criterion is too strict for both automatic
methods to achieve; therefore, they always underestimate the
threshold. Still, the ATS method gets closer to the manual
threshold, which is reflected in lower variation in true nega-
tive detections compared to the deficit-based threshold.

The deficit-based and ATS wake identifications behave
rather similarly for the bimodal subset (Fig. 17c) with re-
spect to the manual wake identification. The variations in the
bimodal subset are primarily caused by the wakes forming
in the lidar near range, which is scanned at higher resolution
than the rest of a scan. That is, any small threshold change
affects more points at the wake edges than it would for the
parallel or aligned subsets and results in stronger fluctuations
in TP–FN values.

Figure 16. Scan 60 (parallel-wake subset), wake identification.
(a) The original data in the Cartesian coordinates, (b, c) confusion
matrices for the ATS and deficit-based methods, (d) manual thresh-
old selected in a way to reduce noise but keep a general shape of the
wakes, and (e, f) thresholds estimated by the ATS and deficit-based
methods.

Figure 17. Ensemble statistics of true negative and true positive
detections within the subsets.

To reduce the influence of ambiguity of the manual de-
tection, we construct a confusion matrix for each subset of
25 consecutive lidar scans instead of single scans. The cor-
rupted scans are excluded from the comparison, since high
noise prevented the manual detection for most of the scans.
Table 3 summarizes the detection outcomes for each subset.
The ATS and deficit-based method perform comparably in
terms of true positives in the aligned and bimodal subsets.
However, the number of false positives for the deficit-based
method indicates a high probability of identifying noise as a
wake. Additionally, the percentage of false positives strongly
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Figure15.Scan221(aligned-wakesubset),wakeidentification.
(a)TheoriginaldataintheCartesiancoordinates,(b,c)confusion
matricesfortheATSanddeficit-basedmethods,(d)manualthresh-
oldselectedinawaytoseparatethetwowakes,and(e,f)thresholds
estimatedbytheATSanddeficit-basedmethods.

provesthedistinguishingoftheshapeoftheAV10wakebut
falselydetectsnoiseasapartoftheAV7wake(Fig.16e).
Thedeficit-basedmethodestimatesthethresholdratherac-
curatelybutmaydetectadditionalfalsepositivesnearwind
turbines(Fig.16f).

Wesummarizethecomparisonoftruenegativeandtrue
positivedetectionsintheboxplots(Fig.17)forthedifferent
subsets.

Duetotheamountofnoise,theparallel-wakesubsetis
challengingforbothmethods.Nevertheless,theATSmethod
approachesmanualidentificationrathereffectively,whilethe
deficit-basedmethodleavesadecentamountofnoisewhich
mayaltertheidentifiedwakeshape(Fig.16f).

Bothmethodsscorenearly100%forthetruepositivede-
tectionsinthealignedsubset(Fig.17b).Theresultiscaused
bythecriterionforthemanualthreshold:separatetwodif-
ferentwakes.Thecriterionistoostrictforbothautomatic
methodstoachieve;therefore,theyalwaysunderestimatethe
threshold.Still,theATSmethodgetsclosertothemanual
threshold,whichisreflectedinlowervariationintruenega-
tivedetectionscomparedtothedeficit-basedthreshold.

Thedeficit-basedandATSwakeidentificationsbehave
rathersimilarlyforthebimodalsubset(Fig.17c)withre-
specttothemanualwakeidentification.Thevariationsinthe
bimodalsubsetareprimarilycausedbythewakesforming
inthelidarnearrange,whichisscannedathigherresolution
thantherestofascan.Thatis,anysmallthresholdchange
affectsmorepointsatthewakeedgesthanitwouldforthe
paralleloralignedsubsetsandresultsinstrongerfluctuations
inTP–FNvalues.

Figure16.Scan60(parallel-wakesubset),wakeidentification.
(a)TheoriginaldataintheCartesiancoordinates,(b,c)confusion
matricesfortheATSanddeficit-basedmethods,(d)manualthresh-
oldselectedinawaytoreducenoisebutkeepageneralshapeofthe
wakes,and(e,f)thresholdsestimatedbytheATSanddeficit-based
methods.

Figure17.Ensemblestatisticsoftruenegativeandtruepositive
detectionswithinthesubsets.

Toreducetheinfluenceofambiguityofthemanualde-
tection,weconstructaconfusionmatrixforeachsubsetof
25consecutivelidarscansinsteadofsinglescans.Thecor-
ruptedscansareexcludedfromthecomparison,sincehigh
noisepreventedthemanualdetectionformostofthescans.
Table3summarizesthedetectionoutcomesforeachsubset.
TheATSanddeficit-basedmethodperformcomparablyin
termsoftruepositivesinthealignedandbimodalsubsets.
However,thenumberoffalsepositivesforthedeficit-based
methodindicatesahighprobabilityofidentifyingnoiseasa
wake.Additionally,thepercentageoffalsepositivesstrongly
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Figure15.Scan221(aligned-wakesubset),wakeidentification.
(a)TheoriginaldataintheCartesiancoordinates,(b,c)confusion
matricesfortheATSanddeficit-basedmethods,(d)manualthresh-
oldselectedinawaytoseparatethetwowakes,and(e,f)thresholds
estimatedbytheATSanddeficit-basedmethods.

provesthedistinguishingoftheshapeoftheAV10wakebut
falselydetectsnoiseasapartoftheAV7wake(Fig.16e).
Thedeficit-basedmethodestimatesthethresholdratherac-
curatelybutmaydetectadditionalfalsepositivesnearwind
turbines(Fig.16f).

Wesummarizethecomparisonoftruenegativeandtrue
positivedetectionsintheboxplots(Fig.17)forthedifferent
subsets.

Duetotheamountofnoise,theparallel-wakesubsetis
challengingforbothmethods.Nevertheless,theATSmethod
approachesmanualidentificationrathereffectively,whilethe
deficit-basedmethodleavesadecentamountofnoisewhich
mayaltertheidentifiedwakeshape(Fig.16f).

Bothmethodsscorenearly100%forthetruepositivede-
tectionsinthealignedsubset(Fig.17b).Theresultiscaused
bythecriterionforthemanualthreshold:separatetwodif-
ferentwakes.Thecriterionistoostrictforbothautomatic
methodstoachieve;therefore,theyalwaysunderestimatethe
threshold.Still,theATSmethodgetsclosertothemanual
threshold,whichisreflectedinlowervariationintruenega-
tivedetectionscomparedtothedeficit-basedthreshold.

Thedeficit-basedandATSwakeidentificationsbehave
rathersimilarlyforthebimodalsubset(Fig.17c)withre-
specttothemanualwakeidentification.Thevariationsinthe
bimodalsubsetareprimarilycausedbythewakesforming
inthelidarnearrange,whichisscannedathigherresolution
thantherestofascan.Thatis,anysmallthresholdchange
affectsmorepointsatthewakeedgesthanitwouldforthe
paralleloralignedsubsetsandresultsinstrongerfluctuations
inTP–FNvalues.

Figure16.Scan60(parallel-wakesubset),wakeidentification.
(a)TheoriginaldataintheCartesiancoordinates,(b,c)confusion
matricesfortheATSanddeficit-basedmethods,(d)manualthresh-
oldselectedinawaytoreducenoisebutkeepageneralshapeofthe
wakes,and(e,f)thresholdsestimatedbytheATSanddeficit-based
methods.

Figure17.Ensemblestatisticsoftruenegativeandtruepositive
detectionswithinthesubsets.

Toreducetheinfluenceofambiguityofthemanualde-
tection,weconstructaconfusionmatrixforeachsubsetof
25consecutivelidarscansinsteadofsinglescans.Thecor-
ruptedscansareexcludedfromthecomparison,sincehigh
noisepreventedthemanualdetectionformostofthescans.
Table3summarizesthedetectionoutcomesforeachsubset.
TheATSanddeficit-basedmethodperformcomparablyin
termsoftruepositivesinthealignedandbimodalsubsets.
However,thenumberoffalsepositivesforthedeficit-based
methodindicatesahighprobabilityofidentifyingnoiseasa
wake.Additionally,thepercentageoffalsepositivesstrongly
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Figure 15. Scan 221 (aligned-wake subset), wake identification.
(a) The original data in the Cartesian coordinates, (b, c) confusion
matrices for the ATS and deficit-based methods, (d) manual thresh-
old selected in a way to separate the two wakes, and (e, f) thresholds
estimated by the ATS and deficit-based methods.

proves the distinguishing of the shape of the AV10 wake but
falsely detects noise as a part of the AV7 wake (Fig. 16e).
The deficit-based method estimates the threshold rather ac-
curately but may detect additional false positives near wind
turbines (Fig. 16f).

We summarize the comparison of true negative and true
positive detections in the box plots (Fig. 17) for the different
subsets.

Due to the amount of noise, the parallel-wake subset is
challenging for both methods. Nevertheless, the ATS method
approaches manual identification rather effectively, while the
deficit-based method leaves a decent amount of noise which
may alter the identified wake shape (Fig. 16f).

Both methods score nearly 100 % for the true positive de-
tections in the aligned subset (Fig. 17b). The result is caused
by the criterion for the manual threshold: separate two dif-
ferent wakes. The criterion is too strict for both automatic
methods to achieve; therefore, they always underestimate the
threshold. Still, the ATS method gets closer to the manual
threshold, which is reflected in lower variation in true nega-
tive detections compared to the deficit-based threshold.

The deficit-based and ATS wake identifications behave
rather similarly for the bimodal subset (Fig. 17c) with re-
spect to the manual wake identification. The variations in the
bimodal subset are primarily caused by the wakes forming
in the lidar near range, which is scanned at higher resolution
than the rest of a scan. That is, any small threshold change
affects more points at the wake edges than it would for the
parallel or aligned subsets and results in stronger fluctuations
in TP–FN values.

Figure 16. Scan 60 (parallel-wake subset), wake identification.
(a) The original data in the Cartesian coordinates, (b, c) confusion
matrices for the ATS and deficit-based methods, (d) manual thresh-
old selected in a way to reduce noise but keep a general shape of the
wakes, and (e, f) thresholds estimated by the ATS and deficit-based
methods.

Figure 17. Ensemble statistics of true negative and true positive
detections within the subsets.

To reduce the influence of ambiguity of the manual de-
tection, we construct a confusion matrix for each subset of
25 consecutive lidar scans instead of single scans. The cor-
rupted scans are excluded from the comparison, since high
noise prevented the manual detection for most of the scans.
Table 3 summarizes the detection outcomes for each subset.
The ATS and deficit-based method perform comparably in
terms of true positives in the aligned and bimodal subsets.
However, the number of false positives for the deficit-based
method indicates a high probability of identifying noise as a
wake. Additionally, the percentage of false positives strongly
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detections within the subsets.

To reduce the influence of ambiguity of the manual de-
tection, we construct a confusion matrix for each subset of
25 consecutive lidar scans instead of single scans. The cor-
rupted scans are excluded from the comparison, since high
noise prevented the manual detection for most of the scans.
Table 3 summarizes the detection outcomes for each subset.
The ATS and deficit-based method perform comparably in
terms of true positives in the aligned and bimodal subsets.
However, the number of false positives for the deficit-based
method indicates a high probability of identifying noise as a
wake. Additionally, the percentage of false positives strongly
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Figure15.Scan221(aligned-wakesubset),wakeidentification.
(a)TheoriginaldataintheCartesiancoordinates,(b,c)confusion
matricesfortheATSanddeficit-basedmethods,(d)manualthresh-
oldselectedinawaytoseparatethetwowakes,and(e,f)thresholds
estimatedbytheATSanddeficit-basedmethods.

provesthedistinguishingoftheshapeoftheAV10wakebut
falselydetectsnoiseasapartoftheAV7wake(Fig.16e).
Thedeficit-basedmethodestimatesthethresholdratherac-
curatelybutmaydetectadditionalfalsepositivesnearwind
turbines(Fig.16f).

Wesummarizethecomparisonoftruenegativeandtrue
positivedetectionsintheboxplots(Fig.17)forthedifferent
subsets.

Duetotheamountofnoise,theparallel-wakesubsetis
challengingforbothmethods.Nevertheless,theATSmethod
approachesmanualidentificationrathereffectively,whilethe
deficit-basedmethodleavesadecentamountofnoisewhich
mayaltertheidentifiedwakeshape(Fig.16f).

Bothmethodsscorenearly100%forthetruepositivede-
tectionsinthealignedsubset(Fig.17b).Theresultiscaused
bythecriterionforthemanualthreshold:separatetwodif-
ferentwakes.Thecriterionistoostrictforbothautomatic
methodstoachieve;therefore,theyalwaysunderestimatethe
threshold.Still,theATSmethodgetsclosertothemanual
threshold,whichisreflectedinlowervariationintruenega-
tivedetectionscomparedtothedeficit-basedthreshold.

Thedeficit-basedandATSwakeidentificationsbehave
rathersimilarlyforthebimodalsubset(Fig.17c)withre-
specttothemanualwakeidentification.Thevariationsinthe
bimodalsubsetareprimarilycausedbythewakesforming
inthelidarnearrange,whichisscannedathigherresolution
thantherestofascan.Thatis,anysmallthresholdchange
affectsmorepointsatthewakeedgesthanitwouldforthe
paralleloralignedsubsetsandresultsinstrongerfluctuations
inTP–FNvalues.

Figure16.Scan60(parallel-wakesubset),wakeidentification.
(a)TheoriginaldataintheCartesiancoordinates,(b,c)confusion
matricesfortheATSanddeficit-basedmethods,(d)manualthresh-
oldselectedinawaytoreducenoisebutkeepageneralshapeofthe
wakes,and(e,f)thresholdsestimatedbytheATSanddeficit-based
methods.

Figure17.Ensemblestatisticsoftruenegativeandtruepositive
detectionswithinthesubsets.

Toreducetheinfluenceofambiguityofthemanualde-
tection,weconstructaconfusionmatrixforeachsubsetof
25consecutivelidarscansinsteadofsinglescans.Thecor-
ruptedscansareexcludedfromthecomparison,sincehigh
noisepreventedthemanualdetectionformostofthescans.
Table3summarizesthedetectionoutcomesforeachsubset.
TheATSanddeficit-basedmethodperformcomparablyin
termsoftruepositivesinthealignedandbimodalsubsets.
However,thenumberoffalsepositivesforthedeficit-based
methodindicatesahighprobabilityofidentifyingnoiseasa
wake.Additionally,thepercentageoffalsepositivesstrongly
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Table 3. Comparison of the thresholding methods’ performance against the manual wake identification.

Manual–deficit, % Manual–ATS, %

Data type Subset Scans TP FN FP TN TP FN FP TN

Parallel wakes 3 51–75 55 45 5 95 80 20 2 98
4 76–100 69 31 4 96 97 3 4 96
5 101–125 76 24 9 91 91 9 4 96
6 126–150 85 15 9 91 95 5 4 96
7 151–175 96 4 23 77 98 2 3 97

11 251–275 95 5 22 78 99 1 4 96
12 276–300 71 29 7 93 93 7 2 98
16 376–400 80 20 6 94 96 4 3 97

Transitional 17 401–425 93 7 19 81 87 13 0 100

Aligned wakes 8 176–200 99 1 28 72 98 2 1 99
9 201–225 100 0 13 87 100 0 10 90

10 226–250 100 0 23 77 98 2 3 97

Bimodal 17 426–450 88 12 2 98 82 18 0 100
18 451–475 83 17 1 99 89 11 0 100
19 476–500 97 3 5 95 96 4 4 96
20 501–525 97 3 7 93 85 15 2 98
21 526–550 99 1 15 85 90 10 5 95
22 551–575 100 0 20 80 90 10 8 92
23 576–600 85 15 2 98 94 6 4 96

fluctuates within the same type of the subset, making the
fixed threshold method unreliable.

While the number of true positives for the ATS method
may drop to 80 % for a complex subset, the number of
true negatives consistently stays near 95 % – the background
flow is mostly detected correctly regardless of the subset
type, which is an improvement compared to the deficit-based
method. Compared to manual detection, the ATS method
does not always separate wake and noise correctly, particu-
larly for the parallel-wake subset (Fig. 15) and thus requires
additional filtering. For the aligned and bimodal subsets, the
ATS method is capable of detecting the general wake shape
rather similarly to the manual detection.

It should be noted that the deficit-based wake identifica-
tion requires a free-flow wind speed to define the threshold
and an additional preprocessing of a lidar scan – a correc-
tion based on the wind direction or a more complex lidar
retrieval method. The ATS method runs solely on the lidar
data and does not require information besides what is already
contained in a lidar scan.

6.2 Comparison of the wake characterization using
Gaussian and ATS methods

We perform the wake characterization by searching for the
wake centerline from the thresholded image produced with
the ATS method as described in Sect. 4.2 or by applying
the Gaussian method as described in Sect. 4.3. First, we pro-
vide a comparison of selected scans against the manual wake

characterization from the lidar scan image as described in
Sect. 4.5. The found centerlines are compared by fitting the
regression lines to the relative coordinates, so that each local
coordinate system is centered at a selected wind turbine.

The parallel-wake subset (Fig. 18) contains a short but pro-
nounced wake from the wind turbine AV7 and a long weaker
wake from the wind turbine AV10. Since the AV10 wake is
frequently detected as a series of small disconnected struc-
tures, the current ATS method detects the centerline only for
the first continuous shape, which rarely extends beyond the
near-wake region. The manual and Gaussian wake charac-
terization can be carried further into the far-wake region but
become rather uncertain as the far wake recovers to the free
flow or mixes with the border noise. Considering the prob-
lems that the border noise poses for the wake identification
in less clean scans (Fig. 16), the characterization outcome
can be improved by excluding the near-border sector of 1–2◦

width from the identification process.
The aligned-wake subset (Fig. 19) shows a distinctive fea-

ture: the wakes are aligned along the line connecting two
wind turbines, resulting into the merge of the AV10 far wake
and the AV7 near wake. Additionally, the connecting line is
parallel to the Y axis in Cartesian coordinates, so the center-
line tends toX = const when the wakes are perfectly aligned.
Hence, the coefficient of determination R2 either approaches
zero or becomes negative and does not indicate the quality of
the regression fit.
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Table3.Comparisonofthethresholdingmethods’performanceagainstthemanualwakeidentification.

Manual–deficit,%Manual–ATS,%

DatatypeSubsetScansTPFNFPTNTPFNFPTN

Parallelwakes351–7555455958020298
476–1006931496973496
5101–1257624991919496
6126–1508515991955496
7151–1759642377982397
11251–2759552278991496
12276–3007129793937298
16376–4008020694964397

Transitional17401–425937198187130100

Alignedwakes8176–2009912872982199
9201–2251000138710001090
10226–25010002377982397

Bimodal17426–450881229882180100
18451–475831719989110100
19476–500973595964496
20501–5259737938515298
21526–55099115859010595
22551–575100020809010892
23576–6008515298946496

fluctuateswithinthesametypeofthesubset,makingthe
fixedthresholdmethodunreliable.

WhilethenumberoftruepositivesfortheATSmethod
maydropto80%foracomplexsubset,thenumberof
truenegativesconsistentlystaysnear95%–thebackground
flowismostlydetectedcorrectlyregardlessofthesubset
type,whichisanimprovementcomparedtothedeficit-based
method.Comparedtomanualdetection,theATSmethod
doesnotalwaysseparatewakeandnoisecorrectly,particu-
larlyfortheparallel-wakesubset(Fig.15)andthusrequires
additionalfiltering.Forthealignedandbimodalsubsets,the
ATSmethodiscapableofdetectingthegeneralwakeshape
rathersimilarlytothemanualdetection.

Itshouldbenotedthatthedeficit-basedwakeidentifica-
tionrequiresafree-flowwindspeedtodefinethethreshold
andanadditionalpreprocessingofalidarscan–acorrec-
tionbasedonthewinddirectionoramorecomplexlidar
retrievalmethod.TheATSmethodrunssolelyonthelidar
dataanddoesnotrequireinformationbesideswhatisalready
containedinalidarscan.

6.2Comparisonofthewakecharacterizationusing
GaussianandATSmethods

Weperformthewakecharacterizationbysearchingforthe
wakecenterlinefromthethresholdedimageproducedwith
theATSmethodasdescribedinSect.4.2orbyapplying
theGaussianmethodasdescribedinSect.4.3.First,wepro-
videacomparisonofselectedscansagainstthemanualwake

characterizationfromthelidarscanimageasdescribedin
Sect.4.5.Thefoundcenterlinesarecomparedbyfittingthe
regressionlinestotherelativecoordinates,sothateachlocal
coordinatesystemiscenteredataselectedwindturbine.

Theparallel-wakesubset(Fig.18)containsashortbutpro-
nouncedwakefromthewindturbineAV7andalongweaker
wakefromthewindturbineAV10.SincetheAV10wakeis
frequentlydetectedasaseriesofsmalldisconnectedstruc-
tures,thecurrentATSmethoddetectsthecenterlineonlyfor
thefirstcontinuousshape,whichrarelyextendsbeyondthe
near-wakeregion.ThemanualandGaussianwakecharac-
terizationcanbecarriedfurtherintothefar-wakeregionbut
becomeratheruncertainasthefarwakerecoverstothefree
flowormixeswiththebordernoise.Consideringtheprob-
lemsthatthebordernoiseposesforthewakeidentification
inlesscleanscans(Fig.16),thecharacterizationoutcome
canbeimprovedbyexcludingthenear-bordersectorof1–2◦

widthfromtheidentificationprocess.
Thealigned-wakesubset(Fig.19)showsadistinctivefea-

ture:thewakesarealignedalongthelineconnectingtwo
windturbines,resultingintothemergeoftheAV10farwake
andtheAV7nearwake.Additionally,theconnectinglineis
paralleltotheYaxisinCartesiancoordinates,sothecenter-
linetendstoX=constwhenthewakesareperfectlyaligned.
Hence,thecoefficientofdeterminationR2eitherapproaches
zeroorbecomesnegativeanddoesnotindicatethequalityof
theregressionfit.

https://doi.org/10.5194/wes-7-849-2022WindEnerg.Sci.,7,849–873,2022

M.Krutovaetal.:Automaticthresholdingmethodforthewakeidentificationandcharacterization865

Table3.Comparisonofthethresholdingmethods’performanceagainstthemanualwakeidentification.

Manual–deficit,%Manual–ATS,%

DatatypeSubsetScansTPFNFPTNTPFNFPTN

Parallelwakes351–7555455958020298
476–1006931496973496
5101–1257624991919496
6126–1508515991955496
7151–1759642377982397
11251–2759552278991496
12276–3007129793937298
16376–4008020694964397

Transitional17401–425937198187130100

Alignedwakes8176–2009912872982199
9201–2251000138710001090
10226–25010002377982397

Bimodal17426–450881229882180100
18451–475831719989110100
19476–500973595964496
20501–5259737938515298
21526–55099115859010595
22551–575100020809010892
23576–6008515298946496

fluctuateswithinthesametypeofthesubset,makingthe
fixedthresholdmethodunreliable.

WhilethenumberoftruepositivesfortheATSmethod
maydropto80%foracomplexsubset,thenumberof
truenegativesconsistentlystaysnear95%–thebackground
flowismostlydetectedcorrectlyregardlessofthesubset
type,whichisanimprovementcomparedtothedeficit-based
method.Comparedtomanualdetection,theATSmethod
doesnotalwaysseparatewakeandnoisecorrectly,particu-
larlyfortheparallel-wakesubset(Fig.15)andthusrequires
additionalfiltering.Forthealignedandbimodalsubsets,the
ATSmethodiscapableofdetectingthegeneralwakeshape
rathersimilarlytothemanualdetection.

Itshouldbenotedthatthedeficit-basedwakeidentifica-
tionrequiresafree-flowwindspeedtodefinethethreshold
andanadditionalpreprocessingofalidarscan–acorrec-
tionbasedonthewinddirectionoramorecomplexlidar
retrievalmethod.TheATSmethodrunssolelyonthelidar
dataanddoesnotrequireinformationbesideswhatisalready
containedinalidarscan.

6.2Comparisonofthewakecharacterizationusing
GaussianandATSmethods

Weperformthewakecharacterizationbysearchingforthe
wakecenterlinefromthethresholdedimageproducedwith
theATSmethodasdescribedinSect.4.2orbyapplying
theGaussianmethodasdescribedinSect.4.3.First,wepro-
videacomparisonofselectedscansagainstthemanualwake

characterizationfromthelidarscanimageasdescribedin
Sect.4.5.Thefoundcenterlinesarecomparedbyfittingthe
regressionlinestotherelativecoordinates,sothateachlocal
coordinatesystemiscenteredataselectedwindturbine.

Theparallel-wakesubset(Fig.18)containsashortbutpro-
nouncedwakefromthewindturbineAV7andalongweaker
wakefromthewindturbineAV10.SincetheAV10wakeis
frequentlydetectedasaseriesofsmalldisconnectedstruc-
tures,thecurrentATSmethoddetectsthecenterlineonlyfor
thefirstcontinuousshape,whichrarelyextendsbeyondthe
near-wakeregion.ThemanualandGaussianwakecharac-
terizationcanbecarriedfurtherintothefar-wakeregionbut
becomeratheruncertainasthefarwakerecoverstothefree
flowormixeswiththebordernoise.Consideringtheprob-
lemsthatthebordernoiseposesforthewakeidentification
inlesscleanscans(Fig.16),thecharacterizationoutcome
canbeimprovedbyexcludingthenear-bordersectorof1–2◦

widthfromtheidentificationprocess.
Thealigned-wakesubset(Fig.19)showsadistinctivefea-

ture:thewakesarealignedalongthelineconnectingtwo
windturbines,resultingintothemergeoftheAV10farwake
andtheAV7nearwake.Additionally,theconnectinglineis
paralleltotheYaxisinCartesiancoordinates,sothecenter-
linetendstoX=constwhenthewakesareperfectlyaligned.
Hence,thecoefficientofdeterminationR2eitherapproaches
zeroorbecomesnegativeanddoesnotindicatethequalityof
theregressionfit.

https://doi.org/10.5194/wes-7-849-2022WindEnerg.Sci.,7,849–873,2022

M. Krutova et al.: Automatic thresholding method for the wake identification and characterization 865

Table 3. Comparison of the thresholding methods’ performance against the manual wake identification.

Manual–deficit, % Manual–ATS, %

Data type Subset Scans TP FN FP TN TP FN FP TN

Parallel wakes 3 51–75 55 45 5 95 80 20 2 98
4 76–100 69 31 4 96 97 3 4 96
5 101–125 76 24 9 91 91 9 4 96
6 126–150 85 15 9 91 95 5 4 96
7 151–175 96 4 23 77 98 2 3 97

11 251–275 95 5 22 78 99 1 4 96
12 276–300 71 29 7 93 93 7 2 98
16 376–400 80 20 6 94 96 4 3 97

Transitional 17 401–425 93 7 19 81 87 13 0 100

Aligned wakes 8 176–200 99 1 28 72 98 2 1 99
9 201–225 100 0 13 87 100 0 10 90

10 226–250 100 0 23 77 98 2 3 97

Bimodal 17 426–450 88 12 2 98 82 18 0 100
18 451–475 83 17 1 99 89 11 0 100
19 476–500 97 3 5 95 96 4 4 96
20 501–525 97 3 7 93 85 15 2 98
21 526–550 99 1 15 85 90 10 5 95
22 551–575 100 0 20 80 90 10 8 92
23 576–600 85 15 2 98 94 6 4 96

fluctuates within the same type of the subset, making the
fixed threshold method unreliable.

While the number of true positives for the ATS method
may drop to 80 % for a complex subset, the number of
true negatives consistently stays near 95 % – the background
flow is mostly detected correctly regardless of the subset
type, which is an improvement compared to the deficit-based
method. Compared to manual detection, the ATS method
does not always separate wake and noise correctly, particu-
larly for the parallel-wake subset (Fig. 15) and thus requires
additional filtering. For the aligned and bimodal subsets, the
ATS method is capable of detecting the general wake shape
rather similarly to the manual detection.

It should be noted that the deficit-based wake identifica-
tion requires a free-flow wind speed to define the threshold
and an additional preprocessing of a lidar scan – a correc-
tion based on the wind direction or a more complex lidar
retrieval method. The ATS method runs solely on the lidar
data and does not require information besides what is already
contained in a lidar scan.

6.2 Comparison of the wake characterization using
Gaussian and ATS methods

We perform the wake characterization by searching for the
wake centerline from the thresholded image produced with
the ATS method as described in Sect. 4.2 or by applying
the Gaussian method as described in Sect. 4.3. First, we pro-
vide a comparison of selected scans against the manual wake

characterization from the lidar scan image as described in
Sect. 4.5. The found centerlines are compared by fitting the
regression lines to the relative coordinates, so that each local
coordinate system is centered at a selected wind turbine.

The parallel-wake subset (Fig. 18) contains a short but pro-
nounced wake from the wind turbine AV7 and a long weaker
wake from the wind turbine AV10. Since the AV10 wake is
frequently detected as a series of small disconnected struc-
tures, the current ATS method detects the centerline only for
the first continuous shape, which rarely extends beyond the
near-wake region. The manual and Gaussian wake charac-
terization can be carried further into the far-wake region but
become rather uncertain as the far wake recovers to the free
flow or mixes with the border noise. Considering the prob-
lems that the border noise poses for the wake identification
in less clean scans (Fig. 16), the characterization outcome
can be improved by excluding the near-border sector of 1–2

◦

width from the identification process.
The aligned-wake subset (Fig. 19) shows a distinctive fea-

ture: the wakes are aligned along the line connecting two
wind turbines, resulting into the merge of the AV10 far wake
and the AV7 near wake. Additionally, the connecting line is
parallel to the Y axis in Cartesian coordinates, so the center-
line tends toX = const when the wakes are perfectly aligned.
Hence, the coefficient of determination R2 either approaches
zero or becomes negative and does not indicate the quality of
the regression fit.
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Table3.Comparisonofthethresholdingmethods’performanceagainstthemanualwakeidentification.

Manual–deficit,%Manual–ATS,%

DatatypeSubsetScansTPFNFPTNTPFNFPTN

Parallelwakes351–7555455958020298
476–1006931496973496
5101–1257624991919496
6126–1508515991955496
7151–1759642377982397

11251–2759552278991496
12276–3007129793937298
16376–4008020694964397

Transitional17401–425937198187130100

Alignedwakes8176–2009912872982199
9201–2251000138710001090

10226–25010002377982397

Bimodal17426–450881229882180100
18451–475831719989110100
19476–500973595964496
20501–5259737938515298
21526–55099115859010595
22551–575100020809010892
23576–6008515298946496

fluctuateswithinthesametypeofthesubset,makingthe
fixedthresholdmethodunreliable.

WhilethenumberoftruepositivesfortheATSmethod
maydropto80%foracomplexsubset,thenumberof
truenegativesconsistentlystaysnear95%–thebackground
flowismostlydetectedcorrectlyregardlessofthesubset
type,whichisanimprovementcomparedtothedeficit-based
method.Comparedtomanualdetection,theATSmethod
doesnotalwaysseparatewakeandnoisecorrectly,particu-
larlyfortheparallel-wakesubset(Fig.15)andthusrequires
additionalfiltering.Forthealignedandbimodalsubsets,the
ATSmethodiscapableofdetectingthegeneralwakeshape
rathersimilarlytothemanualdetection.

Itshouldbenotedthatthedeficit-basedwakeidentifica-
tionrequiresafree-flowwindspeedtodefinethethreshold
andanadditionalpreprocessingofalidarscan–acorrec-
tionbasedonthewinddirectionoramorecomplexlidar
retrievalmethod.TheATSmethodrunssolelyonthelidar
dataanddoesnotrequireinformationbesideswhatisalready
containedinalidarscan.

6.2Comparisonofthewakecharacterizationusing
GaussianandATSmethods

Weperformthewakecharacterizationbysearchingforthe
wakecenterlinefromthethresholdedimageproducedwith
theATSmethodasdescribedinSect.4.2orbyapplying
theGaussianmethodasdescribedinSect.4.3.First,wepro-
videacomparisonofselectedscansagainstthemanualwake

characterizationfromthelidarscanimageasdescribedin
Sect.4.5.Thefoundcenterlinesarecomparedbyfittingthe
regressionlinestotherelativecoordinates,sothateachlocal
coordinatesystemiscenteredataselectedwindturbine.

Theparallel-wakesubset(Fig.18)containsashortbutpro-
nouncedwakefromthewindturbineAV7andalongweaker
wakefromthewindturbineAV10.SincetheAV10wakeis
frequentlydetectedasaseriesofsmalldisconnectedstruc-
tures,thecurrentATSmethoddetectsthecenterlineonlyfor
thefirstcontinuousshape,whichrarelyextendsbeyondthe
near-wakeregion.ThemanualandGaussianwakecharac-
terizationcanbecarriedfurtherintothefar-wakeregionbut
becomeratheruncertainasthefarwakerecoverstothefree
flowormixeswiththebordernoise.Consideringtheprob-
lemsthatthebordernoiseposesforthewakeidentification
inlesscleanscans(Fig.16),thecharacterizationoutcome
canbeimprovedbyexcludingthenear-bordersectorof1–2

◦

widthfromtheidentificationprocess.
Thealigned-wakesubset(Fig.19)showsadistinctivefea-

ture:thewakesarealignedalongthelineconnectingtwo
windturbines,resultingintothemergeoftheAV10farwake
andtheAV7nearwake.Additionally,theconnectinglineis
paralleltotheYaxisinCartesiancoordinates,sothecenter-
linetendstoX=constwhenthewakesareperfectlyaligned.
Hence,thecoefficientofdeterminationR2eitherapproaches
zeroorbecomesnegativeanddoesnotindicatethequalityof
theregressionfit.
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Figure 18. Scan 59 (parallel-wake subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

Figure 19. Scan 221 (aligned-wake subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

The bimodal subset (Fig. 20) has the longest wakes in the
data set. The wake identification in the far wake (i.e., lidar
near range) is hindered by wake merging and the narrow-
ness of the scanned area. For example, the ATS method may
underestimate the threshold and detect merging wakes as a
single shape. The ATS-based threshold can be adjusted to
guarantee the wake splitting. The adjustment is performed
automatically by increasing the threshold with an increment
of 0.05 until the stopping criterion – the wind turbines belong
(or are located near) to different wake shapes – is reached.

The merging wakes also affect the accuracy of the Gaus-
sian method: high wake deficit in the neighboring wake may
lead to an incorrect detection of a wake center after the fit-
ting. The characterization inaccuracy in the lidar near range

is compensated for by a higher overall number of data points
available for fitting, compared to the other subsets.

Figure 21 shows an example of wake identification per-
formed on a lidar scan from the aligned-wake subset. The
subset is characterized by the wake merging near AV7. The
formed structure proves to be challenging for a Gaussian
method, as the centerline point and far-wake width for AV10
are estimated incorrectly.

The ATS method detects wakes as a single shape. Unlike
the bimodal subset, the merging wakes in the aligned-wake
subset do not necessarily worsen the performance of the cen-
terline detection method. The centerline is first detected for
the AV10 wake, from which the wake direction can be esti-
mated. Since the wakes are merged, the centerline detection
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Figure18.Scan59(parallel-wakesubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Figure19.Scan221(aligned-wakesubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Thebimodalsubset(Fig.20)hasthelongestwakesinthe
dataset.Thewakeidentificationinthefarwake(i.e.,lidar
nearrange)ishinderedbywakemergingandthenarrow-
nessofthescannedarea.Forexample,theATSmethodmay
underestimatethethresholdanddetectmergingwakesasa
singleshape.TheATS-basedthresholdcanbeadjustedto
guaranteethewakesplitting.Theadjustmentisperformed
automaticallybyincreasingthethresholdwithanincrement
of0.05untilthestoppingcriterion–thewindturbinesbelong
(orarelocatednear)todifferentwakeshapes–isreached.

ThemergingwakesalsoaffecttheaccuracyoftheGaus-
sianmethod:highwakedeficitintheneighboringwakemay
leadtoanincorrectdetectionofawakecenterafterthefit-
ting.Thecharacterizationinaccuracyinthelidarnearrange

iscompensatedforbyahigheroverallnumberofdatapoints
availableforfitting,comparedtotheothersubsets.

Figure21showsanexampleofwakeidentificationper-
formedonalidarscanfromthealigned-wakesubset.The
subsetischaracterizedbythewakemergingnearAV7.The
formedstructureprovestobechallengingforaGaussian
method,asthecenterlinepointandfar-wakewidthforAV10
areestimatedincorrectly.

TheATSmethoddetectswakesasasingleshape.Unlike
thebimodalsubset,themergingwakesinthealigned-wake
subsetdonotnecessarilyworsentheperformanceofthecen-
terlinedetectionmethod.Thecenterlineisfirstdetectedfor
theAV10wake,fromwhichthewakedirectioncanbeesti-
mated.Sincethewakesaremerged,thecenterlinedetection
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Figure21showsanexampleofwakeidentificationper-
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subsetischaracterizedbythewakemergingnearAV7.The
formedstructureprovestobechallengingforaGaussian
method,asthecenterlinepointandfar-wakewidthforAV10
areestimatedincorrectly.

TheATSmethoddetectswakesasasingleshape.Unlike
thebimodalsubset,themergingwakesinthealigned-wake
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Figure 18. Scan 59 (parallel-wake subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

Figure 19. Scan 221 (aligned-wake subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

The bimodal subset (Fig. 20) has the longest wakes in the
data set. The wake identification in the far wake (i.e., lidar
near range) is hindered by wake merging and the narrow-
ness of the scanned area. For example, the ATS method may
underestimate the threshold and detect merging wakes as a
single shape. The ATS-based threshold can be adjusted to
guarantee the wake splitting. The adjustment is performed
automatically by increasing the threshold with an increment
of 0.05 until the stopping criterion – the wind turbines belong
(or are located near) to different wake shapes – is reached.

The merging wakes also affect the accuracy of the Gaus-
sian method: high wake deficit in the neighboring wake may
lead to an incorrect detection of a wake center after the fit-
ting. The characterization inaccuracy in the lidar near range

is compensated for by a higher overall number of data points
available for fitting, compared to the other subsets.

Figure 21 shows an example of wake identification per-
formed on a lidar scan from the aligned-wake subset. The
subset is characterized by the wake merging near AV7. The
formed structure proves to be challenging for a Gaussian
method, as the centerline point and far-wake width for AV10
are estimated incorrectly.

The ATS method detects wakes as a single shape. Unlike
the bimodal subset, the merging wakes in the aligned-wake
subset do not necessarily worsen the performance of the cen-
terline detection method. The centerline is first detected for
the AV10 wake, from which the wake direction can be esti-
mated. Since the wakes are merged, the centerline detection
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Figure 18. Scan 59 (parallel-wake subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

Figure 19. Scan 221 (aligned-wake subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

The bimodal subset (Fig. 20) has the longest wakes in the
data set. The wake identification in the far wake (i.e., lidar
near range) is hindered by wake merging and the narrow-
ness of the scanned area. For example, the ATS method may
underestimate the threshold and detect merging wakes as a
single shape. The ATS-based threshold can be adjusted to
guarantee the wake splitting. The adjustment is performed
automatically by increasing the threshold with an increment
of 0.05 until the stopping criterion – the wind turbines belong
(or are located near) to different wake shapes – is reached.

The merging wakes also affect the accuracy of the Gaus-
sian method: high wake deficit in the neighboring wake may
lead to an incorrect detection of a wake center after the fit-
ting. The characterization inaccuracy in the lidar near range

is compensated for by a higher overall number of data points
available for fitting, compared to the other subsets.

Figure 21 shows an example of wake identification per-
formed on a lidar scan from the aligned-wake subset. The
subset is characterized by the wake merging near AV7. The
formed structure proves to be challenging for a Gaussian
method, as the centerline point and far-wake width for AV10
are estimated incorrectly.

The ATS method detects wakes as a single shape. Unlike
the bimodal subset, the merging wakes in the aligned-wake
subset do not necessarily worsen the performance of the cen-
terline detection method. The centerline is first detected for
the AV10 wake, from which the wake direction can be esti-
mated. Since the wakes are merged, the centerline detection
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Figure18.Scan59(parallel-wakesubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Figure19.Scan221(aligned-wakesubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Thebimodalsubset(Fig.20)hasthelongestwakesinthe
dataset.Thewakeidentificationinthefarwake(i.e.,lidar
nearrange)ishinderedbywakemergingandthenarrow-
nessofthescannedarea.Forexample,theATSmethodmay
underestimatethethresholdanddetectmergingwakesasa
singleshape.TheATS-basedthresholdcanbeadjustedto
guaranteethewakesplitting.Theadjustmentisperformed
automaticallybyincreasingthethresholdwithanincrement
of0.05untilthestoppingcriterion–thewindturbinesbelong
(orarelocatednear)todifferentwakeshapes–isreached.

ThemergingwakesalsoaffecttheaccuracyoftheGaus-
sianmethod:highwakedeficitintheneighboringwakemay
leadtoanincorrectdetectionofawakecenterafterthefit-
ting.Thecharacterizationinaccuracyinthelidarnearrange

iscompensatedforbyahigheroverallnumberofdatapoints
availableforfitting,comparedtotheothersubsets.

Figure21showsanexampleofwakeidentificationper-
formedonalidarscanfromthealigned-wakesubset.The
subsetischaracterizedbythewakemergingnearAV7.The
formedstructureprovestobechallengingforaGaussian
method,asthecenterlinepointandfar-wakewidthforAV10
areestimatedincorrectly.

TheATSmethoddetectswakesasasingleshape.Unlike
thebimodalsubset,themergingwakesinthealigned-wake
subsetdonotnecessarilyworsentheperformanceofthecen-
terlinedetectionmethod.Thecenterlineisfirstdetectedfor
theAV10wake,fromwhichthewakedirectioncanbeesti-
mated.Sincethewakesaremerged,thecenterlinedetection
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Figure 20. Scan 599 (bimodal subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

Figure 21. Scan 222 (aligned-wake subset) sample wake identifi-
cation and characterization showing (a) comparison of the ATS and
Gaussian methods, (b) wakes identified by the ATS method after
the threshold is applied, and wind and wake direction.

for AV10 continues in the AV7 wake. The centerline search
for AV7 starts at the corresponding turbine location and is
performed in the direction of the AV10 wake, thus excluding
the merge region from the search. Thus the centerline of the
AV7 wake gets detected twice if no stopping criterion (e.g.,
the AV10 centerline passes the AV7 location) is activated.
Both detected centerlines agree in the AV7 wake region and
follow the Gaussian centerline rather well. Near-border wake
centers of the AV7 wake deviate from the presumed center-
line because border noise is erroneously attributed as a part
of the wake.

When it comes to the comparison of wake characterization
over the whole data set, the effect of weak wakes or merging
on the Gaussian method performance complicates a direct

Table 4. Rules for scoring Gaussian and ATS centerline search
method performance.

Score Gaussian method ATS centerline search

0 The method failed to find the wake at all, or less than
10 % of the visible wake was identified.

0.5 The centerline loosely
matches the wake
centerline, but the wake
width is overestimated or
undefined.

The wake shape is
readable from the
thresholded image, but
the centerline is
incomplete or erroneous.

1 The method had correctly identified at least 75% of
the visible wake and its centerline.

comparison. Due to the errors, the Gaussian centerline cannot
be taken as a “true” value and requires verification on its own.

Instead, we perform a visual comparison of the Gaussian
and ATS centerline search methods to score their success
rate. The performance of both methods rather differs along
the wake; therefore we evaluate the detection result on two
segments: l ≤ 4D and l > 4D from the wind turbine. The
l ≤ 4D segment usually covers the most well-resolved part
of the wake in non-corrupted scans; we attribute it as the near
wake. The rest of the wake would be then referred to as the
far wake and characterized by lower wake deficit. Next, we
score the success rate based on whether the method was able
to identify both wake shape and centerline, failed on one of
the tasks, or did not distinguish the wake at all (Table 4).

As mentioned for the LES wake identification and charac-
terization (Sect. 5), the ATS and Gaussian methods are prone
to errors in different aspects. A partial success for the Gaus-
sian method would usually mean a centerline estimated with
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Figure20.Scan599(bimodalsubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Figure21.Scan222(aligned-wakesubset)samplewakeidentifi-
cationandcharacterizationshowing(a)comparisonoftheATSand
Gaussianmethods,(b)wakesidentifiedbytheATSmethodafter
thethresholdisapplied,andwindandwakedirection.

forAV10continuesintheAV7wake.Thecenterlinesearch
forAV7startsatthecorrespondingturbinelocationandis
performedinthedirectionoftheAV10wake,thusexcluding
themergeregionfromthesearch.Thusthecenterlineofthe
AV7wakegetsdetectedtwiceifnostoppingcriterion(e.g.,
theAV10centerlinepassestheAV7location)isactivated.
BothdetectedcenterlinesagreeintheAV7wakeregionand
followtheGaussiancenterlineratherwell.Near-borderwake
centersoftheAV7wakedeviatefromthepresumedcenter-
linebecausebordernoiseiserroneouslyattributedasapart
ofthewake.

Whenitcomestothecomparisonofwakecharacterization
overthewholedataset,theeffectofweakwakesormerging
ontheGaussianmethodperformancecomplicatesadirect

Table4.RulesforscoringGaussianandATScenterlinesearch
methodperformance.

ScoreGaussianmethodATScenterlinesearch

0Themethodfailedtofindthewakeatall,orlessthan
10%ofthevisiblewakewasidentified.

0.5Thecenterlineloosely
matchesthewake
centerline,butthewake
widthisoverestimatedor
undefined.

Thewakeshapeis
readablefromthe
thresholdedimage,but
thecenterlineis
incompleteorerroneous.

1Themethodhadcorrectlyidentifiedatleast75%of
thevisiblewakeanditscenterline.

comparison.Duetotheerrors,theGaussiancenterlinecannot
betakenasa“true”valueandrequiresverificationonitsown.

Instead,weperformavisualcomparisonoftheGaussian
andATScenterlinesearchmethodstoscoretheirsuccess
rate.Theperformanceofbothmethodsratherdiffersalong
thewake;thereforeweevaluatethedetectionresultontwo
segments:l≤4Dandl>4Dfromthewindturbine.The
l≤4Dsegmentusuallycoversthemostwell-resolvedpart
ofthewakeinnon-corruptedscans;weattributeitasthenear
wake.Therestofthewakewouldbethenreferredtoasthe
farwakeandcharacterizedbylowerwakedeficit.Next,we
scorethesuccessratebasedonwhetherthemethodwasable
toidentifybothwakeshapeandcenterline,failedononeof
thetasks,ordidnotdistinguishthewakeatall(Table4).

AsmentionedfortheLESwakeidentificationandcharac-
terization(Sect.5),theATSandGaussianmethodsareprone
toerrorsindifferentaspects.ApartialsuccessfortheGaus-
sianmethodwouldusuallymeanacenterlineestimatedwith

https://doi.org/10.5194/wes-7-849-2022WindEnerg.Sci.,7,849–873,2022

M.Krutovaetal.:Automaticthresholdingmethodforthewakeidentificationandcharacterization867

Figure20.Scan599(bimodalsubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.
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AV7wakegetsdetectedtwiceifnostoppingcriterion(e.g.,
theAV10centerlinepassestheAV7location)isactivated.
BothdetectedcenterlinesagreeintheAV7wakeregionand
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linebecausebordernoiseiserroneouslyattributedasapart
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0Themethodfailedtofindthewakeatall,orlessthan
10%ofthevisiblewakewasidentified.

0.5Thecenterlineloosely
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undefined.
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incompleteorerroneous.
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ofthewakeinnon-corruptedscans;weattributeitasthenear
wake.Therestofthewakewouldbethenreferredtoasthe
farwakeandcharacterizedbylowerwakedeficit.Next,we
scorethesuccessratebasedonwhetherthemethodwasable
toidentifybothwakeshapeandcenterline,failedononeof
thetasks,ordidnotdistinguishthewakeatall(Table4).

AsmentionedfortheLESwakeidentificationandcharac-
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Figure 20. Scan 599 (bimodal subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

Figure 21. Scan 222 (aligned-wake subset) sample wake identifi-
cation and characterization showing (a) comparison of the ATS and
Gaussian methods, (b) wakes identified by the ATS method after
the threshold is applied, and wind and wake direction.

for AV10 continues in the AV7 wake. The centerline search
for AV7 starts at the corresponding turbine location and is
performed in the direction of the AV10 wake, thus excluding
the merge region from the search. Thus the centerline of the
AV7 wake gets detected twice if no stopping criterion (e.g.,
the AV10 centerline passes the AV7 location) is activated.
Both detected centerlines agree in the AV7 wake region and
follow the Gaussian centerline rather well. Near-border wake
centers of the AV7 wake deviate from the presumed center-
line because border noise is erroneously attributed as a part
of the wake.

When it comes to the comparison of wake characterization
over the whole data set, the effect of weak wakes or merging
on the Gaussian method performance complicates a direct

Table 4. Rules for scoring Gaussian and ATS centerline search
method performance.

Score Gaussian method ATS centerline search

0 The method failed to find the wake at all, or less than
10 % of the visible wake was identified.

0.5 The centerline loosely
matches the wake
centerline, but the wake
width is overestimated or
undefined.

The wake shape is
readable from the
thresholded image, but
the centerline is
incomplete or erroneous.

1 The method had correctly identified at least 75% of
the visible wake and its centerline.

comparison. Due to the errors, the Gaussian centerline cannot
be taken as a “true” value and requires verification on its own.

Instead, we perform a visual comparison of the Gaussian
and ATS centerline search methods to score their success
rate. The performance of both methods rather differs along
the wake; therefore we evaluate the detection result on two
segments: l ≤ 4D and l > 4D from the wind turbine. The
l ≤ 4D segment usually covers the most well-resolved part
of the wake in non-corrupted scans; we attribute it as the near
wake. The rest of the wake would be then referred to as the
far wake and characterized by lower wake deficit. Next, we
score the success rate based on whether the method was able
to identify both wake shape and centerline, failed on one of
the tasks, or did not distinguish the wake at all (Table 4).

As mentioned for the LES wake identification and charac-
terization (Sect. 5), the ATS and Gaussian methods are prone
to errors in different aspects. A partial success for the Gaus-
sian method would usually mean a centerline estimated with

https://doi.org/10.5194/wes-7-849-2022 Wind Energ. Sci., 7, 849–873, 2022

M. Krutova et al.: Automatic thresholding method for the wake identification and characterization 867

Figure 20. Scan 599 (bimodal subset). (a) An overview of the detected centerlines and regression fits for (b) AV7 and (c) AV10.

Figure 21. Scan 222 (aligned-wake subset) sample wake identifi-
cation and characterization showing (a) comparison of the ATS and
Gaussian methods, (b) wakes identified by the ATS method after
the threshold is applied, and wind and wake direction.

for AV10 continues in the AV7 wake. The centerline search
for AV7 starts at the corresponding turbine location and is
performed in the direction of the AV10 wake, thus excluding
the merge region from the search. Thus the centerline of the
AV7 wake gets detected twice if no stopping criterion (e.g.,
the AV10 centerline passes the AV7 location) is activated.
Both detected centerlines agree in the AV7 wake region and
follow the Gaussian centerline rather well. Near-border wake
centers of the AV7 wake deviate from the presumed center-
line because border noise is erroneously attributed as a part
of the wake.

When it comes to the comparison of wake characterization
over the whole data set, the effect of weak wakes or merging
on the Gaussian method performance complicates a direct

Table 4. Rules for scoring Gaussian and ATS centerline search
method performance.

Score Gaussian method ATS centerline search

0 The method failed to find the wake at all, or less than
10 % of the visible wake was identified.

0.5 The centerline loosely
matches the wake
centerline, but the wake
width is overestimated or
undefined.

The wake shape is
readable from the
thresholded image, but
the centerline is
incomplete or erroneous.

1 The method had correctly identified at least 75% of
the visible wake and its centerline.

comparison. Due to the errors, the Gaussian centerline cannot
be taken as a “true” value and requires verification on its own.

Instead, we perform a visual comparison of the Gaussian
and ATS centerline search methods to score their success
rate. The performance of both methods rather differs along
the wake; therefore we evaluate the detection result on two
segments: l ≤ 4D and l > 4D from the wind turbine. The
l ≤ 4D segment usually covers the most well-resolved part
of the wake in non-corrupted scans; we attribute it as the near
wake. The rest of the wake would be then referred to as the
far wake and characterized by lower wake deficit. Next, we
score the success rate based on whether the method was able
to identify both wake shape and centerline, failed on one of
the tasks, or did not distinguish the wake at all (Table 4).

As mentioned for the LES wake identification and charac-
terization (Sect. 5), the ATS and Gaussian methods are prone
to errors in different aspects. A partial success for the Gaus-
sian method would usually mean a centerline estimated with
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Figure20.Scan599(bimodalsubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Figure21.Scan222(aligned-wakesubset)samplewakeidentifi-
cationandcharacterizationshowing(a)comparisonoftheATSand
Gaussianmethods,(b)wakesidentifiedbytheATSmethodafter
thethresholdisapplied,andwindandwakedirection.

forAV10continuesintheAV7wake.Thecenterlinesearch
forAV7startsatthecorrespondingturbinelocationandis
performedinthedirectionoftheAV10wake,thusexcluding
themergeregionfromthesearch.Thusthecenterlineofthe
AV7wakegetsdetectedtwiceifnostoppingcriterion(e.g.,
theAV10centerlinepassestheAV7location)isactivated.
BothdetectedcenterlinesagreeintheAV7wakeregionand
followtheGaussiancenterlineratherwell.Near-borderwake
centersoftheAV7wakedeviatefromthepresumedcenter-
linebecausebordernoiseiserroneouslyattributedasapart
ofthewake.

Whenitcomestothecomparisonofwakecharacterization
overthewholedataset,theeffectofweakwakesormerging
ontheGaussianmethodperformancecomplicatesadirect

Table4.RulesforscoringGaussianandATScenterlinesearch
methodperformance.

ScoreGaussianmethodATScenterlinesearch

0Themethodfailedtofindthewakeatall,orlessthan
10%ofthevisiblewakewasidentified.

0.5Thecenterlineloosely
matchesthewake
centerline,butthewake
widthisoverestimatedor
undefined.

Thewakeshapeis
readablefromthe
thresholdedimage,but
thecenterlineis
incompleteorerroneous.

1Themethodhadcorrectlyidentifiedatleast75%of
thevisiblewakeanditscenterline.

comparison.Duetotheerrors,theGaussiancenterlinecannot
betakenasa“true”valueandrequiresverificationonitsown.

Instead,weperformavisualcomparisonoftheGaussian
andATScenterlinesearchmethodstoscoretheirsuccess
rate.Theperformanceofbothmethodsratherdiffersalong
thewake;thereforeweevaluatethedetectionresultontwo
segments:l≤4Dandl>4Dfromthewindturbine.The
l≤4Dsegmentusuallycoversthemostwell-resolvedpart
ofthewakeinnon-corruptedscans;weattributeitasthenear
wake.Therestofthewakewouldbethenreferredtoasthe
farwakeandcharacterizedbylowerwakedeficit.Next,we
scorethesuccessratebasedonwhetherthemethodwasable
toidentifybothwakeshapeandcenterline,failedononeof
thetasks,ordidnotdistinguishthewakeatall(Table4).

AsmentionedfortheLESwakeidentificationandcharac-
terization(Sect.5),theATSandGaussianmethodsareprone
toerrorsindifferentaspects.ApartialsuccessfortheGaus-
sianmethodwouldusuallymeanacenterlineestimatedwith
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cationandcharacterizationshowing(a)comparisonoftheATSand
Gaussianmethods,(b)wakesidentifiedbytheATSmethodafter
thethresholdisapplied,andwindandwakedirection.
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themergeregionfromthesearch.Thusthecenterlineofthe
AV7wakegetsdetectedtwiceifnostoppingcriterion(e.g.,
theAV10centerlinepassestheAV7location)isactivated.
BothdetectedcenterlinesagreeintheAV7wakeregionand
followtheGaussiancenterlineratherwell.Near-borderwake
centersoftheAV7wakedeviatefromthepresumedcenter-
linebecausebordernoiseiserroneouslyattributedasapart
ofthewake.

Whenitcomestothecomparisonofwakecharacterization
overthewholedataset,theeffectofweakwakesormerging
ontheGaussianmethodperformancecomplicatesadirect

Table4.RulesforscoringGaussianandATScenterlinesearch
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ScoreGaussianmethodATScenterlinesearch

0Themethodfailedtofindthewakeatall,orlessthan
10%ofthevisiblewakewasidentified.

0.5Thecenterlineloosely
matchesthewake
centerline,butthewake
widthisoverestimatedor
undefined.

Thewakeshapeis
readablefromthe
thresholdedimage,but
thecenterlineis
incompleteorerroneous.

1Themethodhadcorrectlyidentifiedatleast75%of
thevisiblewakeanditscenterline.

comparison.Duetotheerrors,theGaussiancenterlinecannot
betakenasa“true”valueandrequiresverificationonitsown.

Instead,weperformavisualcomparisonoftheGaussian
andATScenterlinesearchmethodstoscoretheirsuccess
rate.Theperformanceofbothmethodsratherdiffersalong
thewake;thereforeweevaluatethedetectionresultontwo
segments:l≤4Dandl>4Dfromthewindturbine.The
l≤4Dsegmentusuallycoversthemostwell-resolvedpart
ofthewakeinnon-corruptedscans;weattributeitasthenear
wake.Therestofthewakewouldbethenreferredtoasthe
farwakeandcharacterizedbylowerwakedeficit.Next,we
scorethesuccessratebasedonwhetherthemethodwasable
toidentifybothwakeshapeandcenterline,failedononeof
thetasks,ordidnotdistinguishthewakeatall(Table4).

AsmentionedfortheLESwakeidentificationandcharac-
terization(Sect.5),theATSandGaussianmethodsareprone
toerrorsindifferentaspects.ApartialsuccessfortheGaus-
sianmethodwouldusuallymeanacenterlineestimatedwith
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Figure20.Scan599(bimodalsubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Figure21.Scan222(aligned-wakesubset)samplewakeidentifi-
cationandcharacterizationshowing(a)comparisonoftheATSand
Gaussianmethods,(b)wakesidentifiedbytheATSmethodafter
thethresholdisapplied,andwindandwakedirection.

forAV10continuesintheAV7wake.Thecenterlinesearch
forAV7startsatthecorrespondingturbinelocationandis
performedinthedirectionoftheAV10wake,thusexcluding
themergeregionfromthesearch.Thusthecenterlineofthe
AV7wakegetsdetectedtwiceifnostoppingcriterion(e.g.,
theAV10centerlinepassestheAV7location)isactivated.
BothdetectedcenterlinesagreeintheAV7wakeregionand
followtheGaussiancenterlineratherwell.Near-borderwake
centersoftheAV7wakedeviatefromthepresumedcenter-
linebecausebordernoiseiserroneouslyattributedasapart
ofthewake.

Whenitcomestothecomparisonofwakecharacterization
overthewholedataset,theeffectofweakwakesormerging
ontheGaussianmethodperformancecomplicatesadirect

Table4.RulesforscoringGaussianandATScenterlinesearch
methodperformance.

ScoreGaussianmethodATScenterlinesearch

0Themethodfailedtofindthewakeatall,orlessthan
10%ofthevisiblewakewasidentified.

0.5Thecenterlineloosely
matchesthewake
centerline,butthewake
widthisoverestimatedor
undefined.

Thewakeshapeis
readablefromthe
thresholdedimage,but
thecenterlineis
incompleteorerroneous.

1Themethodhadcorrectlyidentifiedatleast75%of
thevisiblewakeanditscenterline.

comparison.Duetotheerrors,theGaussiancenterlinecannot
betakenasa“true”valueandrequiresverificationonitsown.

Instead,weperformavisualcomparisonoftheGaussian
andATScenterlinesearchmethodstoscoretheirsuccess
rate.Theperformanceofbothmethodsratherdiffersalong
thewake;thereforeweevaluatethedetectionresultontwo
segments:l≤4Dandl>4Dfromthewindturbine.The
l≤4Dsegmentusuallycoversthemostwell-resolvedpart
ofthewakeinnon-corruptedscans;weattributeitasthenear
wake.Therestofthewakewouldbethenreferredtoasthe
farwakeandcharacterizedbylowerwakedeficit.Next,we
scorethesuccessratebasedonwhetherthemethodwasable
toidentifybothwakeshapeandcenterline,failedononeof
thetasks,ordidnotdistinguishthewakeatall(Table4).

AsmentionedfortheLESwakeidentificationandcharac-
terization(Sect.5),theATSandGaussianmethodsareprone
toerrorsindifferentaspects.ApartialsuccessfortheGaus-
sianmethodwouldusuallymeanacenterlineestimatedwith
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Figure20.Scan599(bimodalsubset).(a)Anoverviewofthedetectedcenterlinesandregressionfitsfor(b)AV7and(c)AV10.

Figure21.Scan222(aligned-wakesubset)samplewakeidentifi-
cationandcharacterizationshowing(a)comparisonoftheATSand
Gaussianmethods,(b)wakesidentifiedbytheATSmethodafter
thethresholdisapplied,andwindandwakedirection.

forAV10continuesintheAV7wake.Thecenterlinesearch
forAV7startsatthecorrespondingturbinelocationandis
performedinthedirectionoftheAV10wake,thusexcluding
themergeregionfromthesearch.Thusthecenterlineofthe
AV7wakegetsdetectedtwiceifnostoppingcriterion(e.g.,
theAV10centerlinepassestheAV7location)isactivated.
BothdetectedcenterlinesagreeintheAV7wakeregionand
followtheGaussiancenterlineratherwell.Near-borderwake
centersoftheAV7wakedeviatefromthepresumedcenter-
linebecausebordernoiseiserroneouslyattributedasapart
ofthewake.

Whenitcomestothecomparisonofwakecharacterization
overthewholedataset,theeffectofweakwakesormerging
ontheGaussianmethodperformancecomplicatesadirect

Table4.RulesforscoringGaussianandATScenterlinesearch
methodperformance.

ScoreGaussianmethodATScenterlinesearch

0Themethodfailedtofindthewakeatall,orlessthan
10%ofthevisiblewakewasidentified.

0.5Thecenterlineloosely
matchesthewake
centerline,butthewake
widthisoverestimatedor
undefined.

Thewakeshapeis
readablefromthe
thresholdedimage,but
thecenterlineis
incompleteorerroneous.

1Themethodhadcorrectlyidentifiedatleast75%of
thevisiblewakeanditscenterline.

comparison.Duetotheerrors,theGaussiancenterlinecannot
betakenasa“true”valueandrequiresverificationonitsown.

Instead,weperformavisualcomparisonoftheGaussian
andATScenterlinesearchmethodstoscoretheirsuccess
rate.Theperformanceofbothmethodsratherdiffersalong
thewake;thereforeweevaluatethedetectionresultontwo
segments:l≤4Dandl>4Dfromthewindturbine.The
l≤4Dsegmentusuallycoversthemostwell-resolvedpart
ofthewakeinnon-corruptedscans;weattributeitasthenear
wake.Therestofthewakewouldbethenreferredtoasthe
farwakeandcharacterizedbylowerwakedeficit.Next,we
scorethesuccessratebasedonwhetherthemethodwasable
toidentifybothwakeshapeandcenterline,failedononeof
thetasks,ordidnotdistinguishthewakeatall(Table4).

AsmentionedfortheLESwakeidentificationandcharac-
terization(Sect.5),theATSandGaussianmethodsareprone
toerrorsindifferentaspects.ApartialsuccessfortheGaus-
sianmethodwouldusuallymeanacenterlineestimatedwith
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Figure 22. Overview of the Gaussian and ATS method performance
on the wake detection and characterization.

a large standard deviation, while a partial success for the ATS
method would be the detection of the wake shape but not the
full centerline.

A summary for the data set excluding corrupted scans is
presented in Fig. 22 by showing the counts for each outcome
and their distribution between the subsets.

The near wakes are well resolved and show a high num-
ber of outcomes where both methods succeed. The partial
detections are spread differently. The non-perfect outcomes
for the AV7 near wake are spread rather equally (Fig. 22a).
The increased error rate of the ATS method in the AV7 near
wake is caused by either strong border noise (parallel subset)
or strong upstream wake influence (aligned subset) – both
distort the detected wake shape.

Due to the studied wind directions, the AV10 near wake
is not subjected to the upstream turbine influence. The wake
is very clear and poses problems mainly for the ATS method
in the parallel subset, when it cannot be identified as a con-
tinuous shape. Hence, the ATS method under-performs and
stops at the wake identification, while the Gaussian method
can succeed in both aspects (Fig. 22c).

The comparison of AV7 far wake accuracy (Fig. 22b) is
relevant only for the bimodal subset, where the correspond-
ing wake reaches the required length. Detection outcomes for
the AV7 far wake follow a pattern that resembles the other
cases: very low counts of partial or full success when one of
the methods fails and higher counts for partial and full suc-
cess of both methods.

The exception from this pattern is the AV10 far wake
(Fig. 22d). Both methods achieve partial success most often.
The decreased success rate is primarily caused by the wake
merging in bimodal and aligned subsets. When it comes to

Figure 23. Comparison between reference wind direction (WIND)
and estimated wake direction (WAKE).

the parallel-wake subset, both methods are likely to fail. The
weak AV10 far wake limits efficiency of both methods: the
threshold is not enough to separate the wake from the free
flow, and the fitting cannot be carried on to the nearly flat
wake deficit function.

The low count of (0, 1) pairs throughout the comparison
indicates that none of the methods outperform the others in
any part of the wake. If one method fails, the other usually
fails too or achieves only a partial success.

6.3 Wind and wake direction

The regression line fitted to the ATS-detected centerline also
indicates the wake direction. A strong mismatch between ref-
erence wind direction and wake direction can be seen for
most lidar scans from the data set (Fig. 23b).

Comparing the directions for the whole data set, we ob-
serve a clear trend for the wake direction deviating clockwise
from the reference wind direction until the crosswind effects
start at 210◦ (Fig. 23).

The valid points for the reference wind directions less than
210◦ group into two distinct clusters (Fig. 23). The leftmost
cluster corresponds to the bimodal subset and lies within the
range of wind directions of 140–170◦. Another cluster con-
tains the results for the aligned, transitional, and parallel-
wake subsets and covers the range of wind directions of 170–
210◦. Fitting a linear regression to each group returns a sim-
ilar slope but a different intercept value. Although the fitted
line slope is not equal to one, the regression fit on the selected
range shows a nearly constant offset between wind and wake
direction, with the bimodal subset having noticeably lower
difference than other subsets.

The vertical veer and clockwise rotation of the wake in the
Northern Hemisphere due to the Coriolis force are known ef-
fects causing wake rotation and were confirmed by observa-
tions and LES studies of wind farms (Magnusson and Smed-

Wind Energ. Sci., 7, 849–873, 2022 https://doi.org/10.5194/wes-7-849-2022

868M.Krutovaetal.:Automaticthresholdingmethodforthewakeidentificationandcharacterization

Figure22.OverviewoftheGaussianandATSmethodperformance
onthewakedetectionandcharacterization.

alargestandarddeviation,whileapartialsuccessfortheATS
methodwouldbethedetectionofthewakeshapebutnotthe
fullcenterline.

Asummaryforthedatasetexcludingcorruptedscansis
presentedinFig.22byshowingthecountsforeachoutcome
andtheirdistributionbetweenthesubsets.

Thenearwakesarewellresolvedandshowahighnum-
berofoutcomeswherebothmethodssucceed.Thepartial
detectionsarespreaddifferently.Thenon-perfectoutcomes
fortheAV7nearwakearespreadratherequally(Fig.22a).
TheincreasederrorrateoftheATSmethodintheAV7near
wakeiscausedbyeitherstrongbordernoise(parallelsubset)
orstrongupstreamwakeinfluence(alignedsubset)–both
distortthedetectedwakeshape.

Duetothestudiedwinddirections,theAV10nearwake
isnotsubjectedtotheupstreamturbineinfluence.Thewake
isveryclearandposesproblemsmainlyfortheATSmethod
intheparallelsubset,whenitcannotbeidentifiedasacon-
tinuousshape.Hence,theATSmethodunder-performsand
stopsatthewakeidentification,whiletheGaussianmethod
cansucceedinbothaspects(Fig.22c).

ThecomparisonofAV7farwakeaccuracy(Fig.22b)is
relevantonlyforthebimodalsubset,wherethecorrespond-
ingwakereachestherequiredlength.Detectionoutcomesfor
theAV7farwakefollowapatternthatresemblestheother
cases:verylowcountsofpartialorfullsuccesswhenoneof
themethodsfailsandhighercountsforpartialandfullsuc-
cessofbothmethods.

TheexceptionfromthispatternistheAV10farwake
(Fig.22d).Bothmethodsachievepartialsuccessmostoften.
Thedecreasedsuccessrateisprimarilycausedbythewake
merginginbimodalandalignedsubsets.Whenitcomesto

Figure23.Comparisonbetweenreferencewinddirection(WIND)
andestimatedwakedirection(WAKE).

theparallel-wakesubset,bothmethodsarelikelytofail.The
weakAV10farwakelimitsefficiencyofbothmethods:the
thresholdisnotenoughtoseparatethewakefromthefree
flow,andthefittingcannotbecarriedontothenearlyflat
wakedeficitfunction.

Thelowcountof(0,1)pairsthroughoutthecomparison
indicatesthatnoneofthemethodsoutperformtheothersin
anypartofthewake.Ifonemethodfails,theotherusually
failstooorachievesonlyapartialsuccess.

6.3Windandwakedirection

TheregressionlinefittedtotheATS-detectedcenterlinealso
indicatesthewakedirection.Astrongmismatchbetweenref-
erencewinddirectionandwakedirectioncanbeseenfor
mostlidarscansfromthedataset(Fig.23b).

Comparingthedirectionsforthewholedataset,weob-
serveacleartrendforthewakedirectiondeviatingclockwise
fromthereferencewinddirectionuntilthecrosswindeffects
startat210◦(Fig.23).

Thevalidpointsforthereferencewinddirectionslessthan
210◦groupintotwodistinctclusters(Fig.23).Theleftmost
clustercorrespondstothebimodalsubsetandlieswithinthe
rangeofwinddirectionsof140–170◦.Anotherclustercon-
tainstheresultsforthealigned,transitional,andparallel-
wakesubsetsandcoverstherangeofwinddirectionsof170–
210◦.Fittingalinearregressiontoeachgroupreturnsasim-
ilarslopebutadifferentinterceptvalue.Althoughthefitted
lineslopeisnotequaltoone,theregressionfitontheselected
rangeshowsanearlyconstantoffsetbetweenwindandwake
direction,withthebimodalsubsethavingnoticeablylower
differencethanothersubsets.

Theverticalveerandclockwiserotationofthewakeinthe
NorthernHemisphereduetotheCoriolisforceareknownef-
fectscausingwakerotationandwereconfirmedbyobserva-
tionsandLESstudiesofwindfarms(MagnussonandSmed-
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Figure22.OverviewoftheGaussianandATSmethodperformance
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alargestandarddeviation,whileapartialsuccessfortheATS
methodwouldbethedetectionofthewakeshapebutnotthe
fullcenterline.

Asummaryforthedatasetexcludingcorruptedscansis
presentedinFig.22byshowingthecountsforeachoutcome
andtheirdistributionbetweenthesubsets.

Thenearwakesarewellresolvedandshowahighnum-
berofoutcomeswherebothmethodssucceed.Thepartial
detectionsarespreaddifferently.Thenon-perfectoutcomes
fortheAV7nearwakearespreadratherequally(Fig.22a).
TheincreasederrorrateoftheATSmethodintheAV7near
wakeiscausedbyeitherstrongbordernoise(parallelsubset)
orstrongupstreamwakeinfluence(alignedsubset)–both
distortthedetectedwakeshape.

Duetothestudiedwinddirections,theAV10nearwake
isnotsubjectedtotheupstreamturbineinfluence.Thewake
isveryclearandposesproblemsmainlyfortheATSmethod
intheparallelsubset,whenitcannotbeidentifiedasacon-
tinuousshape.Hence,theATSmethodunder-performsand
stopsatthewakeidentification,whiletheGaussianmethod
cansucceedinbothaspects(Fig.22c).

ThecomparisonofAV7farwakeaccuracy(Fig.22b)is
relevantonlyforthebimodalsubset,wherethecorrespond-
ingwakereachestherequiredlength.Detectionoutcomesfor
theAV7farwakefollowapatternthatresemblestheother
cases:verylowcountsofpartialorfullsuccesswhenoneof
themethodsfailsandhighercountsforpartialandfullsuc-
cessofbothmethods.

TheexceptionfromthispatternistheAV10farwake
(Fig.22d).Bothmethodsachievepartialsuccessmostoften.
Thedecreasedsuccessrateisprimarilycausedbythewake
merginginbimodalandalignedsubsets.Whenitcomesto

Figure23.Comparisonbetweenreferencewinddirection(WIND)
andestimatedwakedirection(WAKE).

theparallel-wakesubset,bothmethodsarelikelytofail.The
weakAV10farwakelimitsefficiencyofbothmethods:the
thresholdisnotenoughtoseparatethewakefromthefree
flow,andthefittingcannotbecarriedontothenearlyflat
wakedeficitfunction.

Thelowcountof(0,1)pairsthroughoutthecomparison
indicatesthatnoneofthemethodsoutperformtheothersin
anypartofthewake.Ifonemethodfails,theotherusually
failstooorachievesonlyapartialsuccess.

6.3Windandwakedirection

TheregressionlinefittedtotheATS-detectedcenterlinealso
indicatesthewakedirection.Astrongmismatchbetweenref-
erencewinddirectionandwakedirectioncanbeseenfor
mostlidarscansfromthedataset(Fig.23b).

Comparingthedirectionsforthewholedataset,weob-
serveacleartrendforthewakedirectiondeviatingclockwise
fromthereferencewinddirectionuntilthecrosswindeffects
startat210◦(Fig.23).

Thevalidpointsforthereferencewinddirectionslessthan
210◦groupintotwodistinctclusters(Fig.23).Theleftmost
clustercorrespondstothebimodalsubsetandlieswithinthe
rangeofwinddirectionsof140–170◦.Anotherclustercon-
tainstheresultsforthealigned,transitional,andparallel-
wakesubsetsandcoverstherangeofwinddirectionsof170–
210◦.Fittingalinearregressiontoeachgroupreturnsasim-
ilarslopebutadifferentinterceptvalue.Althoughthefitted
lineslopeisnotequaltoone,theregressionfitontheselected
rangeshowsanearlyconstantoffsetbetweenwindandwake
direction,withthebimodalsubsethavingnoticeablylower
differencethanothersubsets.

Theverticalveerandclockwiserotationofthewakeinthe
NorthernHemisphereduetotheCoriolisforceareknownef-
fectscausingwakerotationandwereconfirmedbyobserva-
tionsandLESstudiesofwindfarms(MagnussonandSmed-
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Figure 22. Overview of the Gaussian and ATS method performance
on the wake detection and characterization.

a large standard deviation, while a partial success for the ATS
method would be the detection of the wake shape but not the
full centerline.

A summary for the data set excluding corrupted scans is
presented in Fig. 22 by showing the counts for each outcome
and their distribution between the subsets.

The near wakes are well resolved and show a high num-
ber of outcomes where both methods succeed. The partial
detections are spread differently. The non-perfect outcomes
for the AV7 near wake are spread rather equally (Fig. 22a).
The increased error rate of the ATS method in the AV7 near
wake is caused by either strong border noise (parallel subset)
or strong upstream wake influence (aligned subset) – both
distort the detected wake shape.

Due to the studied wind directions, the AV10 near wake
is not subjected to the upstream turbine influence. The wake
is very clear and poses problems mainly for the ATS method
in the parallel subset, when it cannot be identified as a con-
tinuous shape. Hence, the ATS method under-performs and
stops at the wake identification, while the Gaussian method
can succeed in both aspects (Fig. 22c).

The comparison of AV7 far wake accuracy (Fig. 22b) is
relevant only for the bimodal subset, where the correspond-
ing wake reaches the required length. Detection outcomes for
the AV7 far wake follow a pattern that resembles the other
cases: very low counts of partial or full success when one of
the methods fails and higher counts for partial and full suc-
cess of both methods.

The exception from this pattern is the AV10 far wake
(Fig. 22d). Both methods achieve partial success most often.
The decreased success rate is primarily caused by the wake
merging in bimodal and aligned subsets. When it comes to

Figure 23. Comparison between reference wind direction (WIND)
and estimated wake direction (WAKE).

the parallel-wake subset, both methods are likely to fail. The
weak AV10 far wake limits efficiency of both methods: the
threshold is not enough to separate the wake from the free
flow, and the fitting cannot be carried on to the nearly flat
wake deficit function.

The low count of (0, 1) pairs throughout the comparison
indicates that none of the methods outperform the others in
any part of the wake. If one method fails, the other usually
fails too or achieves only a partial success.

6.3 Wind and wake direction

The regression line fitted to the ATS-detected centerline also
indicates the wake direction. A strong mismatch between ref-
erence wind direction and wake direction can be seen for
most lidar scans from the data set (Fig. 23b).

Comparing the directions for the whole data set, we ob-
serve a clear trend for the wake direction deviating clockwise
from the reference wind direction until the crosswind effects
start at 210

◦
(Fig. 23).

The valid points for the reference wind directions less than
210
◦

group into two distinct clusters (Fig. 23). The leftmost
cluster corresponds to the bimodal subset and lies within the
range of wind directions of 140–170

◦
. Another cluster con-

tains the results for the aligned, transitional, and parallel-
wake subsets and covers the range of wind directions of 170–
210
◦
. Fitting a linear regression to each group returns a sim-

ilar slope but a different intercept value. Although the fitted
line slope is not equal to one, the regression fit on the selected
range shows a nearly constant offset between wind and wake
direction, with the bimodal subset having noticeably lower
difference than other subsets.

The vertical veer and clockwise rotation of the wake in the
Northern Hemisphere due to the Coriolis force are known ef-
fects causing wake rotation and were confirmed by observa-
tions and LES studies of wind farms (Magnusson and Smed-
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Figure 22. Overview of the Gaussian and ATS method performance
on the wake detection and characterization.
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Figure 23. Comparison between reference wind direction (WIND)
and estimated wake direction (WAKE).
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The low count of (0, 1) pairs throughout the comparison
indicates that none of the methods outperform the others in
any part of the wake. If one method fails, the other usually
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indicates the wake direction. A strong mismatch between ref-
erence wind direction and wake direction can be seen for
most lidar scans from the data set (Fig. 23b).

Comparing the directions for the whole data set, we ob-
serve a clear trend for the wake direction deviating clockwise
from the reference wind direction until the crosswind effects
start at 210
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The valid points for the reference wind directions less than
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cluster corresponds to the bimodal subset and lies within the
range of wind directions of 140–170
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. Another cluster con-

tains the results for the aligned, transitional, and parallel-
wake subsets and covers the range of wind directions of 170–
210
◦
. Fitting a linear regression to each group returns a sim-

ilar slope but a different intercept value. Although the fitted
line slope is not equal to one, the regression fit on the selected
range shows a nearly constant offset between wind and wake
direction, with the bimodal subset having noticeably lower
difference than other subsets.

The vertical veer and clockwise rotation of the wake in the
Northern Hemisphere due to the Coriolis force are known ef-
fects causing wake rotation and were confirmed by observa-
tions and LES studies of wind farms (Magnusson and Smed-
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Figure22.OverviewoftheGaussianandATSmethodperformance
onthewakedetectionandcharacterization.

alargestandarddeviation,whileapartialsuccessfortheATS
methodwouldbethedetectionofthewakeshapebutnotthe
fullcenterline.

Asummaryforthedatasetexcludingcorruptedscansis
presentedinFig.22byshowingthecountsforeachoutcome
andtheirdistributionbetweenthesubsets.

Thenearwakesarewellresolvedandshowahighnum-
berofoutcomeswherebothmethodssucceed.Thepartial
detectionsarespreaddifferently.Thenon-perfectoutcomes
fortheAV7nearwakearespreadratherequally(Fig.22a).
TheincreasederrorrateoftheATSmethodintheAV7near
wakeiscausedbyeitherstrongbordernoise(parallelsubset)
orstrongupstreamwakeinfluence(alignedsubset)–both
distortthedetectedwakeshape.

Duetothestudiedwinddirections,theAV10nearwake
isnotsubjectedtotheupstreamturbineinfluence.Thewake
isveryclearandposesproblemsmainlyfortheATSmethod
intheparallelsubset,whenitcannotbeidentifiedasacon-
tinuousshape.Hence,theATSmethodunder-performsand
stopsatthewakeidentification,whiletheGaussianmethod
cansucceedinbothaspects(Fig.22c).

ThecomparisonofAV7farwakeaccuracy(Fig.22b)is
relevantonlyforthebimodalsubset,wherethecorrespond-
ingwakereachestherequiredlength.Detectionoutcomesfor
theAV7farwakefollowapatternthatresemblestheother
cases:verylowcountsofpartialorfullsuccesswhenoneof
themethodsfailsandhighercountsforpartialandfullsuc-
cessofbothmethods.

TheexceptionfromthispatternistheAV10farwake
(Fig.22d).Bothmethodsachievepartialsuccessmostoften.
Thedecreasedsuccessrateisprimarilycausedbythewake
merginginbimodalandalignedsubsets.Whenitcomesto

Figure23.Comparisonbetweenreferencewinddirection(WIND)
andestimatedwakedirection(WAKE).

theparallel-wakesubset,bothmethodsarelikelytofail.The
weakAV10farwakelimitsefficiencyofbothmethods:the
thresholdisnotenoughtoseparatethewakefromthefree
flow,andthefittingcannotbecarriedontothenearlyflat
wakedeficitfunction.

Thelowcountof(0,1)pairsthroughoutthecomparison
indicatesthatnoneofthemethodsoutperformtheothersin
anypartofthewake.Ifonemethodfails,theotherusually
failstooorachievesonlyapartialsuccess.

6.3Windandwakedirection

TheregressionlinefittedtotheATS-detectedcenterlinealso
indicatesthewakedirection.Astrongmismatchbetweenref-
erencewinddirectionandwakedirectioncanbeseenfor
mostlidarscansfromthedataset(Fig.23b).

Comparingthedirectionsforthewholedataset,weob-
serveacleartrendforthewakedirectiondeviatingclockwise
fromthereferencewinddirectionuntilthecrosswindeffects
startat210

◦
(Fig.23).

Thevalidpointsforthereferencewinddirectionslessthan
210
◦

groupintotwodistinctclusters(Fig.23).Theleftmost
clustercorrespondstothebimodalsubsetandlieswithinthe
rangeofwinddirectionsof140–170

◦
.Anotherclustercon-

tainstheresultsforthealigned,transitional,andparallel-
wakesubsetsandcoverstherangeofwinddirectionsof170–
210
◦
.Fittingalinearregressiontoeachgroupreturnsasim-

ilarslopebutadifferentinterceptvalue.Althoughthefitted
lineslopeisnotequaltoone,theregressionfitontheselected
rangeshowsanearlyconstantoffsetbetweenwindandwake
direction,withthebimodalsubsethavingnoticeablylower
differencethanothersubsets.

Theverticalveerandclockwiserotationofthewakeinthe
NorthernHemisphereduetotheCoriolisforceareknownef-
fectscausingwakerotationandwereconfirmedbyobserva-
tionsandLESstudiesofwindfarms(MagnussonandSmed-
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isveryclearandposesproblemsmainlyfortheATSmethod
intheparallelsubset,whenitcannotbeidentifiedasacon-
tinuousshape.Hence,theATSmethodunder-performsand
stopsatthewakeidentification,whiletheGaussianmethod
cansucceedinbothaspects(Fig.22c).

ThecomparisonofAV7farwakeaccuracy(Fig.22b)is
relevantonlyforthebimodalsubset,wherethecorrespond-
ingwakereachestherequiredlength.Detectionoutcomesfor
theAV7farwakefollowapatternthatresemblestheother
cases:verylowcountsofpartialorfullsuccesswhenoneof
themethodsfailsandhighercountsforpartialandfullsuc-
cessofbothmethods.

TheexceptionfromthispatternistheAV10farwake
(Fig.22d).Bothmethodsachievepartialsuccessmostoften.
Thedecreasedsuccessrateisprimarilycausedbythewake
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Figure23.Comparisonbetweenreferencewinddirection(WIND)
andestimatedwakedirection(WAKE).

theparallel-wakesubset,bothmethodsarelikelytofail.The
weakAV10farwakelimitsefficiencyofbothmethods:the
thresholdisnotenoughtoseparatethewakefromthefree
flow,andthefittingcannotbecarriedontothenearlyflat
wakedeficitfunction.

Thelowcountof(0,1)pairsthroughoutthecomparison
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anypartofthewake.Ifonemethodfails,theotherusually
failstooorachievesonlyapartialsuccess.
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erencewinddirectionandwakedirectioncanbeseenfor
mostlidarscansfromthedataset(Fig.23b).

Comparingthedirectionsforthewholedataset,weob-
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startat210
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rangeofwinddirectionsof140–170

◦
.Anotherclustercon-

tainstheresultsforthealigned,transitional,andparallel-
wakesubsetsandcoverstherangeofwinddirectionsof170–
210
◦
.Fittingalinearregressiontoeachgroupreturnsasim-

ilarslopebutadifferentinterceptvalue.Althoughthefitted
lineslopeisnotequaltoone,theregressionfitontheselected
rangeshowsanearlyconstantoffsetbetweenwindandwake
direction,withthebimodalsubsethavingnoticeablylower
differencethanothersubsets.

Theverticalveerandclockwiserotationofthewakeinthe
NorthernHemisphereduetotheCoriolisforceareknownef-
fectscausingwakerotationandwereconfirmedbyobserva-
tionsandLESstudiesofwindfarms(MagnussonandSmed-
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distortthedetectedwakeshape.
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intheparallelsubset,whenitcannotbeidentifiedasacon-
tinuousshape.Hence,theATSmethodunder-performsand
stopsatthewakeidentification,whiletheGaussianmethod
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ThecomparisonofAV7farwakeaccuracy(Fig.22b)is
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Figure23.Comparisonbetweenreferencewinddirection(WIND)
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Figure 24. Scan 553 (bimodal subset). (a) Intensity histogram of
the normalized data, (b) the ATS method search for the thresholds,
and (c) thresholded image.

man, 1994; Abkar and Porté-Agel, 2016; van der Laan and
Sørensen, 2017). The wind turbine AV7, closest to the li-
dar, is scanned nearly at the hub height, while the farther
wind turbines, AV10 and AV11, are scanned near the top-
tip height (Fig. 1). Due to the elevation and vertical veer,
the wind and wake direction discrepancy is the strongest for
AV10 and AV11. Nevertheless, we also observe a deflection
for the near wake of AV7, although the noticeable effects of
the Coriolis force are usually recorded for the downwind dis-
tance of 6D or higher. The additional discrepancy can be
explained by the yaw misalignment (Bromm et al., 2018),
reference measurement uncertainty (Gaumond et al., 2014),
and lidar installation’s imperfection. The wake direction vari-
ation for the bimodal subset (reference wind direction 140–
160◦) was possibly reduced because of the longer wakes and,
consequently, more precise estimation of the wake direction.
We do not have additional data to distinguish these factors
and leave it for a future study.

The outliers showing strong differences between wind and
wake direction highlight the lidar scans where the wake iden-
tification and characterization were hindered by noise or
strong irregularity of the wake. The wind–wake direction plot
can be used for diagnostic purposes to select the lidar scans
that require additional processing prior to the wake identifi-
cation.

6.4 Wake identification in the bimodal subset using the
ATS method

Bimodal subsets often have a distinctive double peak in the
intensity histogram (Fig. 24a). The highest histogram peak
corresponds to the free flow. The second peak forms due to a
long far wake from AV10 and subsequent merging of the two
wakes.

The double peak from the histogram translates into two lo-
cal minimums in the second derivative graph (Fig. 24b). The
occasions of two local maximums in the first derivative were

rarer in the regarded data set. Applying the ATS method to
both second derivative minimums provides a unique oppor-
tunity to estimate two thresholds T2 and T3 in addition to
the threshold T1 from the first derivative. The final thresh-
old values either separate the full wake from the free flow
((T1+ T2)/2) or extract only the most intense part of the
wake ((T1+ T3)/2) (Fig. 24c). The splitting point falls ap-
proximately at the downstream distance of 4–5D, marking a
transition from the near to far wake.

We ran the ATS method without subset-specific param-
eters, meaning that it always estimated only one threshold
for the wake identification. During the threshold estimation
(Sect. 4.1), the current algorithm selects the global maximum
or minimum of the first and second derivatives, respectively.
The free-flow histogram peak usually results in the global
maximum of the first derivative in our data set and does not
affect the performance of the ATS method. However, the lo-
cal minimum values of the second derivative appear to be
more sensitive to the intensity distribution. Relying on the
global minimum may lead to selecting a stricter threshold T3
(Fig. 24b). A strict threshold does not detect most of the far
wake, as shown in Fig. 24c.

A less strict threshold T2 could be chosen based on the
proximity to T1 as a control value. However, it would re-
quire an automatic check of whether another local minimum
can produce a valid threshold. The implementation posed a
challenge if the current algorithm ran without subset-specific
parameters and produced erroneous threshold estimation for
other scans. We refrained from using a more complex ap-
proach in the bimodal subset for now. The current ATS
method, therefore, overestimated the threshold and did not
identify the full wake in about 8 % of the bimodal cases.

7 Conclusions

We developed a set of methods to analyze lidar scans for
wake identification and characterization. During the study,
we focused on the procedures that would automatically pro-
cess a large data set and primarily rely on the information
contained in the lidar data or site characteristics such as li-
dar and wind turbine positions. To structure the analysis of
the results, we split our data set into several subsets, group-
ing the scans with similar characteristics. While the classi-
fication could be performed based on the wind direction or
visual inspection, we introduced entropy as a criterion to
reflect the flow characteristics. When calculated in the az-
imuthal or radial direction, Shannon entropy is sensitive to
the disturbances caused by wakes and allows scan classifi-
cation if the wind direction is unknown. The entropy values
also highlighted the lidar scans that were unsuitable for the
analysis due to the high number of non-physical measure-
ments caused by the crosswind effects. The classification by
entropy criteria introduced in the study was not yet used to
apply scan-specific corrections during the thresholding.
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Figure24.Scan553(bimodalsubset).(a)Intensityhistogramof
thenormalizeddata,(b)theATSmethodsearchforthethresholds,
and(c)thresholdedimage.

man,1994;AbkarandPorté-Agel,2016;vanderLaanand
Sørensen,2017).ThewindturbineAV7,closesttotheli-
dar,isscannednearlyatthehubheight,whilethefarther
windturbines,AV10andAV11,arescannednearthetop-
tipheight(Fig.1).Duetotheelevationandverticalveer,
thewindandwakedirectiondiscrepancyisthestrongestfor
AV10andAV11.Nevertheless,wealsoobserveadeflection
forthenearwakeofAV7,althoughthenoticeableeffectsof
theCoriolisforceareusuallyrecordedforthedownwinddis-
tanceof6Dorhigher.Theadditionaldiscrepancycanbe
explainedbytheyawmisalignment(Brommetal.,2018),
referencemeasurementuncertainty(Gaumondetal.,2014),
andlidarinstallation’simperfection.Thewakedirectionvari-
ationforthebimodalsubset(referencewinddirection140–
160◦)waspossiblyreducedbecauseofthelongerwakesand,
consequently,morepreciseestimationofthewakedirection.
Wedonothaveadditionaldatatodistinguishthesefactors
andleaveitforafuturestudy.

Theoutliersshowingstrongdifferencesbetweenwindand
wakedirectionhighlightthelidarscanswherethewakeiden-
tificationandcharacterizationwerehinderedbynoiseor
strongirregularityofthewake.Thewind–wakedirectionplot
canbeusedfordiagnosticpurposestoselectthelidarscans
thatrequireadditionalprocessingpriortothewakeidentifi-
cation.

6.4Wakeidentificationinthebimodalsubsetusingthe
ATSmethod

Bimodalsubsetsoftenhaveadistinctivedoublepeakinthe
intensityhistogram(Fig.24a).Thehighesthistogrampeak
correspondstothefreeflow.Thesecondpeakformsduetoa
longfarwakefromAV10andsubsequentmergingofthetwo
wakes.

Thedoublepeakfromthehistogramtranslatesintotwolo-
calminimumsinthesecondderivativegraph(Fig.24b).The
occasionsoftwolocalmaximumsinthefirstderivativewere

rarerintheregardeddataset.ApplyingtheATSmethodto
bothsecondderivativeminimumsprovidesauniqueoppor-
tunitytoestimatetwothresholdsT2andT3inadditionto
thethresholdT1fromthefirstderivative.Thefinalthresh-
oldvalueseitherseparatethefullwakefromthefreeflow
((T1+T2)/2)orextractonlythemostintensepartofthe
wake((T1+T3)/2)(Fig.24c).Thesplittingpointfallsap-
proximatelyatthedownstreamdistanceof4–5D,markinga
transitionfromtheneartofarwake.

WerantheATSmethodwithoutsubset-specificparam-
eters,meaningthatitalwaysestimatedonlyonethreshold
forthewakeidentification.Duringthethresholdestimation
(Sect.4.1),thecurrentalgorithmselectstheglobalmaximum
orminimumofthefirstandsecondderivatives,respectively.
Thefree-flowhistogrampeakusuallyresultsintheglobal
maximumofthefirstderivativeinourdatasetanddoesnot
affecttheperformanceoftheATSmethod.However,thelo-
calminimumvaluesofthesecondderivativeappeartobe
moresensitivetotheintensitydistribution.Relyingonthe
globalminimummayleadtoselectingastricterthresholdT3
(Fig.24b).Astrictthresholddoesnotdetectmostofthefar
wake,asshowninFig.24c.

AlessstrictthresholdT2couldbechosenbasedonthe
proximitytoT1asacontrolvalue.However,itwouldre-
quireanautomaticcheckofwhetheranotherlocalminimum
canproduceavalidthreshold.Theimplementationposeda
challengeifthecurrentalgorithmranwithoutsubset-specific
parametersandproducederroneousthresholdestimationfor
otherscans.Werefrainedfromusingamorecomplexap-
proachinthebimodalsubsetfornow.ThecurrentATS
method,therefore,overestimatedthethresholdanddidnot
identifythefullwakeinabout8%ofthebimodalcases.

7Conclusions

Wedevelopedasetofmethodstoanalyzelidarscansfor
wakeidentificationandcharacterization.Duringthestudy,
wefocusedontheproceduresthatwouldautomaticallypro-
cessalargedatasetandprimarilyrelyontheinformation
containedinthelidardataorsitecharacteristicssuchasli-
darandwindturbinepositions.Tostructuretheanalysisof
theresults,wesplitourdatasetintoseveralsubsets,group-
ingthescanswithsimilarcharacteristics.Whiletheclassi-
ficationcouldbeperformedbasedonthewinddirectionor
visualinspection,weintroducedentropyasacriterionto
reflecttheflowcharacteristics.Whencalculatedintheaz-
imuthalorradialdirection,Shannonentropyissensitiveto
thedisturbancescausedbywakesandallowsscanclassifi-
cationifthewinddirectionisunknown.Theentropyvalues
alsohighlightedthelidarscansthatwereunsuitableforthe
analysisduetothehighnumberofnon-physicalmeasure-
mentscausedbythecrosswindeffects.Theclassificationby
entropycriteriaintroducedinthestudywasnotyetusedto
applyscan-specificcorrectionsduringthethresholding.
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Figure24.Scan553(bimodalsubset).(a)Intensityhistogramof
thenormalizeddata,(b)theATSmethodsearchforthethresholds,
and(c)thresholdedimage.
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dar,isscannednearlyatthehubheight,whilethefarther
windturbines,AV10andAV11,arescannednearthetop-
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affecttheperformanceoftheATSmethod.However,thelo-
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(Fig.24b).Astrictthresholddoesnotdetectmostofthefar
wake,asshowninFig.24c.

AlessstrictthresholdT2couldbechosenbasedonthe
proximitytoT1asacontrolvalue.However,itwouldre-
quireanautomaticcheckofwhetheranotherlocalminimum
canproduceavalidthreshold.Theimplementationposeda
challengeifthecurrentalgorithmranwithoutsubset-specific
parametersandproducederroneousthresholdestimationfor
otherscans.Werefrainedfromusingamorecomplexap-
proachinthebimodalsubsetfornow.ThecurrentATS
method,therefore,overestimatedthethresholdanddidnot
identifythefullwakeinabout8%ofthebimodalcases.
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ficationcouldbeperformedbasedonthewinddirectionor
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reflecttheflowcharacteristics.Whencalculatedintheaz-
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cationifthewinddirectionisunknown.Theentropyvalues
alsohighlightedthelidarscansthatwereunsuitableforthe
analysisduetothehighnumberofnon-physicalmeasure-
mentscausedbythecrosswindeffects.Theclassificationby
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Figure 24. Scan 553 (bimodal subset). (a) Intensity histogram of
the normalized data, (b) the ATS method search for the thresholds,
and (c) thresholded image.

man, 1994; Abkar and Porté-Agel, 2016; van der Laan and
Sørensen, 2017). The wind turbine AV7, closest to the li-
dar, is scanned nearly at the hub height, while the farther
wind turbines, AV10 and AV11, are scanned near the top-
tip height (Fig. 1). Due to the elevation and vertical veer,
the wind and wake direction discrepancy is the strongest for
AV10 and AV11. Nevertheless, we also observe a deflection
for the near wake of AV7, although the noticeable effects of
the Coriolis force are usually recorded for the downwind dis-
tance of 6D or higher. The additional discrepancy can be
explained by the yaw misalignment (Bromm et al., 2018),
reference measurement uncertainty (Gaumond et al., 2014),
and lidar installation’s imperfection. The wake direction vari-
ation for the bimodal subset (reference wind direction 140–
160
◦
) was possibly reduced because of the longer wakes and,

consequently, more precise estimation of the wake direction.
We do not have additional data to distinguish these factors
and leave it for a future study.

The outliers showing strong differences between wind and
wake direction highlight the lidar scans where the wake iden-
tification and characterization were hindered by noise or
strong irregularity of the wake. The wind–wake direction plot
can be used for diagnostic purposes to select the lidar scans
that require additional processing prior to the wake identifi-
cation.

6.4 Wake identification in the bimodal subset using the
ATS method

Bimodal subsets often have a distinctive double peak in the
intensity histogram (Fig. 24a). The highest histogram peak
corresponds to the free flow. The second peak forms due to a
long far wake from AV10 and subsequent merging of the two
wakes.

The double peak from the histogram translates into two lo-
cal minimums in the second derivative graph (Fig. 24b). The
occasions of two local maximums in the first derivative were

rarer in the regarded data set. Applying the ATS method to
both second derivative minimums provides a unique oppor-
tunity to estimate two thresholds T2 and T3 in addition to
the threshold T1 from the first derivative. The final thresh-
old values either separate the full wake from the free flow
((T1+ T2)/2) or extract only the most intense part of the
wake ((T1+ T3)/2) (Fig. 24c). The splitting point falls ap-
proximately at the downstream distance of 4–5D, marking a
transition from the near to far wake.

We ran the ATS method without subset-specific param-
eters, meaning that it always estimated only one threshold
for the wake identification. During the threshold estimation
(Sect. 4.1), the current algorithm selects the global maximum
or minimum of the first and second derivatives, respectively.
The free-flow histogram peak usually results in the global
maximum of the first derivative in our data set and does not
affect the performance of the ATS method. However, the lo-
cal minimum values of the second derivative appear to be
more sensitive to the intensity distribution. Relying on the
global minimum may lead to selecting a stricter threshold T3
(Fig. 24b). A strict threshold does not detect most of the far
wake, as shown in Fig. 24c.

A less strict threshold T2 could be chosen based on the
proximity to T1 as a control value. However, it would re-
quire an automatic check of whether another local minimum
can produce a valid threshold. The implementation posed a
challenge if the current algorithm ran without subset-specific
parameters and produced erroneous threshold estimation for
other scans. We refrained from using a more complex ap-
proach in the bimodal subset for now. The current ATS
method, therefore, overestimated the threshold and did not
identify the full wake in about 8 % of the bimodal cases.

7 Conclusions

We developed a set of methods to analyze lidar scans for
wake identification and characterization. During the study,
we focused on the procedures that would automatically pro-
cess a large data set and primarily rely on the information
contained in the lidar data or site characteristics such as li-
dar and wind turbine positions. To structure the analysis of
the results, we split our data set into several subsets, group-
ing the scans with similar characteristics. While the classi-
fication could be performed based on the wind direction or
visual inspection, we introduced entropy as a criterion to
reflect the flow characteristics. When calculated in the az-
imuthal or radial direction, Shannon entropy is sensitive to
the disturbances caused by wakes and allows scan classifi-
cation if the wind direction is unknown. The entropy values
also highlighted the lidar scans that were unsuitable for the
analysis due to the high number of non-physical measure-
ments caused by the crosswind effects. The classification by
entropy criteria introduced in the study was not yet used to
apply scan-specific corrections during the thresholding.
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Figure 24. Scan 553 (bimodal subset). (a) Intensity histogram of
the normalized data, (b) the ATS method search for the thresholds,
and (c) thresholded image.

man, 1994; Abkar and Porté-Agel, 2016; van der Laan and
Sørensen, 2017). The wind turbine AV7, closest to the li-
dar, is scanned nearly at the hub height, while the farther
wind turbines, AV10 and AV11, are scanned near the top-
tip height (Fig. 1). Due to the elevation and vertical veer,
the wind and wake direction discrepancy is the strongest for
AV10 and AV11. Nevertheless, we also observe a deflection
for the near wake of AV7, although the noticeable effects of
the Coriolis force are usually recorded for the downwind dis-
tance of 6D or higher. The additional discrepancy can be
explained by the yaw misalignment (Bromm et al., 2018),
reference measurement uncertainty (Gaumond et al., 2014),
and lidar installation’s imperfection. The wake direction vari-
ation for the bimodal subset (reference wind direction 140–
160
◦
) was possibly reduced because of the longer wakes and,

consequently, more precise estimation of the wake direction.
We do not have additional data to distinguish these factors
and leave it for a future study.

The outliers showing strong differences between wind and
wake direction highlight the lidar scans where the wake iden-
tification and characterization were hindered by noise or
strong irregularity of the wake. The wind–wake direction plot
can be used for diagnostic purposes to select the lidar scans
that require additional processing prior to the wake identifi-
cation.

6.4 Wake identification in the bimodal subset using the
ATS method

Bimodal subsets often have a distinctive double peak in the
intensity histogram (Fig. 24a). The highest histogram peak
corresponds to the free flow. The second peak forms due to a
long far wake from AV10 and subsequent merging of the two
wakes.

The double peak from the histogram translates into two lo-
cal minimums in the second derivative graph (Fig. 24b). The
occasions of two local maximums in the first derivative were

rarer in the regarded data set. Applying the ATS method to
both second derivative minimums provides a unique oppor-
tunity to estimate two thresholds T2 and T3 in addition to
the threshold T1 from the first derivative. The final thresh-
old values either separate the full wake from the free flow
((T1+ T2)/2) or extract only the most intense part of the
wake ((T1+ T3)/2) (Fig. 24c). The splitting point falls ap-
proximately at the downstream distance of 4–5D, marking a
transition from the near to far wake.

We ran the ATS method without subset-specific param-
eters, meaning that it always estimated only one threshold
for the wake identification. During the threshold estimation
(Sect. 4.1), the current algorithm selects the global maximum
or minimum of the first and second derivatives, respectively.
The free-flow histogram peak usually results in the global
maximum of the first derivative in our data set and does not
affect the performance of the ATS method. However, the lo-
cal minimum values of the second derivative appear to be
more sensitive to the intensity distribution. Relying on the
global minimum may lead to selecting a stricter threshold T3
(Fig. 24b). A strict threshold does not detect most of the far
wake, as shown in Fig. 24c.

A less strict threshold T2 could be chosen based on the
proximity to T1 as a control value. However, it would re-
quire an automatic check of whether another local minimum
can produce a valid threshold. The implementation posed a
challenge if the current algorithm ran without subset-specific
parameters and produced erroneous threshold estimation for
other scans. We refrained from using a more complex ap-
proach in the bimodal subset for now. The current ATS
method, therefore, overestimated the threshold and did not
identify the full wake in about 8 % of the bimodal cases.

7 Conclusions

We developed a set of methods to analyze lidar scans for
wake identification and characterization. During the study,
we focused on the procedures that would automatically pro-
cess a large data set and primarily rely on the information
contained in the lidar data or site characteristics such as li-
dar and wind turbine positions. To structure the analysis of
the results, we split our data set into several subsets, group-
ing the scans with similar characteristics. While the classi-
fication could be performed based on the wind direction or
visual inspection, we introduced entropy as a criterion to
reflect the flow characteristics. When calculated in the az-
imuthal or radial direction, Shannon entropy is sensitive to
the disturbances caused by wakes and allows scan classifi-
cation if the wind direction is unknown. The entropy values
also highlighted the lidar scans that were unsuitable for the
analysis due to the high number of non-physical measure-
ments caused by the crosswind effects. The classification by
entropy criteria introduced in the study was not yet used to
apply scan-specific corrections during the thresholding.
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Figure24.Scan553(bimodalsubset).(a)Intensityhistogramof
thenormalizeddata,(b)theATSmethodsearchforthethresholds,
and(c)thresholdedimage.

man,1994;AbkarandPorté-Agel,2016;vanderLaanand
Sørensen,2017).ThewindturbineAV7,closesttotheli-
dar,isscannednearlyatthehubheight,whilethefarther
windturbines,AV10andAV11,arescannednearthetop-
tipheight(Fig.1).Duetotheelevationandverticalveer,
thewindandwakedirectiondiscrepancyisthestrongestfor
AV10andAV11.Nevertheless,wealsoobserveadeflection
forthenearwakeofAV7,althoughthenoticeableeffectsof
theCoriolisforceareusuallyrecordedforthedownwinddis-
tanceof6Dorhigher.Theadditionaldiscrepancycanbe
explainedbytheyawmisalignment(Brommetal.,2018),
referencemeasurementuncertainty(Gaumondetal.,2014),
andlidarinstallation’simperfection.Thewakedirectionvari-
ationforthebimodalsubset(referencewinddirection140–
160
◦
)waspossiblyreducedbecauseofthelongerwakesand,

consequently,morepreciseestimationofthewakedirection.
Wedonothaveadditionaldatatodistinguishthesefactors
andleaveitforafuturestudy.

Theoutliersshowingstrongdifferencesbetweenwindand
wakedirectionhighlightthelidarscanswherethewakeiden-
tificationandcharacterizationwerehinderedbynoiseor
strongirregularityofthewake.Thewind–wakedirectionplot
canbeusedfordiagnosticpurposestoselectthelidarscans
thatrequireadditionalprocessingpriortothewakeidentifi-
cation.

6.4Wakeidentificationinthebimodalsubsetusingthe
ATSmethod

Bimodalsubsetsoftenhaveadistinctivedoublepeakinthe
intensityhistogram(Fig.24a).Thehighesthistogrampeak
correspondstothefreeflow.Thesecondpeakformsduetoa
longfarwakefromAV10andsubsequentmergingofthetwo
wakes.

Thedoublepeakfromthehistogramtranslatesintotwolo-
calminimumsinthesecondderivativegraph(Fig.24b).The
occasionsoftwolocalmaximumsinthefirstderivativewere

rarerintheregardeddataset.ApplyingtheATSmethodto
bothsecondderivativeminimumsprovidesauniqueoppor-
tunitytoestimatetwothresholdsT2andT3inadditionto
thethresholdT1fromthefirstderivative.Thefinalthresh-
oldvalueseitherseparatethefullwakefromthefreeflow
((T1+T2)/2)orextractonlythemostintensepartofthe
wake((T1+T3)/2)(Fig.24c).Thesplittingpointfallsap-
proximatelyatthedownstreamdistanceof4–5D,markinga
transitionfromtheneartofarwake.

WerantheATSmethodwithoutsubset-specificparam-
eters,meaningthatitalwaysestimatedonlyonethreshold
forthewakeidentification.Duringthethresholdestimation
(Sect.4.1),thecurrentalgorithmselectstheglobalmaximum
orminimumofthefirstandsecondderivatives,respectively.
Thefree-flowhistogrampeakusuallyresultsintheglobal
maximumofthefirstderivativeinourdatasetanddoesnot
affecttheperformanceoftheATSmethod.However,thelo-
calminimumvaluesofthesecondderivativeappeartobe
moresensitivetotheintensitydistribution.Relyingonthe
globalminimummayleadtoselectingastricterthresholdT3
(Fig.24b).Astrictthresholddoesnotdetectmostofthefar
wake,asshowninFig.24c.

AlessstrictthresholdT2couldbechosenbasedonthe
proximitytoT1asacontrolvalue.However,itwouldre-
quireanautomaticcheckofwhetheranotherlocalminimum
canproduceavalidthreshold.Theimplementationposeda
challengeifthecurrentalgorithmranwithoutsubset-specific
parametersandproducederroneousthresholdestimationfor
otherscans.Werefrainedfromusingamorecomplexap-
proachinthebimodalsubsetfornow.ThecurrentATS
method,therefore,overestimatedthethresholdanddidnot
identifythefullwakeinabout8%ofthebimodalcases.

7Conclusions

Wedevelopedasetofmethodstoanalyzelidarscansfor
wakeidentificationandcharacterization.Duringthestudy,
wefocusedontheproceduresthatwouldautomaticallypro-
cessalargedatasetandprimarilyrelyontheinformation
containedinthelidardataorsitecharacteristicssuchasli-
darandwindturbinepositions.Tostructuretheanalysisof
theresults,wesplitourdatasetintoseveralsubsets,group-
ingthescanswithsimilarcharacteristics.Whiletheclassi-
ficationcouldbeperformedbasedonthewinddirectionor
visualinspection,weintroducedentropyasacriterionto
reflecttheflowcharacteristics.Whencalculatedintheaz-
imuthalorradialdirection,Shannonentropyissensitiveto
thedisturbancescausedbywakesandallowsscanclassifi-
cationifthewinddirectionisunknown.Theentropyvalues
alsohighlightedthelidarscansthatwereunsuitableforthe
analysisduetothehighnumberofnon-physicalmeasure-
mentscausedbythecrosswindeffects.Theclassificationby
entropycriteriaintroducedinthestudywasnotyetusedto
applyscan-specificcorrectionsduringthethresholding.
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Figure24.Scan553(bimodalsubset).(a)Intensityhistogramof
thenormalizeddata,(b)theATSmethodsearchforthethresholds,
and(c)thresholdedimage.
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tunitytoestimatetwothresholdsT2andT3inadditionto
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wake((T1+T3)/2)(Fig.24c).Thesplittingpointfallsap-
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WerantheATSmethodwithoutsubset-specificparam-
eters,meaningthatitalwaysestimatedonlyonethreshold
forthewakeidentification.Duringthethresholdestimation
(Sect.4.1),thecurrentalgorithmselectstheglobalmaximum
orminimumofthefirstandsecondderivatives,respectively.
Thefree-flowhistogrampeakusuallyresultsintheglobal
maximumofthefirstderivativeinourdatasetanddoesnot
affecttheperformanceoftheATSmethod.However,thelo-
calminimumvaluesofthesecondderivativeappeartobe
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(Fig.24b).Astrictthresholddoesnotdetectmostofthefar
wake,asshowninFig.24c.

AlessstrictthresholdT2couldbechosenbasedonthe
proximitytoT1asacontrolvalue.However,itwouldre-
quireanautomaticcheckofwhetheranotherlocalminimum
canproduceavalidthreshold.Theimplementationposeda
challengeifthecurrentalgorithmranwithoutsubset-specific
parametersandproducederroneousthresholdestimationfor
otherscans.Werefrainedfromusingamorecomplexap-
proachinthebimodalsubsetfornow.ThecurrentATS
method,therefore,overestimatedthethresholdanddidnot
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Figure24.Scan553(bimodalsubset).(a)Intensityhistogramof
thenormalizeddata,(b)theATSmethodsearchforthethresholds,
and(c)thresholdedimage.
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proximatelyatthedownstreamdistanceof4–5D,markinga
transitionfromtheneartofarwake.

WerantheATSmethodwithoutsubset-specificparam-
eters,meaningthatitalwaysestimatedonlyonethreshold
forthewakeidentification.Duringthethresholdestimation
(Sect.4.1),thecurrentalgorithmselectstheglobalmaximum
orminimumofthefirstandsecondderivatives,respectively.
Thefree-flowhistogrampeakusuallyresultsintheglobal
maximumofthefirstderivativeinourdatasetanddoesnot
affecttheperformanceoftheATSmethod.However,thelo-
calminimumvaluesofthesecondderivativeappeartobe
moresensitivetotheintensitydistribution.Relyingonthe
globalminimummayleadtoselectingastricterthresholdT3
(Fig.24b).Astrictthresholddoesnotdetectmostofthefar
wake,asshowninFig.24c.

AlessstrictthresholdT2couldbechosenbasedonthe
proximitytoT1asacontrolvalue.However,itwouldre-
quireanautomaticcheckofwhetheranotherlocalminimum
canproduceavalidthreshold.Theimplementationposeda
challengeifthecurrentalgorithmranwithoutsubset-specific
parametersandproducederroneousthresholdestimationfor
otherscans.Werefrainedfromusingamorecomplexap-
proachinthebimodalsubsetfornow.ThecurrentATS
method,therefore,overestimatedthethresholdanddidnot
identifythefullwakeinabout8%ofthebimodalcases.

7Conclusions

Wedevelopedasetofmethodstoanalyzelidarscansfor
wakeidentificationandcharacterization.Duringthestudy,
wefocusedontheproceduresthatwouldautomaticallypro-
cessalargedatasetandprimarilyrelyontheinformation
containedinthelidardataorsitecharacteristicssuchasli-
darandwindturbinepositions.Tostructuretheanalysisof
theresults,wesplitourdatasetintoseveralsubsets,group-
ingthescanswithsimilarcharacteristics.Whiletheclassi-
ficationcouldbeperformedbasedonthewinddirectionor
visualinspection,weintroducedentropyasacriterionto
reflecttheflowcharacteristics.Whencalculatedintheaz-
imuthalorradialdirection,Shannonentropyissensitiveto
thedisturbancescausedbywakesandallowsscanclassifi-
cationifthewinddirectionisunknown.Theentropyvalues
alsohighlightedthelidarscansthatwereunsuitableforthe
analysisduetothehighnumberofnon-physicalmeasure-
mentscausedbythecrosswindeffects.Theclassificationby
entropycriteriaintroducedinthestudywasnotyetusedto
applyscan-specificcorrectionsduringthethresholding.
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An existing automatic thresholding method, the deficit-
based method as referred to in the study, thresholds the wind
speed data at 95 % of the free-flow wind speed and was ini-
tially suggested for more regular wind tunnel wakes. The
reliance on the actual wind speed hinders the deficit-based
method performance on the lidar data – a retrieval proce-
dure should be applied to the measured radial velocity to
reconstruct the wind field. Additionally, the fixed ratio of
95 % does not regard the quality of a lidar scan. To overcome
these disadvantages, we proposed an automatic thresholding
method for wake identification, the ATS method, based on
the method for whitecap detection on the ocean surface. The
method did not require knowledge of the actual wind speed
and could be applied to the radial velocity data. The prepara-
tory step applied normalization through scaling data to the
range of [0, 1], thus requiring the removal of outliers during
the lidar scan preprocessing.

The comparison to the manual thresholding showed that
the ATS method generally performed better than the deficit-
based method and on the par with manual wake identifi-
cation, which opened a possibility to use it when manual
thresholding is infeasible.

We also described an automatic method for the wake
centerline search from the thresholded data. The centerline
search could run without wind direction provided by making
a rough approximation of the wake direction. However, the
current algorithm processes only the first continuous shape,
limiting the application to the wind fields with little noise and
obstructing the wake identification.

We compared the centerline found from the thresholded
data to the Gaussian fit method. Although the Gaussian
method performance on the lidar scans was not as good as
on the LES data, the wake characterization in the near-wake
region showed an agreement between the methods with re-
spect to the manual centerline detection. At the same time,
the accuracy of both Gaussian and ATS-based methods de-
creased in the far-wake region, especially for noisy data or in
the case of wake–wake interaction. In the latter case, the ATS
method often identified two wakes as a single shape, affect-
ing the centerline search algorithm. The algorithm performs
better when the wake directly hits the downstream wind tur-
bine – the merged wakes can be considered one wake and
have a common centerline. When the wakes are forming side
by side and get close to each other, the threshold may need
additional adjustment until the identified wake shape is split.

The results showed that automatic thresholding from the
intensity histogram was viable for the wake identification
not only for the LES but also lidar data. We see a potential
to improve the wake characterization algorithm to detect the
centerline of the whole wake and plan to present it in future
studies.

Figure A1. Comparison of the intensity distribution in the origi-
nal (raw) data and image plotted using Python Matplotlib with dif-
ferent grayscale color maps.

Appendix A: Image data processing

An image has several properties which may affect the al-
gorithm performance compared to the use of the raw wind
speed data.

1. Image resolution in dots per inch (dpi). The resolution
of 72 dpi transforms an original data point into an image
pixel as one-to-one approximately. Higher resolution in-
creases the number of pixels per data point. Lower res-
olution merges several data points into one pixel.

2. Color map. The ATS method relies on the image
grayscale intensity as an input. A non-grayscale im-
age can be desaturated, but the color map of the orig-
inal image then should be sequential rather than per-
ceptually uniform or diverging. For the latter, the con-
version to the grayscale gradually reduces the contrast
between high and low values, making the wake identifi-
cation impossible. Additionally, several grayscale color
maps exist. Depending on the color map, the intensity
histogram of an image may shift to the left or right com-
pared to the raw data. We observed this effect when the
“Greys” color map of the Python Matplotlib (Caswell
et al., 2021) library was used. This color map empha-
sizes light tones; as a result, the intensity histogram peak
slightly shifts to the right, although the general shape of
the peak is preserved (Fig. A1). The color maps “bi-
nary” or “gray” from the same library return the result
that follows the original data.

3. Image intensity. As processed by Python, the values are
rounded up to second digits, and some are assigned to
different bins compared to the original data. The his-
togram and CDF have stronger oscillations than the raw
data (Fig. A1) and require smoothing before the appli-
cation of the ATS method.

Running an automated threshold detection on the image
raises another question: how much does the image resolution
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Anexistingautomaticthresholdingmethod,thedeficit-
basedmethodasreferredtointhestudy,thresholdsthewind
speeddataat95%ofthefree-flowwindspeedandwasini-
tiallysuggestedformoreregularwindtunnelwakes.The
relianceontheactualwindspeedhindersthedeficit-based
methodperformanceonthelidardata–aretrievalproce-
dureshouldbeappliedtothemeasuredradialvelocityto
reconstructthewindfield.Additionally,thefixedratioof
95%doesnotregardthequalityofalidarscan.Toovercome
thesedisadvantages,weproposedanautomaticthresholding
methodforwakeidentification,theATSmethod,basedon
themethodforwhitecapdetectionontheoceansurface.The
methoddidnotrequireknowledgeoftheactualwindspeed
andcouldbeappliedtotheradialvelocitydata.Theprepara-
torystepappliednormalizationthroughscalingdatatothe
rangeof[0,1],thusrequiringtheremovalofoutliersduring
thelidarscanpreprocessing.

Thecomparisontothemanualthresholdingshowedthat
theATSmethodgenerallyperformedbetterthanthedeficit-
basedmethodandontheparwithmanualwakeidentifi-
cation,whichopenedapossibilitytouseitwhenmanual
thresholdingisinfeasible.

Wealsodescribedanautomaticmethodforthewake
centerlinesearchfromthethresholdeddata.Thecenterline
searchcouldrunwithoutwinddirectionprovidedbymaking
aroughapproximationofthewakedirection.However,the
currentalgorithmprocessesonlythefirstcontinuousshape,
limitingtheapplicationtothewindfieldswithlittlenoiseand
obstructingthewakeidentification.

Wecomparedthecenterlinefoundfromthethresholded
datatotheGaussianfitmethod.AlthoughtheGaussian
methodperformanceonthelidarscanswasnotasgoodas
ontheLESdata,thewakecharacterizationinthenear-wake
regionshowedanagreementbetweenthemethodswithre-
specttothemanualcenterlinedetection.Atthesametime,
theaccuracyofbothGaussianandATS-basedmethodsde-
creasedinthefar-wakeregion,especiallyfornoisydataorin
thecaseofwake–wakeinteraction.Inthelattercase,theATS
methodoftenidentifiedtwowakesasasingleshape,affect-
ingthecenterlinesearchalgorithm.Thealgorithmperforms
betterwhenthewakedirectlyhitsthedownstreamwindtur-
bine–themergedwakescanbeconsideredonewakeand
haveacommoncenterline.Whenthewakesareformingside
bysideandgetclosetoeachother,thethresholdmayneed
additionaladjustmentuntiltheidentifiedwakeshapeissplit.

Theresultsshowedthatautomaticthresholdingfromthe
intensityhistogramwasviableforthewakeidentification
notonlyfortheLESbutalsolidardata.Weseeapotential
toimprovethewakecharacterizationalgorithmtodetectthe
centerlineofthewholewakeandplantopresentitinfuture
studies.

FigureA1.Comparisonoftheintensitydistributionintheorigi-
nal(raw)dataandimageplottedusingPythonMatplotlibwithdif-
ferentgrayscalecolormaps.

AppendixA:Imagedataprocessing

Animagehasseveralpropertieswhichmayaffecttheal-
gorithmperformancecomparedtotheuseoftherawwind
speeddata.

1.Imageresolutionindotsperinch(dpi).Theresolution
of72dpitransformsanoriginaldatapointintoanimage
pixelasone-to-oneapproximately.Higherresolutionin-
creasesthenumberofpixelsperdatapoint.Lowerres-
olutionmergesseveraldatapointsintoonepixel.

2.Colormap.TheATSmethodreliesontheimage
grayscaleintensityasaninput.Anon-grayscaleim-
agecanbedesaturated,butthecolormapoftheorig-
inalimagethenshouldbesequentialratherthanper-
ceptuallyuniformordiverging.Forthelatter,thecon-
versiontothegrayscalegraduallyreducesthecontrast
betweenhighandlowvalues,makingthewakeidentifi-
cationimpossible.Additionally,severalgrayscalecolor
mapsexist.Dependingonthecolormap,theintensity
histogramofanimagemayshifttotheleftorrightcom-
paredtotherawdata.Weobservedthiseffectwhenthe
“Greys”colormapofthePythonMatplotlib(Caswell
etal.,2021)librarywasused.Thiscolormapempha-
sizeslighttones;asaresult,theintensityhistogrampeak
slightlyshiftstotheright,althoughthegeneralshapeof
thepeakispreserved(Fig.A1).Thecolormaps“bi-
nary”or“gray”fromthesamelibraryreturntheresult
thatfollowstheoriginaldata.

3.Imageintensity.AsprocessedbyPython,thevaluesare
roundeduptoseconddigits,andsomeareassignedto
differentbinscomparedtotheoriginaldata.Thehis-
togramandCDFhavestrongeroscillationsthantheraw
data(Fig.A1)andrequiresmoothingbeforetheappli-
cationoftheATSmethod.

Runninganautomatedthresholddetectionontheimage
raisesanotherquestion:howmuchdoestheimageresolution
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An existing automatic thresholding method, the deficit-
based method as referred to in the study, thresholds the wind
speed data at 95 % of the free-flow wind speed and was ini-
tially suggested for more regular wind tunnel wakes. The
reliance on the actual wind speed hinders the deficit-based
method performance on the lidar data – a retrieval proce-
dure should be applied to the measured radial velocity to
reconstruct the wind field. Additionally, the fixed ratio of
95 % does not regard the quality of a lidar scan. To overcome
these disadvantages, we proposed an automatic thresholding
method for wake identification, the ATS method, based on
the method for whitecap detection on the ocean surface. The
method did not require knowledge of the actual wind speed
and could be applied to the radial velocity data. The prepara-
tory step applied normalization through scaling data to the
range of [0, 1], thus requiring the removal of outliers during
the lidar scan preprocessing.

The comparison to the manual thresholding showed that
the ATS method generally performed better than the deficit-
based method and on the par with manual wake identifi-
cation, which opened a possibility to use it when manual
thresholding is infeasible.

We also described an automatic method for the wake
centerline search from the thresholded data. The centerline
search could run without wind direction provided by making
a rough approximation of the wake direction. However, the
current algorithm processes only the first continuous shape,
limiting the application to the wind fields with little noise and
obstructing the wake identification.

We compared the centerline found from the thresholded
data to the Gaussian fit method. Although the Gaussian
method performance on the lidar scans was not as good as
on the LES data, the wake characterization in the near-wake
region showed an agreement between the methods with re-
spect to the manual centerline detection. At the same time,
the accuracy of both Gaussian and ATS-based methods de-
creased in the far-wake region, especially for noisy data or in
the case of wake–wake interaction. In the latter case, the ATS
method often identified two wakes as a single shape, affect-
ing the centerline search algorithm. The algorithm performs
better when the wake directly hits the downstream wind tur-
bine – the merged wakes can be considered one wake and
have a common centerline. When the wakes are forming side
by side and get close to each other, the threshold may need
additional adjustment until the identified wake shape is split.

The results showed that automatic thresholding from the
intensity histogram was viable for the wake identification
not only for the LES but also lidar data. We see a potential
to improve the wake characterization algorithm to detect the
centerline of the whole wake and plan to present it in future
studies.

Figure A1. Comparison of the intensity distribution in the origi-
nal (raw) data and image plotted using Python Matplotlib with dif-
ferent grayscale color maps.

Appendix A: Image data processing

An image has several properties which may affect the al-
gorithm performance compared to the use of the raw wind
speed data.

1. Image resolution in dots per inch (dpi). The resolution
of 72 dpi transforms an original data point into an image
pixel as one-to-one approximately. Higher resolution in-
creases the number of pixels per data point. Lower res-
olution merges several data points into one pixel.

2. Color map. The ATS method relies on the image
grayscale intensity as an input. A non-grayscale im-
age can be desaturated, but the color map of the orig-
inal image then should be sequential rather than per-
ceptually uniform or diverging. For the latter, the con-
version to the grayscale gradually reduces the contrast
between high and low values, making the wake identifi-
cation impossible. Additionally, several grayscale color
maps exist. Depending on the color map, the intensity
histogram of an image may shift to the left or right com-
pared to the raw data. We observed this effect when the
“Greys” color map of the Python Matplotlib (Caswell
et al., 2021) library was used. This color map empha-
sizes light tones; as a result, the intensity histogram peak
slightly shifts to the right, although the general shape of
the peak is preserved (Fig. A1). The color maps “bi-
nary” or “gray” from the same library return the result
that follows the original data.

3. Image intensity. As processed by Python, the values are
rounded up to second digits, and some are assigned to
different bins compared to the original data. The his-
togram and CDF have stronger oscillations than the raw
data (Fig. A1) and require smoothing before the appli-
cation of the ATS method.

Running an automated threshold detection on the image
raises another question: how much does the image resolution
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Running an automated threshold detection on the image
raises another question: how much does the image resolution
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3.Imageintensity.AsprocessedbyPython,thevaluesare
roundeduptoseconddigits,andsomeareassignedto
differentbinscomparedtotheoriginaldata.Thehis-
togramandCDFhavestrongeroscillationsthantheraw
data(Fig.A1)andrequiresmoothingbeforetheappli-
cationoftheATSmethod.

Runninganautomatedthresholddetectionontheimage
raisesanotherquestion:howmuchdoestheimageresolution
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Figure A2. (a, b) Normalized wind speed data with far wakes high-
lighted and (c, d) corresponding grayscale intensity histograms of
the lidar scan 551.

affect the identification accuracy compared to the raw data.
We apply the ATS algorithm to raw and image data under
different resolutions: 72, 150, and 300 dpi. We observe little
influence from the image resolution, except for a few LES
cases, where the low resolution of 72 dpi affected the thresh-
old detection. In those cases, the detected threshold is lower
than in fine-resolution cases, and, therefore, a larger shape
is identified as a wake. The image resolution of 150 dpi and
above agrees well with the wake identification from the raw
data. The general shape of an image intensity histogram does
not depend on the image resolution. The image resolution of
150 dpi or higher is recommended for use, although 72 dpi
also produces good detection results.

In the case of lidar measurements, the wake identification
from the image data can be performed in two ways: by plot-
ting the original data in either polar or Cartesian coordinates.
The wake identification from the polar coordinate image does
not bear a notable difference from the raw data, apart from
the aforementioned specifics of the image resolution and in-
tensity. However, if the lidar data are plotted in the Cartesian
coordinates as a scanned sector, the lidar close and far ranges
get distorted, affecting the percentage of the area covered by
the wakes and, consequently, the histogram shape.

The effect is most pronounced when the wind blows to-
wards the lidar. As described in the subset overview in
Sect. 3.2, this wind direction and wake behavior result in
the bimodal intensity histogram. The leftmost high peak con-
tains points from the free flow, while the second low peak
accumulates points from the far wake. The second peak gets

smoothed when the input data are changed from the normal-
ized wind speed to the grayscale image plotted in Cartesian
coordinates. As can be seen from the comparison (Fig. A2),
the lower peak corresponds to the data in the lidar’s close
range. After the conversion to the Cartesian coordinates, the
close range area shrinks significantly, while the free-flow
area on the far lidar range enlarges. The transition between
coordinate systems changes the balance between wake and
free-flow pixels and virtually increases the share of the latter.

Code and data availability. The Python code for wake
identification using the ATS method, centerline detection
and a sample lidar data set are available upon request at
https://doi.org/10.5281/zenodo.5888236 (Krutova, 2022b).

Video supplement. The videos https://doi.org/10.5446/54055
(Krutova, 2021) and https://doi.org/10.5446/56710 (Krutova,
2022a) demonstrates wake identification results for all lidar scans
in the data set. No post-processing is performed after running the
ATS algorithm.

Author contributions. MK adapted the image processing algo-
rithm developed by MBP to the wake identification, expanded the
algorithm with the centerline characterization code, and performed
analysis of the wake identification and characterization. MBP pro-
vided further guidance on the image processing techniques. JR pro-
vided information on the lidar setup and explanation of the dis-
crepancies between reference and lidar data. FGN consulted on the
method practical application. All authors contributed to the proof-
reading and correcting the article draft.
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FigureA2.(a,b)Normalizedwindspeeddatawithfarwakeshigh-
lightedand(c,d)correspondinggrayscaleintensityhistogramsof
thelidarscan551.

affecttheidentificationaccuracycomparedtotherawdata.
WeapplytheATSalgorithmtorawandimagedataunder
differentresolutions:72,150,and300dpi.Weobservelittle
influencefromtheimageresolution,exceptforafewLES
cases,wherethelowresolutionof72dpiaffectedthethresh-
olddetection.Inthosecases,thedetectedthresholdislower
thaninfine-resolutioncases,and,therefore,alargershape
isidentifiedasawake.Theimageresolutionof150dpiand
aboveagreeswellwiththewakeidentificationfromtheraw
data.Thegeneralshapeofanimageintensityhistogramdoes
notdependontheimageresolution.Theimageresolutionof
150dpiorhigherisrecommendedforuse,although72dpi
alsoproducesgooddetectionresults.
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lightedand(c,d)correspondinggrayscaleintensityhistogramsof
thelidarscan551.

affecttheidentificationaccuracycomparedtotherawdata.
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differentresolutions:72,150,and300dpi.Weobservelittle
influencefromtheimageresolution,exceptforafewLES
cases,wherethelowresolutionof72dpiaffectedthethresh-
olddetection.Inthosecases,thedetectedthresholdislower
thaninfine-resolutioncases,and,therefore,alargershape
isidentifiedasawake.Theimageresolutionof150dpiand
aboveagreeswellwiththewakeidentificationfromtheraw
data.Thegeneralshapeofanimageintensityhistogramdoes
notdependontheimageresolution.Theimageresolutionof
150dpiorhigherisrecommendedforuse,although72dpi
alsoproducesgooddetectionresults.

Inthecaseoflidarmeasurements,thewakeidentification
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Sect.3.2,thiswinddirectionandwakebehaviorresultin
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coordinates.Ascanbeseenfromthecomparison(Fig.A2),
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Figure A2. (a, b) Normalized wind speed data with far wakes high-
lighted and (c, d) corresponding grayscale intensity histograms of
the lidar scan 551.

affect the identification accuracy compared to the raw data.
We apply the ATS algorithm to raw and image data under
different resolutions: 72, 150, and 300 dpi. We observe little
influence from the image resolution, except for a few LES
cases, where the low resolution of 72 dpi affected the thresh-
old detection. In those cases, the detected threshold is lower
than in fine-resolution cases, and, therefore, a larger shape
is identified as a wake. The image resolution of 150 dpi and
above agrees well with the wake identification from the raw
data. The general shape of an image intensity histogram does
not depend on the image resolution. The image resolution of
150 dpi or higher is recommended for use, although 72 dpi
also produces good detection results.

In the case of lidar measurements, the wake identification
from the image data can be performed in two ways: by plot-
ting the original data in either polar or Cartesian coordinates.
The wake identification from the polar coordinate image does
not bear a notable difference from the raw data, apart from
the aforementioned specifics of the image resolution and in-
tensity. However, if the lidar data are plotted in the Cartesian
coordinates as a scanned sector, the lidar close and far ranges
get distorted, affecting the percentage of the area covered by
the wakes and, consequently, the histogram shape.

The effect is most pronounced when the wind blows to-
wards the lidar. As described in the subset overview in
Sect. 3.2, this wind direction and wake behavior result in
the bimodal intensity histogram. The leftmost high peak con-
tains points from the free flow, while the second low peak
accumulates points from the far wake. The second peak gets

smoothed when the input data are changed from the normal-
ized wind speed to the grayscale image plotted in Cartesian
coordinates. As can be seen from the comparison (Fig. A2),
the lower peak corresponds to the data in the lidar’s close
range. After the conversion to the Cartesian coordinates, the
close range area shrinks significantly, while the free-flow
area on the far lidar range enlarges. The transition between
coordinate systems changes the balance between wake and
free-flow pixels and virtually increases the share of the latter.

Code and data availability. The Python code for wake
identification using the ATS method, centerline detection
and a sample lidar data set are available upon request at
https://doi.org/10.5281/zenodo.5888236 (Krutova, 2022b).

Video supplement. The videos https://doi.org/10.5446/54055
(Krutova, 2021) and https://doi.org/10.5446/56710 (Krutova,
2022a) demonstrates wake identification results for all lidar scans
in the data set. No post-processing is performed after running the
ATS algorithm.
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Figure A2. (a, b) Normalized wind speed data with far wakes high-
lighted and (c, d) corresponding grayscale intensity histograms of
the lidar scan 551.
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tains points from the free flow, while the second low peak
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free-flow pixels and virtually increases the share of the latter.
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FigureA2.(a,b)Normalizedwindspeeddatawithfarwakeshigh-
lightedand(c,d)correspondinggrayscaleintensityhistogramsof
thelidarscan551.

affecttheidentificationaccuracycomparedtotherawdata.
WeapplytheATSalgorithmtorawandimagedataunder
differentresolutions:72,150,and300dpi.Weobservelittle
influencefromtheimageresolution,exceptforafewLES
cases,wherethelowresolutionof72dpiaffectedthethresh-
olddetection.Inthosecases,thedetectedthresholdislower
thaninfine-resolutioncases,and,therefore,alargershape
isidentifiedasawake.Theimageresolutionof150dpiand
aboveagreeswellwiththewakeidentificationfromtheraw
data.Thegeneralshapeofanimageintensityhistogramdoes
notdependontheimageresolution.Theimageresolutionof
150dpiorhigherisrecommendedforuse,although72dpi
alsoproducesgooddetectionresults.

Inthecaseoflidarmeasurements,thewakeidentification
fromtheimagedatacanbeperformedintwoways:byplot-
tingtheoriginaldataineitherpolarorCartesiancoordinates.
Thewakeidentificationfromthepolarcoordinateimagedoes
notbearanotabledifferencefromtherawdata,apartfrom
theaforementionedspecificsoftheimageresolutionandin-
tensity.However,ifthelidardataareplottedintheCartesian
coordinatesasascannedsector,thelidarcloseandfarranges
getdistorted,affectingthepercentageoftheareacoveredby
thewakesand,consequently,thehistogramshape.

Theeffectismostpronouncedwhenthewindblowsto-
wardsthelidar.Asdescribedinthesubsetoverviewin
Sect.3.2,thiswinddirectionandwakebehaviorresultin
thebimodalintensityhistogram.Theleftmosthighpeakcon-
tainspointsfromthefreeflow,whilethesecondlowpeak
accumulatespointsfromthefarwake.Thesecondpeakgets

smoothedwhentheinputdataarechangedfromthenormal-
izedwindspeedtothegrayscaleimageplottedinCartesian
coordinates.Ascanbeseenfromthecomparison(Fig.A2),
thelowerpeakcorrespondstothedatainthelidar’sclose
range.AftertheconversiontotheCartesiancoordinates,the
closerangeareashrinkssignificantly,whilethefree-flow
areaonthefarlidarrangeenlarges.Thetransitionbetween
coordinatesystemschangesthebalancebetweenwakeand
free-flowpixelsandvirtuallyincreasestheshareofthelatter.

Codeanddataavailability.ThePythoncodeforwake
identificationusingtheATSmethod,centerlinedetection
andasamplelidardatasetareavailableuponrequestat
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Gronemeier,T.,Groß,G.,Heldens,W.,Hellsten,A.,Hoff-
mann,F.,Inagaki,A.,Kadasch,E.,Kanani-Sühring,F.,Ke-
telsen,K.,Khan,B.A.,Knigge,C.,Knoop,H.,Krč,P.,Kurppa,
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Abstract

A scanning lidar measures a projection of the actual wind speed to the line-of-sight. Re-

construction of the original field is possible via various retrieval algorithms, especially if

several lidars are deployed in the area. However, this may not be the case due to financial

constraints. Additionally, conventional algorithms like Volume Velocity Processing (VVP)

do not perform well for non-homogeneous flow fields, e.g., smooth wind turbine wakes in a

retrieved field. A 2D-VAR algorithm using VVP as an intermediate step was suggested al-

lowing the retrieval for consecutive scans at a low elevation angle. We validate this algorithm

for scans containing prominent wakes under elevation angles within 5° using FINO1 mast

and supervisory control and data acquisition (SCADA) data.

We show that prominent wakes scanned at the hub height introduce substantial distur-

bances in the VVP retrieval output and affect the retrieved field. The unwanted disturbance

may be overcome by masking the wakes. In point measurements, the wind speed magnitude

is retrieved with an acceptable accuracy, but the wind direction appears to be sensitive to

the weights and initial guess chosen. According to our sensitivity analysis, the weight as-

signed to the radial velocity residuals affects the outcome most, while other weights act as

corrections.

KEYWORDS:

lidar retrieval; wind turbine wake; wind farm

1 INTRODUCTION

Wind lidar systems, with their capability to measure the wind field remotely, have become a common measurement technology in atmospheric
boundary layer research 1,2,3. In particular, the wind energy meteorology has utilized this measurement technology extensively during the last
decade 4. The potential of lidar application is already shown for wake dynamic studying 5, turbulence 6,7 and power curve measurements 8,9 or data
assimilation for a WRF model 10. Processing the data in real-time opens a possibility of using lidars in short-term forecasting, e.g., for pitch 11 or
yaw 12 control. 2D velocity fields obtained with a scanning lidar are particularly interesting for wake identification and characterization 13,14 or
validation of large-eddy simulations (LES) 15.

Unlike sonic or cup anemometers, scanning lidars do not measure the wind speed directly but only its projection to the line-of-sight – the radial
velocity. Hence, characterizing wakes with a scanning lidar without additional processing is effective only if the wakes are aligned with the lidar’s
line-of-sight. Retrieving the original wind speed and direction may be complicated when only one lidar is deployed at the site. Certain widely used
algorithms require a specific scanning procedure not compatible with a 2D plane scanning. E.g., Velocity Azimuth Display (VAD) operates on conical
360° scans 16. Its derivative, Doppler Beam Swinging (DBS), fetches the radial velocity from beams shoot in four directions at 30° angle from
vertical. Another algorithm, Volume Velocity Processing (VVP), may be used with a scanning lidar for retrieval 17 but assumes a homogeneous flow
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A scanning lidar measures a projection of the actual wind speed to the line-of-sight. Re-

construction of the original field is possible via various retrieval algorithms, especially if

several lidars are deployed in the area. However, this may not be the case due to financial

constraints. Additionally, conventional algorithms like Volume Velocity Processing (VVP)

do not perform well for non-homogeneous flow fields, e.g., smooth wind turbine wakes in a

retrieved field. A 2D-VAR algorithm using VVP as an intermediate step was suggested al-

lowing the retrieval for consecutive scans at a low elevation angle. We validate this algorithm

for scans containing prominent wakes under elevation angles within 5° using FINO1 mast

and supervisory control and data acquisition (SCADA) data.

We show that prominent wakes scanned at the hub height introduce substantial distur-

bances in the VVP retrieval output and affect the retrieved field. The unwanted disturbance

may be overcome by masking the wakes. In point measurements, the wind speed magnitude

is retrieved with an acceptable accuracy, but the wind direction appears to be sensitive to

the weights and initial guess chosen. According to our sensitivity analysis, the weight as-

signed to the radial velocity residuals affects the outcome most, while other weights act as

corrections.
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1 INTRODUCTION

Wind lidar systems, with their capability to measure the wind field remotely, have become a common measurement technology in atmospheric
boundary layer research 1,2,3. In particular, the wind energy meteorology has utilized this measurement technology extensively during the last
decade 4. The potential of lidar application is already shown for wake dynamic studying 5, turbulence 6,7 and power curve measurements 8,9 or data
assimilation for a WRF model 10. Processing the data in real-time opens a possibility of using lidars in short-term forecasting, e.g., for pitch 11 or
yaw 12 control. 2D velocity fields obtained with a scanning lidar are particularly interesting for wake identification and characterization 13,14 or
validation of large-eddy simulations (LES) 15.

Unlike sonic or cup anemometers, scanning lidars do not measure the wind speed directly but only its projection to the line-of-sight – the radial
velocity. Hence, characterizing wakes with a scanning lidar without additional processing is effective only if the wakes are aligned with the lidar’s
line-of-sight. Retrieving the original wind speed and direction may be complicated when only one lidar is deployed at the site. Certain widely used
algorithms require a specific scanning procedure not compatible with a 2D plane scanning. E.g., Velocity Azimuth Display (VAD) operates on conical
360° scans 16. Its derivative, Doppler Beam Swinging (DBS), fetches the radial velocity from beams shoot in four directions at 30° angle from
vertical. Another algorithm, Volume Velocity Processing (VVP), may be used with a scanning lidar for retrieval 17 but assumes a homogeneous flow

Received: Added at production Revised: Added at production Accepted: Added at production

DOI: xxx/xxxx

RESEARCH ARTICLE

Validation of the 2D-VAR lidar retrieval algorithm for
non-homogeneous wind fields using FINO1 and SCADA data

Maria Krutova* | Mostafa Bakhoday-Paskyabi | Joachim Reuder

1Geophysical Institute and Bergen
Offshore Wind Center (BOW),
University of Bergen, Allégaten 77,
Bergen 5007, Vestlandet, Norway

Correspondence
*Maria Krutova, Geophysical Institute
and Bergen Offshore Wind Center,
University of Bergen, Allégaten 77,
Bergen 5007, Vestlandet, Norway Email:
Maria.Krutova@uib.no

Abstract

A scanning lidar measures a projection of the actual wind speed to the line-of-sight. Re-

construction of the original field is possible via various retrieval algorithms, especially if

several lidars are deployed in the area. However, this may not be the case due to financial

constraints. Additionally, conventional algorithms like Volume Velocity Processing (VVP)

do not perform well for non-homogeneous flow fields, e.g., smooth wind turbine wakes in a

retrieved field. A 2D-VAR algorithm using VVP as an intermediate step was suggested al-

lowing the retrieval for consecutive scans at a low elevation angle. We validate this algorithm

for scans containing prominent wakes under elevation angles within 5° using FINO1 mast

and supervisory control and data acquisition (SCADA) data.

We show that prominent wakes scanned at the hub height introduce substantial distur-

bances in the VVP retrieval output and affect the retrieved field. The unwanted disturbance

may be overcome by masking the wakes. In point measurements, the wind speed magnitude

is retrieved with an acceptable accuracy, but the wind direction appears to be sensitive to

the weights and initial guess chosen. According to our sensitivity analysis, the weight as-

signed to the radial velocity residuals affects the outcome most, while other weights act as

corrections.

KEYWORDS:

lidar retrieval; wind turbine wake; wind farm

1 INTRODUCTION

Wind lidar systems, with their capability to measure the wind field remotely, have become a common measurement technology in atmospheric
boundary layer research 1,2,3. In particular, the wind energy meteorology has utilized this measurement technology extensively during the last
decade 4. The potential of lidar application is already shown for wake dynamic studying 5, turbulence 6,7 and power curve measurements 8,9 or data
assimilation for a WRF model 10. Processing the data in real-time opens a possibility of using lidars in short-term forecasting, e.g., for pitch 11 or
yaw 12 control. 2D velocity fields obtained with a scanning lidar are particularly interesting for wake identification and characterization 13,14 or
validation of large-eddy simulations (LES) 15.

Unlike sonic or cup anemometers, scanning lidars do not measure the wind speed directly but only its projection to the line-of-sight – the radial
velocity. Hence, characterizing wakes with a scanning lidar without additional processing is effective only if the wakes are aligned with the lidar’s
line-of-sight. Retrieving the original wind speed and direction may be complicated when only one lidar is deployed at the site. Certain widely used
algorithms require a specific scanning procedure not compatible with a 2D plane scanning. E.g., Velocity Azimuth Display (VAD) operates on conical
360° scans 16. Its derivative, Doppler Beam Swinging (DBS), fetches the radial velocity from beams shoot in four directions at 30° angle from
vertical. Another algorithm, Volume Velocity Processing (VVP), may be used with a scanning lidar for retrieval 17 but assumes a homogeneous flow

Received:AddedatproductionRevised:AddedatproductionAccepted:Addedatproduction

DOI:xxx/xxxx

RESEARCHARTICLE

Validationofthe2D-VARlidarretrievalalgorithmfor
non-homogeneouswindfieldsusingFINO1andSCADAdata

MariaKrutova*|MostafaBakhoday-Paskyabi|JoachimReuder

1GeophysicalInstituteandBergen
OffshoreWindCenter(BOW),
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,Norway

Correspondence
*MariaKrutova,GeophysicalInstitute
andBergenOffshoreWindCenter,
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,NorwayEmail:
Maria.Krutova@uib.no

Abstract

Ascanninglidarmeasuresaprojectionoftheactualwindspeedtotheline-of-sight.Re-

constructionoftheoriginalfieldispossibleviavariousretrievalalgorithms,especiallyif

severallidarsaredeployedinthearea.However,thismaynotbethecaseduetofinancial

constraints.Additionally,conventionalalgorithmslikeVolumeVelocityProcessing(VVP)

donotperformwellfornon-homogeneousflowfields,e.g.,smoothwindturbinewakesina

retrievedfield.A2D-VARalgorithmusingVVPasanintermediatestepwassuggestedal-

lowingtheretrievalforconsecutivescansatalowelevationangle.Wevalidatethisalgorithm

forscanscontainingprominentwakesunderelevationangleswithin5°usingFINO1mast

andsupervisorycontrolanddataacquisition(SCADA)data.

Weshowthatprominentwakesscannedatthehubheightintroducesubstantialdistur-

bancesintheVVPretrievaloutputandaffecttheretrievedfield.Theunwanteddisturbance

maybeovercomebymaskingthewakes.Inpointmeasurements,thewindspeedmagnitude

isretrievedwithanacceptableaccuracy,butthewinddirectionappearstobesensitiveto

theweightsandinitialguesschosen.Accordingtooursensitivityanalysis,theweightas-

signedtotheradialvelocityresidualsaffectstheoutcomemost,whileotherweightsactas

corrections.

KEYWORDS:

lidarretrieval;windturbinewake;windfarm

1INTRODUCTION

Windlidarsystems,withtheircapabilitytomeasurethewindfieldremotely,havebecomeacommonmeasurementtechnologyinatmospheric
boundarylayerresearch1,2,3.Inparticular,thewindenergymeteorologyhasutilizedthismeasurementtechnologyextensivelyduringthelast
decade4.Thepotentialoflidarapplicationisalreadyshownforwakedynamicstudying5,turbulence6,7andpowercurvemeasurements8,9ordata
assimilationforaWRFmodel10.Processingthedatainreal-timeopensapossibilityofusinglidarsinshort-termforecasting,e.g.,forpitch11or
yaw12control.2Dvelocityfieldsobtainedwithascanninglidarareparticularlyinterestingforwakeidentificationandcharacterization13,14or
validationoflarge-eddysimulations(LES)15.

Unlikesonicorcupanemometers,scanninglidarsdonotmeasurethewindspeeddirectlybutonlyitsprojectiontotheline-of-sight–theradial
velocity.Hence,characterizingwakeswithascanninglidarwithoutadditionalprocessingiseffectiveonlyifthewakesarealignedwiththelidar’s
line-of-sight.Retrievingtheoriginalwindspeedanddirectionmaybecomplicatedwhenonlyonelidarisdeployedatthesite.Certainwidelyused
algorithmsrequireaspecificscanningprocedurenotcompatiblewitha2Dplanescanning.E.g.,VelocityAzimuthDisplay(VAD)operatesonconical
360°scans16.Itsderivative,DopplerBeamSwinging(DBS),fetchestheradialvelocityfrombeamsshootinfourdirectionsat30°anglefrom
vertical.Anotheralgorithm,VolumeVelocityProcessing(VVP),maybeusedwithascanninglidarforretrieval17butassumesahomogeneousflow

Received:AddedatproductionRevised:AddedatproductionAccepted:Addedatproduction

DOI:xxx/xxxx

RESEARCHARTICLE

Validationofthe2D-VARlidarretrievalalgorithmfor
non-homogeneouswindfieldsusingFINO1andSCADAdata

MariaKrutova*|MostafaBakhoday-Paskyabi|JoachimReuder

1GeophysicalInstituteandBergen
OffshoreWindCenter(BOW),
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,Norway

Correspondence
*MariaKrutova,GeophysicalInstitute
andBergenOffshoreWindCenter,
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,NorwayEmail:
Maria.Krutova@uib.no

Abstract

Ascanninglidarmeasuresaprojectionoftheactualwindspeedtotheline-of-sight.Re-

constructionoftheoriginalfieldispossibleviavariousretrievalalgorithms,especiallyif

severallidarsaredeployedinthearea.However,thismaynotbethecaseduetofinancial

constraints.Additionally,conventionalalgorithmslikeVolumeVelocityProcessing(VVP)

donotperformwellfornon-homogeneousflowfields,e.g.,smoothwindturbinewakesina

retrievedfield.A2D-VARalgorithmusingVVPasanintermediatestepwassuggestedal-

lowingtheretrievalforconsecutivescansatalowelevationangle.Wevalidatethisalgorithm

forscanscontainingprominentwakesunderelevationangleswithin5°usingFINO1mast

andsupervisorycontrolanddataacquisition(SCADA)data.

Weshowthatprominentwakesscannedatthehubheightintroducesubstantialdistur-

bancesintheVVPretrievaloutputandaffecttheretrievedfield.Theunwanteddisturbance

maybeovercomebymaskingthewakes.Inpointmeasurements,thewindspeedmagnitude

isretrievedwithanacceptableaccuracy,butthewinddirectionappearstobesensitiveto

theweightsandinitialguesschosen.Accordingtooursensitivityanalysis,theweightas-

signedtotheradialvelocityresidualsaffectstheoutcomemost,whileotherweightsactas

corrections.

KEYWORDS:

lidarretrieval;windturbinewake;windfarm

1INTRODUCTION

Windlidarsystems,withtheircapabilitytomeasurethewindfieldremotely,havebecomeacommonmeasurementtechnologyinatmospheric
boundarylayerresearch1,2,3.Inparticular,thewindenergymeteorologyhasutilizedthismeasurementtechnologyextensivelyduringthelast
decade4.Thepotentialoflidarapplicationisalreadyshownforwakedynamicstudying5,turbulence6,7andpowercurvemeasurements8,9ordata
assimilationforaWRFmodel10.Processingthedatainreal-timeopensapossibilityofusinglidarsinshort-termforecasting,e.g.,forpitch11or
yaw12control.2Dvelocityfieldsobtainedwithascanninglidarareparticularlyinterestingforwakeidentificationandcharacterization13,14or
validationoflarge-eddysimulations(LES)15.

Unlikesonicorcupanemometers,scanninglidarsdonotmeasurethewindspeeddirectlybutonlyitsprojectiontotheline-of-sight–theradial
velocity.Hence,characterizingwakeswithascanninglidarwithoutadditionalprocessingiseffectiveonlyifthewakesarealignedwiththelidar’s
line-of-sight.Retrievingtheoriginalwindspeedanddirectionmaybecomplicatedwhenonlyonelidarisdeployedatthesite.Certainwidelyused
algorithmsrequireaspecificscanningprocedurenotcompatiblewitha2Dplanescanning.E.g.,VelocityAzimuthDisplay(VAD)operatesonconical
360°scans16.Itsderivative,DopplerBeamSwinging(DBS),fetchestheradialvelocityfrombeamsshootinfourdirectionsat30°anglefrom
vertical.Anotheralgorithm,VolumeVelocityProcessing(VVP),maybeusedwithascanninglidarforretrieval17butassumesahomogeneousflow

Received:AddedatproductionRevised:AddedatproductionAccepted:Addedatproduction

DOI:xxx/xxxx

RESEARCHARTICLE

Validationofthe2D-VARlidarretrievalalgorithmfor
non-homogeneouswindfieldsusingFINO1andSCADAdata

MariaKrutova*|MostafaBakhoday-Paskyabi|JoachimReuder

1GeophysicalInstituteandBergen
OffshoreWindCenter(BOW),
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,Norway

Correspondence
*MariaKrutova,GeophysicalInstitute
andBergenOffshoreWindCenter,
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,NorwayEmail:
Maria.Krutova@uib.no

Abstract

Ascanninglidarmeasuresaprojectionoftheactualwindspeedtotheline-of-sight.Re-

constructionoftheoriginalfieldispossibleviavariousretrievalalgorithms,especiallyif

severallidarsaredeployedinthearea.However,thismaynotbethecaseduetofinancial

constraints.Additionally,conventionalalgorithmslikeVolumeVelocityProcessing(VVP)

donotperformwellfornon-homogeneousflowfields,e.g.,smoothwindturbinewakesina

retrievedfield.A2D-VARalgorithmusingVVPasanintermediatestepwassuggestedal-

lowingtheretrievalforconsecutivescansatalowelevationangle.Wevalidatethisalgorithm

forscanscontainingprominentwakesunderelevationangleswithin5°usingFINO1mast

andsupervisorycontrolanddataacquisition(SCADA)data.

Weshowthatprominentwakesscannedatthehubheightintroducesubstantialdistur-

bancesintheVVPretrievaloutputandaffecttheretrievedfield.Theunwanteddisturbance

maybeovercomebymaskingthewakes.Inpointmeasurements,thewindspeedmagnitude

isretrievedwithanacceptableaccuracy,butthewinddirectionappearstobesensitiveto

theweightsandinitialguesschosen.Accordingtooursensitivityanalysis,theweightas-

signedtotheradialvelocityresidualsaffectstheoutcomemost,whileotherweightsactas

corrections.

KEYWORDS:

lidarretrieval;windturbinewake;windfarm

1INTRODUCTION

Windlidarsystems,withtheircapabilitytomeasurethewindfieldremotely,havebecomeacommonmeasurementtechnologyinatmospheric
boundarylayerresearch1,2,3.Inparticular,thewindenergymeteorologyhasutilizedthismeasurementtechnologyextensivelyduringthelast
decade4.Thepotentialoflidarapplicationisalreadyshownforwakedynamicstudying5,turbulence6,7andpowercurvemeasurements8,9ordata
assimilationforaWRFmodel10.Processingthedatainreal-timeopensapossibilityofusinglidarsinshort-termforecasting,e.g.,forpitch11or
yaw12control.2Dvelocityfieldsobtainedwithascanninglidarareparticularlyinterestingforwakeidentificationandcharacterization13,14or
validationoflarge-eddysimulations(LES)15.

Unlikesonicorcupanemometers,scanninglidarsdonotmeasurethewindspeeddirectlybutonlyitsprojectiontotheline-of-sight–theradial
velocity.Hence,characterizingwakeswithascanninglidarwithoutadditionalprocessingiseffectiveonlyifthewakesarealignedwiththelidar’s
line-of-sight.Retrievingtheoriginalwindspeedanddirectionmaybecomplicatedwhenonlyonelidarisdeployedatthesite.Certainwidelyused
algorithmsrequireaspecificscanningprocedurenotcompatiblewitha2Dplanescanning.E.g.,VelocityAzimuthDisplay(VAD)operatesonconical
360°scans16.Itsderivative,DopplerBeamSwinging(DBS),fetchestheradialvelocityfrombeamsshootinfourdirectionsat30°anglefrom
vertical.Anotheralgorithm,VolumeVelocityProcessing(VVP),maybeusedwithascanninglidarforretrieval17butassumesahomogeneousflow

Received:AddedatproductionRevised:AddedatproductionAccepted:Addedatproduction

DOI:xxx/xxxx

RESEARCHARTICLE

Validationofthe2D-VARlidarretrievalalgorithmfor
non-homogeneouswindfieldsusingFINO1andSCADAdata

MariaKrutova*|MostafaBakhoday-Paskyabi|JoachimReuder

1GeophysicalInstituteandBergen
OffshoreWindCenter(BOW),
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,Norway

Correspondence
*MariaKrutova,GeophysicalInstitute
andBergenOffshoreWindCenter,
UniversityofBergen,Allégaten77,
Bergen5007,Vestlandet,NorwayEmail:
Maria.Krutova@uib.no

Abstract

Ascanninglidarmeasuresaprojectionoftheactualwindspeedtotheline-of-sight.Re-

constructionoftheoriginalfieldispossibleviavariousretrievalalgorithms,especiallyif

severallidarsaredeployedinthearea.However,thismaynotbethecaseduetofinancial

constraints.Additionally,conventionalalgorithmslikeVolumeVelocityProcessing(VVP)

donotperformwellfornon-homogeneousflowfields,e.g.,smoothwindturbinewakesina

retrievedfield.A2D-VARalgorithmusingVVPasanintermediatestepwassuggestedal-

lowingtheretrievalforconsecutivescansatalowelevationangle.Wevalidatethisalgorithm

forscanscontainingprominentwakesunderelevationangleswithin5°usingFINO1mast

andsupervisorycontrolanddataacquisition(SCADA)data.

Weshowthatprominentwakesscannedatthehubheightintroducesubstantialdistur-

bancesintheVVPretrievaloutputandaffecttheretrievedfield.Theunwanteddisturbance

maybeovercomebymaskingthewakes.Inpointmeasurements,thewindspeedmagnitude

isretrievedwithanacceptableaccuracy,butthewinddirectionappearstobesensitiveto

theweightsandinitialguesschosen.Accordingtooursensitivityanalysis,theweightas-

signedtotheradialvelocityresidualsaffectstheoutcomemost,whileotherweightsactas

corrections.

KEYWORDS:

lidarretrieval;windturbinewake;windfarm

1INTRODUCTION

Windlidarsystems,withtheircapabilitytomeasurethewindfieldremotely,havebecomeacommonmeasurementtechnologyinatmospheric
boundarylayerresearch1,2,3.Inparticular,thewindenergymeteorologyhasutilizedthismeasurementtechnologyextensivelyduringthelast
decade4.Thepotentialoflidarapplicationisalreadyshownforwakedynamicstudying5,turbulence6,7andpowercurvemeasurements8,9ordata
assimilationforaWRFmodel10.Processingthedatainreal-timeopensapossibilityofusinglidarsinshort-termforecasting,e.g.,forpitch11or
yaw12control.2Dvelocityfieldsobtainedwithascanninglidarareparticularlyinterestingforwakeidentificationandcharacterization13,14or
validationoflarge-eddysimulations(LES)15.

Unlikesonicorcupanemometers,scanninglidarsdonotmeasurethewindspeeddirectlybutonlyitsprojectiontotheline-of-sight–theradial
velocity.Hence,characterizingwakeswithascanninglidarwithoutadditionalprocessingiseffectiveonlyifthewakesarealignedwiththelidar’s
line-of-sight.Retrievingtheoriginalwindspeedanddirectionmaybecomplicatedwhenonlyonelidarisdeployedatthesite.Certainwidelyused
algorithmsrequireaspecificscanningprocedurenotcompatiblewitha2Dplanescanning.E.g.,VelocityAzimuthDisplay(VAD)operatesonconical
360°scans16.Itsderivative,DopplerBeamSwinging(DBS),fetchestheradialvelocityfrombeamsshootinfourdirectionsat30°anglefrom
vertical.Anotheralgorithm,VolumeVelocityProcessing(VVP),maybeusedwithascanninglidarforretrieval17butassumesahomogeneousflow



2 MARIA KRUTOVA et al

Figure 1 Map indicating the location of the FINO1 platform in the North Sea (a), the surrounding wind farms during the measurement period in
September 2016 (b), and the layout of the Alpha Ventus research wind farmwith the scanning angles for the PPI scans in this study (c). The retrieval
is performed within the retrieval domain; here – pictured in a size used for SEP16 scans.

and does not adequately resolve heterogeneous structures, such as wakes. Complex algorithms, e.g., 4D-VAR and its derivatives, perform better on
heterogeneous flows but may be time-consuming to allow real-time processing 18. 4D-VAR method are mostly developed for weather prediction
models 19,20, their capability to estimate thermodynamic quantities may be excessive for a smaller scale wind energy research. An alternative, the
2D-VAR algorithm, was suggested to preserve advantages of the 4D-VAR method and overcome complications caused by heterogeneous wake
fields 21. The algorithm performs a retrieval from a set of consecutive lidar scans taken at a low elevation angle provided that the time interval
between two scans is small enough (∆t ∼ 60 s) to assume weak changes in the flow.

The 2D-VAR algorithm was validated on a one-day dataset from August 31, 2016. Due to the limited period, the validation covered only a
narrow range of wind speeds (2−6.5m/s) and directions (150−265°). Additionally, the regarded lidar scans were taken at a nearly horizontal plane
and captured the flow at the bottom tip of the wind turbines. Consequently, the results could be validated only with FINO1 data. We perform a
new validation on the extensive dataset spanning the whole month of September 2016. The scans from that period allow studying the algorithm’s
performance for a higher elevation angle. The lidar, therefore, scans one turbine at the hub height allowing a comparison to the supervisory control
and data acquisition (SCADA) data for this turbine, which was not possible in the original study.

2 DATA

2.1 Description of the datasets

The meteorological and lidar data were obtained during the Offshore Boundary-Layer Experiment at FINO1 (OBLEX-F1) campaign in 2015−2016.
The FINO1 platform is located in the North Sea at 54° 00′ 53.5′′N, 6° 35′ 15.5′′E, 45 km north of the German island of Borkum. The Alpha Ventus
wind farm is located east of the FINO1 platform and consists of 12 wind turbines arranged in a rectangular pattern (Fig. 1). The wind turbines
AV1−AV6 are of the type Repower 5M with a hub height of 92m and a rotor diameter of 126m; AV7−AV12 are of the type AREVA M5000 with
a hub height of 91.5m and a rotor diameter D of 116m. The construction of the Borkum Riffgrund II wind farm south of the Alpha Ventus wind
farm was completed in 2018 and did not affect the flow during the measurement period.
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andcapturedtheflowatthebottomtipofthewindturbines.Consequently,theresultscouldbevalidatedonlywithFINO1data.Weperforma
newvalidationontheextensivedatasetspanningthewholemonthofSeptember2016.Thescansfromthatperiodallowstudyingthealgorithm’s
performanceforahigherelevationangle.Thelidar,therefore,scansoneturbineatthehubheightallowingacomparisontothesupervisorycontrol
anddataacquisition(SCADA)dataforthisturbine,whichwasnotpossibleintheoriginalstudy.
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September 2016 (b), and the layout of the Alpha Ventus research wind farmwith the scanning angles for the PPI scans in this study (c). The retrieval
is performed within the retrieval domain; here – pictured in a size used for SEP16 scans.
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2D-VAR algorithm, was suggested to preserve advantages of the 4D-VAR method and overcome complications caused by heterogeneous wake
fields 21. The algorithm performs a retrieval from a set of consecutive lidar scans taken at a low elevation angle provided that the time interval
between two scans is small enough (∆t ∼ 60 s) to assume weak changes in the flow.

The 2D-VAR algorithm was validated on a one-day dataset from August 31, 2016. Due to the limited period, the validation covered only a
narrow range of wind speeds (2−6.5m/s) and directions (150−265°). Additionally, the regarded lidar scans were taken at a nearly horizontal plane
and captured the flow at the bottom tip of the wind turbines. Consequently, the results could be validated only with FINO1 data. We perform a
new validation on the extensive dataset spanning the whole month of September 2016. The scans from that period allow studying the algorithm’s
performance for a higher elevation angle. The lidar, therefore, scans one turbine at the hub height allowing a comparison to the supervisory control
and data acquisition (SCADA) data for this turbine, which was not possible in the original study.

2 DATA

2.1 Description of the datasets

The meteorological and lidar data were obtained during the Offshore Boundary-Layer Experiment at FINO1 (OBLEX-F1) campaign in 2015−2016.
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a hub height of 91.5m and a rotor diameter D of 116m. The construction of the Borkum Riffgrund II wind farm south of the Alpha Ventus wind
farm was completed in 2018 and did not affect the flow during the measurement period.
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31, 2016. On that day, the lidar performed scans under the elevation angle of 0.5°. The elevation angle remained constant for 20 hours, which
resulted in nearly 1500 scans. The lidar scanned a sector between 100° and 180° azimuth angles, so that four wind turbines (AV7, AV8, AV10,
AV11) and their bottom tip wakes were present in the scanned sector.We consider this one-day dataset for a comparison to the original results 21,22
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The 2D-VAR retrieval algorithm requires scans taken at the same elevation angle with a sufficiently high temporal resolution that allows assuming
weak changes in flow. Hence, we perform a lidar retrieval only for the scans taken during the first 20 minutes of each hour when the elevation
angle is fixed at 4.6°. Those selected scans cover about 34% duration of September 2016. Due to an inclined scanning plane and smaller sector
scanned, only the wakes from wind turbines AV7 and AV10 are always captured well in the September 2016 scans. The wakes from other wind
turbines appear only for the specific wind directions. We use this one-month dataset to perform an extensive validation of the 2D-VAR algorithm
and refer to it as SEP16.

Depending on weather conditions, the lidar’s beam range varies and may reach up to 3 km. The far range experiences data losses frequently and
thus poses little interest for the retrieval. When processing lidar data, we limit the beam range to 2.25 km for the sake of the dataset uniformity
and exclusion of the area with a large percentage of missing data points.

The 10-minute averaged time series from the FINO1 mast are used as an initial guess for the retrieval algorithm and as the reference data for
validation. The wind speed is measured with cup anemometers installed at 33, 40, 50, 60, 70, 80, 90, and 100m above sea level; the mast shadow
affects wind speed measurements for the wind direction of 290−330°. The wind direction is measured with vanes installed at 33, 40, 50, 60, 70,
80, and 90m above sea level; the mast shadow affects measurements for the wind direction of 110−150° (Fig. 2a).

Figure 2Wind roses for 10-minute averages of FINO1 (90−100m measurements) and SCADA of the AV7 turbine. The wind roses consider only
the periods for which both FINO1 and SCADA data are available

Since the FINO1 mast is located at a distance from the Alpha Ventus wind farm and local measurements do not represent the actual wind flow
near the wind turbines, we utilize SCADA data to verify the retrieved flow near the AV7 turbine. The SCADA data consist of 1Hz wind speed and
direction time series.

FINO1 and SCADA data may differ when AV7 is affected by the wake while the FINO1 mast remains in the free flow or vice versa. The wind
roses for FINO1 and SCADA data show a discrepancy in the wind speed distribution for southerly directions (160−200°): the wind turbine AV7 is
affected by the wake from AV10. Another strong difference is the easterly direction: AV7 is hit directly by the wake from AV8. Being shifted slightly
to the North, the FINO1 mast is less affected by the wake from AV4. Hence, the AV7 inflow wind speeds are generally lower than registered at
FINO1 (Fig. 2b). The adjacent sector of 140−160° represents cases when the FINO1 mast is affected by the far wake from AV7, reducing the wind
speed. The discrepancy between FINO1 and SCADA data there is noticeable but less prominent than for southerly and easterly winds.

The FINO1 mast data are used to define an initial guess for the retrieval algorithm. Since the FINO1 time series is nearly continuous and has
little missing data in the regarded period (Table 1), we fill the gaps with a linear interpolation to obtain reference wind speed and direction values for
all lidar scans. Due to larger gaps in the SCADA data and its lower importance for the 2D-VAR algorithm, we do not perform a similar interpolation
for the SCADA time series. Hence, the cross-comparison for FINO1, SCADA and retrieval results (e.g., wind roses) does not consider time stamps
where SCADA data are missing.

The lidar and SCADA data are recorded roughly in 1-minute intervals as opposed to 10-minute averages from FINO1. During the retrieval phase,
we consider 10-minute averages from the FINO1 mast for all lidar scans in 5-minute intervals before and after the respective time stamp in the
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The2D-VARretrievalalgorithmrequiresscanstakenatthesameelevationanglewithasufficientlyhightemporalresolutionthatallowsassuming
weakchangesinflow.Hence,weperformalidarretrievalonlyforthescanstakenduringthefirst20minutesofeachhourwhentheelevation
angleisfixedat4.6°.Thoseselectedscanscoverabout34%durationofSeptember2016.Duetoaninclinedscanningplaneandsmallersector
scanned,onlythewakesfromwindturbinesAV7andAV10arealwayscapturedwellintheSeptember2016scans.Thewakesfromotherwind
turbinesappearonlyforthespecificwinddirections.Weusethisone-monthdatasettoperformanextensivevalidationofthe2D-VARalgorithm
andrefertoitasSEP16.

Dependingonweatherconditions,thelidar’sbeamrangevariesandmayreachupto3km.Thefarrangeexperiencesdatalossesfrequentlyand
thusposeslittleinterestfortheretrieval.Whenprocessinglidardata,welimitthebeamrangeto2.25kmforthesakeofthedatasetuniformity
andexclusionoftheareawithalargepercentageofmissingdatapoints.

The10-minuteaveragedtimeseriesfromtheFINO1mastareusedasaninitialguessfortheretrievalalgorithmandasthereferencedatafor
validation.Thewindspeedismeasuredwithcupanemometersinstalledat33,40,50,60,70,80,90,and100mabovesealevel;themastshadow
affectswindspeedmeasurementsforthewinddirectionof290−330°.Thewinddirectionismeasuredwithvanesinstalledat33,40,50,60,70,
80,and90mabovesealevel;themastshadowaffectsmeasurementsforthewinddirectionof110−150°(Fig.2a).

Figure2Windrosesfor10-minuteaveragesofFINO1(90−100mmeasurements)andSCADAoftheAV7turbine.Thewindrosesconsideronly
theperiodsforwhichbothFINO1andSCADAdataareavailable

SincetheFINO1mastislocatedatadistancefromtheAlphaVentuswindfarmandlocalmeasurementsdonotrepresenttheactualwindflow
nearthewindturbines,weutilizeSCADAdatatoverifytheretrievedflowneartheAV7turbine.TheSCADAdataconsistof1Hzwindspeedand
directiontimeseries.

FINO1andSCADAdatamaydifferwhenAV7isaffectedbythewakewhiletheFINO1mastremainsinthefreefloworviceversa.Thewind
rosesforFINO1andSCADAdatashowadiscrepancyinthewindspeeddistributionforsoutherlydirections(160−200°):thewindturbineAV7is
affectedbythewakefromAV10.Anotherstrongdifferenceistheeasterlydirection:AV7ishitdirectlybythewakefromAV8.Beingshiftedslightly
totheNorth,theFINO1mastislessaffectedbythewakefromAV4.Hence,theAV7inflowwindspeedsaregenerallylowerthanregisteredat
FINO1(Fig.2b).Theadjacentsectorof140−160°representscaseswhentheFINO1mastisaffectedbythefarwakefromAV7,reducingthewind
speed.ThediscrepancybetweenFINO1andSCADAdatathereisnoticeablebutlessprominentthanforsoutherlyandeasterlywinds.

TheFINO1mastdataareusedtodefineaninitialguessfortheretrievalalgorithm.SincetheFINO1timeseriesisnearlycontinuousandhas
littlemissingdataintheregardedperiod(Table1),wefillthegapswithalinearinterpolationtoobtainreferencewindspeedanddirectionvaluesfor
alllidarscans.DuetolargergapsintheSCADAdataanditslowerimportanceforthe2D-VARalgorithm,wedonotperformasimilarinterpolation
fortheSCADAtimeseries.Hence,thecross-comparisonforFINO1,SCADAandretrievalresults(e.g.,windroses)doesnotconsidertimestamps
whereSCADAdataaremissing.

ThelidarandSCADAdataarerecordedroughlyin1-minuteintervalsasopposedto10-minuteaveragesfromFINO1.Duringtheretrievalphase,
weconsider10-minuteaveragesfromtheFINO1mastforalllidarscansin5-minuteintervalsbeforeandaftertherespectivetimestampinthe
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The 2D-VAR retrieval algorithm requires scans taken at the same elevation angle with a sufficiently high temporal resolution that allows assuming
weak changes in flow. Hence, we perform a lidar retrieval only for the scans taken during the first 20 minutes of each hour when the elevation
angle is fixed at 4.6°. Those selected scans cover about 34% duration of September 2016. Due to an inclined scanning plane and smaller sector
scanned, only the wakes from wind turbines AV7 and AV10 are always captured well in the September 2016 scans. The wakes from other wind
turbines appear only for the specific wind directions. We use this one-month dataset to perform an extensive validation of the 2D-VAR algorithm
and refer to it as SEP16.

Depending on weather conditions, the lidar’s beam range varies and may reach up to 3 km. The far range experiences data losses frequently and
thus poses little interest for the retrieval. When processing lidar data, we limit the beam range to 2.25 km for the sake of the dataset uniformity
and exclusion of the area with a large percentage of missing data points.

The 10-minute averaged time series from the FINO1 mast are used as an initial guess for the retrieval algorithm and as the reference data for
validation. The wind speed is measured with cup anemometers installed at 33, 40, 50, 60, 70, 80, 90, and 100m above sea level; the mast shadow
affects wind speed measurements for the wind direction of 290−330°. The wind direction is measured with vanes installed at 33, 40, 50, 60, 70,
80, and 90m above sea level; the mast shadow affects measurements for the wind direction of 110−150° (Fig. 2a).

Figure 2Wind roses for 10-minute averages of FINO1 (90−100m measurements) and SCADA of the AV7 turbine. The wind roses consider only
the periods for which both FINO1 and SCADA data are available

Since the FINO1 mast is located at a distance from the Alpha Ventus wind farm and local measurements do not represent the actual wind flow
near the wind turbines, we utilize SCADA data to verify the retrieved flow near the AV7 turbine. The SCADA data consist of 1Hz wind speed and
direction time series.

FINO1 and SCADA data may differ when AV7 is affected by the wake while the FINO1 mast remains in the free flow or vice versa. The wind
roses for FINO1 and SCADA data show a discrepancy in the wind speed distribution for southerly directions (160−200°): the wind turbine AV7 is
affected by the wake from AV10. Another strong difference is the easterly direction: AV7 is hit directly by the wake from AV8. Being shifted slightly
to the North, the FINO1 mast is less affected by the wake from AV4. Hence, the AV7 inflow wind speeds are generally lower than registered at
FINO1 (Fig. 2b). The adjacent sector of 140−160° represents cases when the FINO1 mast is affected by the far wake from AV7, reducing the wind
speed. The discrepancy between FINO1 and SCADA data there is noticeable but less prominent than for southerly and easterly winds.

The FINO1 mast data are used to define an initial guess for the retrieval algorithm. Since the FINO1 time series is nearly continuous and has
little missing data in the regarded period (Table 1), we fill the gaps with a linear interpolation to obtain reference wind speed and direction values for
all lidar scans. Due to larger gaps in the SCADA data and its lower importance for the 2D-VAR algorithm, we do not perform a similar interpolation
for the SCADA time series. Hence, the cross-comparison for FINO1, SCADA and retrieval results (e.g., wind roses) does not consider time stamps
where SCADA data are missing.

The lidar and SCADA data are recorded roughly in 1-minute intervals as opposed to 10-minute averages from FINO1. During the retrieval phase,
we consider 10-minute averages from the FINO1 mast for all lidar scans in 5-minute intervals before and after the respective time stamp in the
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FINO1(Fig.2b).Theadjacentsectorof140−160°representscaseswhentheFINO1mastisaffectedbythefarwakefromAV7,reducingthewind
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whereSCADAdataaremissing.
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Table 1 Data availability for the SEP16 dataset. Only scans separated by ∆t < 60 s are considered.
Dataset Subset Missing data, %
FINO1 mast wind speed 0.03

wind direction 0.08
SCADA wind speed 1.07

wind direction 4.05
Lidar whole scan 1.68

retrieval domain 0.66

mast data, to comply with the higher time resolution of the lidar data. When comparing the results, we average the retrieval and SCADA series
over the corresponding 10-minute periods.

2.2 Pre-processing of the lidar scans

Figure 3 Pre-processing of the lidar scan taken at 2016-09-05 00:08:33. a) Original scan, b) Spike removal and gap filling

The performance of the retrieval algorithm strongly depends on the lidar scan quality. The scans may contain spikes near the wind turbine
position because of the lidar beam hitting the rotating blades. We identify spikes by fitting a normal, log-normal, or Weibull distributions to the
radial velocity distribution within a scan. The points falling outside the best fit’s confidence interval of 99.9% are regarded as spikes and removed
from the scan. The gaps, both the ones in the original data set and the ones added by the spike removal, are filledwith the Gaussian kernel inpainting
algorithm 23 (Fig. 3b).

Occasionally, the lidar may not complete the scan correctly, resulting in missing data that cannot be restored accurately by the gap filling. A high
percentage of missing data renders the scan unsuitable for the retrieval. Therefore, we only perform the lidar retrieval if more than 50% of the
scanned sector is available within the retrieval domain defined as a rectangle (Fig. 1c). The discarded scans constitute less than 1% of the SEP16
dataset and occur only on certain days (Table 1). The threshold of 50% data losses is enough to ensure that the flow is resolved at least near AV7.
The data around AV10 may still be missing in scans with medium data losses (20−50%). Occurrences of medium data losses are scattered across
the dataset with a large cluster localized on September 19−21, characterized by low wind speed of 0−5m/s and wind direction of 0−120° (Fig. 4).

The 2D-VAR retrieval algorithm requires an estimation of various derivatives. Due to a small azimuth step of 1° ≈ 0.174 rad and the discrete
nature of a scanned flow field, the derivative ∂Vr/∂θ may return values of a higher order than the derivatives taken along the Cartesian grid or
the time derivative. The derivative spikes are most likely to occur at the boundary between wakes and free-flow. These effects are mitigated by
applying a Gaussian filter to the Vr field before taking a derivative.

After the cleaning, the lidar data coordinates are converted from a polar (r, θ) to a Cartesian grid (x, y). The coordinate center is located at
FINO1, with the x-axis being positive in the East direction and the y-axis being positive in the North direction. The retrieval is performed for a
rectangular domain, interpolated to an equidistant Cartesian grid. The selected retrieval domain contains enough space around AV7 to resolve
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Table1DataavailabilityfortheSEP16dataset.Onlyscansseparatedby∆t<60sareconsidered.
DatasetSubsetMissingdata,%
FINO1mastwindspeed0.03

winddirection0.08
SCADAwindspeed1.07

winddirection4.05
Lidarwholescan1.68
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mastdata,tocomplywiththehighertimeresolutionofthelidardata.Whencomparingtheresults,weaveragetheretrievalandSCADAseries
overthecorresponding10-minuteperiods.

2.2Pre-processingofthelidarscans

Figure3Pre-processingofthelidarscantakenat2016-09-0500:08:33.a)Originalscan,b)Spikeremovalandgapfilling

Theperformanceoftheretrievalalgorithmstronglydependsonthelidarscanquality.Thescansmaycontainspikesnearthewindturbine
positionbecauseofthelidarbeamhittingtherotatingblades.Weidentifyspikesbyfittinganormal,log-normal,orWeibulldistributionstothe
radialvelocitydistributionwithinascan.Thepointsfallingoutsidethebestfit’sconfidenceintervalof99.9%areregardedasspikesandremoved
fromthescan.Thegaps,boththeonesintheoriginaldatasetandtheonesaddedbythespikeremoval,arefilledwiththeGaussiankernelinpainting
algorithm23(Fig.3b).

Occasionally,thelidarmaynotcompletethescancorrectly,resultinginmissingdatathatcannotberestoredaccuratelybythegapfilling.Ahigh
percentageofmissingdatarendersthescanunsuitablefortheretrieval.Therefore,weonlyperformthelidarretrievalifmorethan50%ofthe
scannedsectorisavailablewithintheretrievaldomaindefinedasarectangle(Fig.1c).Thediscardedscansconstitutelessthan1%oftheSEP16
datasetandoccuronlyoncertaindays(Table1).Thethresholdof50%datalossesisenoughtoensurethattheflowisresolvedatleastnearAV7.
ThedataaroundAV10maystillbemissinginscanswithmediumdatalosses(20−50%).Occurrencesofmediumdatalossesarescatteredacross
thedatasetwithalargeclusterlocalizedonSeptember19−21,characterizedbylowwindspeedof0−5m/sandwinddirectionof0−120°(Fig.4).

The2D-VARretrievalalgorithmrequiresanestimationofvariousderivatives.Duetoasmallazimuthstepof1°≈0.174radandthediscrete
natureofascannedflowfield,thederivative∂Vr/∂θmayreturnvaluesofahigherorderthanthederivativestakenalongtheCartesiangridor
thetimederivative.Thederivativespikesaremostlikelytooccurattheboundarybetweenwakesandfree-flow.Theseeffectsaremitigatedby
applyingaGaussianfiltertotheVrfieldbeforetakingaderivative.

Afterthecleaning,thelidardatacoordinatesareconvertedfromapolar(r,θ)toaCartesiangrid(x,y).Thecoordinatecenterislocatedat
FINO1,withthex-axisbeingpositiveintheEastdirectionandthey-axisbeingpositiveintheNorthdirection.Theretrievalisperformedfora
rectangulardomain,interpolatedtoanequidistantCartesiangrid.TheselectedretrievaldomaincontainsenoughspacearoundAV7toresolve
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mast data, to comply with the higher time resolution of the lidar data. When comparing the results, we average the retrieval and SCADA series
over the corresponding 10-minute periods.

2.2 Pre-processing of the lidar scans

Figure 3 Pre-processing of the lidar scan taken at 2016-09-05 00:08:33. a) Original scan, b) Spike removal and gap filling

The performance of the retrieval algorithm strongly depends on the lidar scan quality. The scans may contain spikes near the wind turbine
position because of the lidar beam hitting the rotating blades. We identify spikes by fitting a normal, log-normal, or Weibull distributions to the
radial velocity distribution within a scan. The points falling outside the best fit’s confidence interval of 99.9% are regarded as spikes and removed
from the scan. The gaps, both the ones in the original data set and the ones added by the spike removal, are filledwith the Gaussian kernel inpainting
algorithm 23 (Fig. 3b).

Occasionally, the lidar may not complete the scan correctly, resulting in missing data that cannot be restored accurately by the gap filling. A high
percentage of missing data renders the scan unsuitable for the retrieval. Therefore, we only perform the lidar retrieval if more than 50% of the
scanned sector is available within the retrieval domain defined as a rectangle (Fig. 1c). The discarded scans constitute less than 1% of the SEP16
dataset and occur only on certain days (Table 1). The threshold of 50% data losses is enough to ensure that the flow is resolved at least near AV7.
The data around AV10 may still be missing in scans with medium data losses (20−50%). Occurrences of medium data losses are scattered across
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mastdata,tocomplywiththehighertimeresolutionofthelidardata.Whencomparingtheresults,weaveragetheretrievalandSCADAseries
overthecorresponding10-minuteperiods.

2.2Pre-processingofthelidarscans
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Theperformanceoftheretrievalalgorithmstronglydependsonthelidarscanquality.Thescansmaycontainspikesnearthewindturbine
positionbecauseofthelidarbeamhittingtherotatingblades.Weidentifyspikesbyfittinganormal,log-normal,orWeibulldistributionstothe
radialvelocitydistributionwithinascan.Thepointsfallingoutsidethebestfit’sconfidenceintervalof99.9%areregardedasspikesandremoved
fromthescan.Thegaps,boththeonesintheoriginaldatasetandtheonesaddedbythespikeremoval,arefilledwiththeGaussiankernelinpainting
algorithm23(Fig.3b).

Occasionally,thelidarmaynotcompletethescancorrectly,resultinginmissingdatathatcannotberestoredaccuratelybythegapfilling.Ahigh
percentageofmissingdatarendersthescanunsuitablefortheretrieval.Therefore,weonlyperformthelidarretrievalifmorethan50%ofthe
scannedsectorisavailablewithintheretrievaldomaindefinedasarectangle(Fig.1c).Thediscardedscansconstitutelessthan1%oftheSEP16
datasetandoccuronlyoncertaindays(Table1).Thethresholdof50%datalossesisenoughtoensurethattheflowisresolvedatleastnearAV7.
ThedataaroundAV10maystillbemissinginscanswithmediumdatalosses(20−50%).Occurrencesofmediumdatalossesarescatteredacross
thedatasetwithalargeclusterlocalizedonSeptember19−21,characterizedbylowwindspeedof0−5m/sandwinddirectionof0−120°(Fig.4).

The2D-VARretrievalalgorithmrequiresanestimationofvariousderivatives.Duetoasmallazimuthstepof1°≈0.174radandthediscrete
natureofascannedflowfield,thederivative∂Vr/∂θmayreturnvaluesofahigherorderthanthederivativestakenalongtheCartesiangridor
thetimederivative.Thederivativespikesaremostlikelytooccurattheboundarybetweenwakesandfree-flow.Theseeffectsaremitigatedby
applyingaGaussianfiltertotheVrfieldbeforetakingaderivative.

Afterthecleaning,thelidardatacoordinatesareconvertedfromapolar(r,θ)toaCartesiangrid(x,y).Thecoordinatecenterislocatedat
FINO1,withthex-axisbeingpositiveintheEastdirectionandthey-axisbeingpositiveintheNorthdirection.Theretrievalisperformedfora
rectangulardomain,interpolatedtoanequidistantCartesiangrid.TheselectedretrievaldomaincontainsenoughspacearoundAV7toresolve
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algorithm23(Fig.3b).
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The2D-VARretrievalalgorithmrequiresanestimationofvariousderivatives.Duetoasmallazimuthstepof1°≈0.174radandthediscrete
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FINO1,withthex-axisbeingpositiveintheEastdirectionandthey-axisbeingpositiveintheNorthdirection.Theretrievalisperformedfora
rectangulardomain,interpolatedtoanequidistantCartesiangrid.TheselectedretrievaldomaincontainsenoughspacearoundAV7toresolve
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Figure 4 Overview of the missing scan data in SEP16. a) Occurrences of missing data with respect to FINO1 wind speed and direction measure-
ments, b) number of lidar scans with a certain percentage of missing data by day.

the near wake and provide the inflow wind speed. Following the original study 21, we perform the retrieval for AUG16 in a rectangular domain
1500× 1200m2 with a bottom left corner located at x = 100m, y = −1700m and a Cartesian grid spacing of ∆x = ∆y = 30m. We extend the
retrieval domain for SEP16 to capture an additional area around AV10 in case of northerly winds. SEP16, therefore, uses the retrieval domain of
1600× 1400m2 with a bottom left corner located at x = 100m, y = −1700m. The Cartesian grid spacing is increased to ∆x = ∆y = 35m.

3 METHODOLOGY

The 2D-VAR algorithm 21 consists of two steps. In the first step, the background flow is estimated with a simplified VVP retrieval algorithm. The
directional wind speed components from the retrieved background flow (ub, vb) are then used in the second step, among with other input data,
to optimize the cost function.

3.1 VVP retrieval to estimate the background flow

The lidar measures the radial velocity Vr , i.e., the projection of the 3D wind vector on the measurement line-of-sight of the lidar:
Vr = u sin θ cosφ+ v cos θ cosφ+ w sinφ (1)

where u, v, and w are the directional components of U ; θ is the azimuth angle, and φ is the elevation angle of the lidar beam. The lidar scans AV7
near the hub height at an elevation angle of φ = 4.6° = 0.08 rad, which is small enough to approximate cosφ as 1 and sinφ as φ. Considering that
the vertical component w is generally small, the last term of Eq. (1) can be neglected: w sinφ ≈ wφ ≈ 0. Then, Eq. (1) is reduced to

Vr = u sin θ + v cos θ (2)
The difference between the retrieved field (u, v) and the measured radial velocity Vr can be then presented as a function F (u, v):

F (u, v) = u sin θ + v cos θ − Vr (3)
Eq. (3) would have several solutions for F (u, v) = 0 if solved for a single point. Instead, we optimize F (u, v) for a fetch area around the

target point and find the solution via a least squares method assuming that (u, v) components remain the same within this area. The fetch area
size is selected so that the variation in radial velocity is not confused with random fluctuations caused by turbulence 24. We pass an initial guess
as directional components (u0, v0) calculated from FINO1 reference wind speed U and direction Φ. Since the wind direction is defined in a
meteorological sense, it has to be converted to the mathematical direction as 1.5π−Φ to obtain wind speed components via projection to x- and
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1600×1400m2withabottomleftcornerlocatedatx=100m,y=−1700m.TheCartesiangridspacingisincreasedto∆x=∆y=35m.
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directionalwindspeedcomponentsfromtheretrievedbackgroundflow(ub,vb)arethenusedinthesecondstep,amongwithotherinputdata,
tooptimizethecostfunction.
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nearthehubheightatanelevationangleofφ=4.6°=0.08rad,whichissmallenoughtoapproximatecosφas1andsinφasφ.Consideringthat
theverticalcomponentwisgenerallysmall,thelasttermofEq.(1)canbeneglected:wsinφ≈wφ≈0.Then,Eq.(1)isreducedto
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Eq.(3)wouldhaveseveralsolutionsforF(u,v)=0ifsolvedforasinglepoint.Instead,weoptimizeF(u,v)forafetchareaaroundthe

targetpointandfindthesolutionviaaleastsquaresmethodassumingthat(u,v)componentsremainthesamewithinthisarea.Thefetcharea
sizeisselectedsothatthevariationinradialvelocityisnotconfusedwithrandomfluctuationscausedbyturbulence24.Wepassaninitialguess
asdirectionalcomponents(u0,v0)calculatedfromFINO1referencewindspeedUanddirectionΦ.Sincethewinddirectionisdefinedina
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the near wake and provide the inflow wind speed. Following the original study 21, we perform the retrieval for AUG16 in a rectangular domain
1500× 1200m2 with a bottom left corner located at x = 100m, y = −1700m and a Cartesian grid spacing of ∆x = ∆y = 30m. We extend the
retrieval domain for SEP16 to capture an additional area around AV10 in case of northerly winds. SEP16, therefore, uses the retrieval domain of
1600× 1400m2 with a bottom left corner located at x = 100m, y = −1700m. The Cartesian grid spacing is increased to ∆x = ∆y = 35m.
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directional wind speed components from the retrieved background flow (ub, vb) are then used in the second step, among with other input data,
to optimize the cost function.

3.1 VVP retrieval to estimate the background flow

The lidar measures the radial velocity Vr , i.e., the projection of the 3D wind vector on the measurement line-of-sight of the lidar:
Vr = u sin θ cosφ+ v cos θ cosφ+ w sinφ (1)

where u, v, and w are the directional components of U ; θ is the azimuth angle, and φ is the elevation angle of the lidar beam. The lidar scans AV7
near the hub height at an elevation angle of φ = 4.6° = 0.08 rad, which is small enough to approximate cosφ as 1 and sinφ as φ. Considering that
the vertical component w is generally small, the last term of Eq. (1) can be neglected: w sinφ ≈ wφ ≈ 0. Then, Eq. (1) is reduced to

Vr = u sin θ + v cos θ (2)
The difference between the retrieved field (u, v) and the measured radial velocity Vr can be then presented as a function F (u, v):

F (u, v) = u sin θ + v cos θ − Vr (3)
Eq. (3) would have several solutions for F (u, v) = 0 if solved for a single point. Instead, we optimize F (u, v) for a fetch area around the

target point and find the solution via a least squares method assuming that (u, v) components remain the same within this area. The fetch area
size is selected so that the variation in radial velocity is not confused with random fluctuations caused by turbulence 24. We pass an initial guess
as directional components (u0, v0) calculated from FINO1 reference wind speed U and direction Φ. Since the wind direction is defined in a
meteorological sense, it has to be converted to the mathematical direction as 1.5π−Φ to obtain wind speed components via projection to x- and
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targetpointandfindthesolutionviaaleastsquaresmethodassumingthat(u,v)componentsremainthesamewithinthisarea.Thefetcharea
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asdirectionalcomponents(u0,v0)calculatedfromFINO1referencewindspeedUanddirectionΦ.Sincethewinddirectionisdefinedina
meteorologicalsense,ithastobeconvertedtothemathematicaldirectionas1.5π−Φtoobtainwindspeedcomponentsviaprojectiontox-and
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Figure 5 VVP retrieval results for an example scan from AUG16 dataset. (a) A lidar scan taken at 20160831 2:15:46 UTC+0 at the elevation angle
of φ = 0.5°. FINO1 wind speed 5.8m/s, wind direction 147°. (b) Wake mask. (c) The VVP algorithm without wake masking produces structures of
increased wind speed in the far range. (d) The VVP retrieved field with wake masking is more homogeneous.

Figure 6 VVP retrieval results for an example scan from SEP16 dataset. (a) A scan taken at 20160904 21:15:22 UTC+0 at the elevation angle
of φ = 4.6°. FINO1 wind speed 5.3m/s, wind direction 309°. (b) Wake mask. (c) The VVP retrieved field without wake masking is strongly
heterogeneous but does not represent the actual wakes. (d) Wake masking smooths the retrieved field, particularly the high-speed structures along
wakes.
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u0 = U sin(1.5π − Φ), v0 = U cos(1.5π − Φ) (4)

In the original study, the VVP algorithm was applied to horizontal scans at φ = 0.5°, capturing the flow at the bottom tip of the wind turbines
(Fig. 5a). Since the VVP algorithm assumes homogeneous wind flow but is solved locally, the retrieved field tends to overestimate the wind speed
along the wakes to compensate for the wake deficit. Although thewakes captured at this level are weak and narrow, the VVP algorithm occasionally
produces high-speed structures in the far range (Fig. 5c). When scanned at a higher elevation angle (φ = 4.6°), the wakes occupy a larger part of the
lidar scan and show a stronger wake deficit than the bottom tip wakes (Fig. 6a). Consequently, the VVP retrieval produces high-speed structures
along the AV7 wake (Fig. 6c). This disturbance has to be mitigated so that it is not carried over to the next step of the 2D-VAR algorithm.

We identify and mask the wakes using an automatic thresholding algorithm that splits the radial velocity field into wake and free-flow points 14.
The identified wake points are not considered in the fetch area during the VVP retrieval (Fig. 5b, 6b). Since the equation F (u, v) = 0 is solved for
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Intheoriginalstudy,theVVPalgorithmwasappliedtohorizontalscansatφ=0.5°,capturingtheflowatthebottomtipofthewindturbines
(Fig.5a).SincetheVVPalgorithmassumeshomogeneouswindflowbutissolvedlocally,theretrievedfieldtendstooverestimatethewindspeed
alongthewakestocompensateforthewakedeficit.Althoughthewakescapturedatthislevelareweakandnarrow,theVVPalgorithmoccasionally
produceshigh-speedstructuresinthefarrange(Fig.5c).Whenscannedatahigherelevationangle(φ=4.6°),thewakesoccupyalargerpartofthe
lidarscanandshowastrongerwakedeficitthanthebottomtipwakes(Fig.6a).Consequently,theVVPretrievalproduceshigh-speedstructures
alongtheAV7wake(Fig.6c).Thisdisturbancehastobemitigatedsothatitisnotcarriedovertothenextstepofthe2D-VARalgorithm.

Weidentifyandmaskthewakesusinganautomaticthresholdingalgorithmthatsplitstheradialvelocityfieldintowakeandfree-flowpoints14.
TheidentifiedwakepointsarenotconsideredinthefetchareaduringtheVVPretrieval(Fig.5b,6b).SincetheequationF(u,v)=0issolvedfor
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Intheoriginalstudy,theVVPalgorithmwasappliedtohorizontalscansatφ=0.5°,capturingtheflowatthebottomtipofthewindturbines
(Fig.5a).SincetheVVPalgorithmassumeshomogeneouswindflowbutissolvedlocally,theretrievedfieldtendstooverestimatethewindspeed
alongthewakestocompensateforthewakedeficit.Althoughthewakescapturedatthislevelareweakandnarrow,theVVPalgorithmoccasionally
produceshigh-speedstructuresinthefarrange(Fig.5c).Whenscannedatahigherelevationangle(φ=4.6°),thewakesoccupyalargerpartofthe
lidarscanandshowastrongerwakedeficitthanthebottomtipwakes(Fig.6a).Consequently,theVVPretrievalproduceshigh-speedstructures
alongtheAV7wake(Fig.6c).Thisdisturbancehastobemitigatedsothatitisnotcarriedovertothenextstepofthe2D-VARalgorithm.

Weidentifyandmaskthewakesusinganautomaticthresholdingalgorithmthatsplitstheradialvelocityfieldintowakeandfree-flowpoints14.
TheidentifiedwakepointsarenotconsideredinthefetchareaduringtheVVPretrieval(Fig.5b,6b).SincetheequationF(u,v)=0issolvedfor
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an area, running an optimization function around a masked point still fetches enough non-masked points for the solution. The masked points are
then replaced with the optimization result, and the retrieved field becomes more homogeneous than the non-masked solution (Fig. 5d, 6d).

We apply masking only in the case of prominent wakes, i.e., when the reference wind speed is above the cut-in wind speed of 3.5m/s and the
lidar beam is alignedwith the reference wind direction. If the angle between the lidar beam andwind direction are close to perpendicular, a so called
crosswind, the radial component of the wind speed tends to zero. Despite the actual magnitude of wind speed, the crosswind wakes become less
distinguishable from the free flow in a lidar scan; the radial velocity appears to be more homogeneous and poses less problem for the VVP retrieval.

Originally, the radius of the fetch area was chosen as r = 200m 21 to retrieve the (u, v) field reliably when using the VVP algorithm.We increase
this value to r = 300m to ensure that the masked area is always filled in the case of wide or merging wakes.

3.2 Cost function optimization for the detailed retrieval

The second step of the 2D-VAR algorithm optimizes a cost function J . The cost function introduces several constraints to the background flow to
allow a single solution1:

• A – the deviation between calculated and observed radial velocities defined from Eq. (5)
A = (u sin θ + v cos θ)− Vr (5)

• B – the deviation from the constant wind defined via an unknown value P

B = (u cos θ − v sin θ)−Wb2
∂Vr

∂θ
+ P (6)

We alter the definition of the term by adding a weight Wb2 to allow an additional control of the derivative ∂Vr/∂θ. When Wb2 ̸= 1, the
discrepancies with the actual derivative are then accumulated in the term P .

• C – the radial velocity advection equation. This term assumes that the radial velocity is stationary between two consecutive scans.
C =

∂Vr

∂t
+ u

∂Vr

∂x
+ v

∂Vr

∂y
(7)

• D – the deviation from the background flow (ub, vb), which is estimated in the previous step using the VVP algorithm.
Da = u− ub, Db = v − vb (8)

The weighted constraints are optimized for the whole retrieval domain defined on the Cartesian grid (x, y).
J(u, v, P ) =

1

2Ω

∫
(WaA

2 +WbB
2 +WcC

2 +WdD
2
a +WdD

2
b )dΩ (9)

where Wa, Wb, Wc, and Wd are the weights that could be either constant or dynamic 22. We utilize the suggested dynamic definition of the
weights and provide a brief comparison to the constant weights when analyzing the results.

By the proposed definition,Wa is the only constant weight over the whole retrieval domain. The original study 22 suggests the value ofWa = 1.
Other weights are defined to adapt to local features of the flow. The weights,Wb andWd, are complementary so thatWb+Wd = 1. They indicate
whether the variability of radial velocities was accounted for.

Wd(x, y) = 1−
∑

(V V V P
r − V obs

r )2

σ2
Vr

(x,y) (10)
where V V V P

r = ub cos θ+ vb sin θ is the radial velocity calculated from the retrieved field using Eq. (2). σ2
Vr

is the variance of the measured radial
velocity in the same fetch area around the point (x, y) as in the VVP retrieval, i.e., a circular area with the radius of r = 300m. The weight Wb is
thenWb = 1−Wd.

The weightWc ensures that the advection equation is solved only for the points where the assumption of a stationary radial velocity would be
valid. I.e., the advection distance ∆r between two consecutive scans is

∆r = VT ×∆t (11)
where∆t is the time interval between the measurements at the same point in two consecutive scans, VT is the tangential velocity

VT =
∂Vr

∂θ
= ub sin θ + ub cos θ (12)

1The original study aligns x-axis and respective u-component with the North direction. To comply with the meteorological notation where x-axis isaligned with the East, we had to switch u and v-components where it was relevant
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anarea,runninganoptimizationfunctionaroundamaskedpointstillfetchesenoughnon-maskedpointsforthesolution.Themaskedpointsare
thenreplacedwiththeoptimizationresult,andtheretrievedfieldbecomesmorehomogeneousthanthenon-maskedsolution(Fig.5d,6d).

Weapplymaskingonlyinthecaseofprominentwakes,i.e.,whenthereferencewindspeedisabovethecut-inwindspeedof3.5m/sandthe
lidarbeamisalignedwiththereferencewinddirection.Iftheanglebetweenthelidarbeamandwinddirectionareclosetoperpendicular,asocalled
crosswind,theradialcomponentofthewindspeedtendstozero.Despitetheactualmagnitudeofwindspeed,thecrosswindwakesbecomeless
distinguishablefromthefreeflowinalidarscan;theradialvelocityappearstobemorehomogeneousandposeslessproblemfortheVVPretrieval.

Originally,theradiusofthefetchareawaschosenasr=200m21toretrievethe(u,v)fieldreliablywhenusingtheVVPalgorithm.Weincrease
thisvaluetor=300mtoensurethatthemaskedareaisalwaysfilledinthecaseofwideormergingwakes.

3.2Costfunctionoptimizationforthedetailedretrieval

Thesecondstepofthe2D-VARalgorithmoptimizesacostfunctionJ.Thecostfunctionintroducesseveralconstraintstothebackgroundflowto
allowasinglesolution1:

•A–thedeviationbetweencalculatedandobservedradialvelocitiesdefinedfromEq.(5)
A=(usinθ+vcosθ)−Vr(5)

•B–thedeviationfromtheconstantwinddefinedviaanunknownvalueP

B=(ucosθ−vsinθ)−Wb2
∂Vr

∂θ
+P(6)

WealterthedefinitionofthetermbyaddingaweightWb2toallowanadditionalcontrolofthederivative∂Vr/∂θ.WhenWb2̸=1,the
discrepancieswiththeactualderivativearethenaccumulatedinthetermP.

•C–theradialvelocityadvectionequation.Thistermassumesthattheradialvelocityisstationarybetweentwoconsecutivescans.
C=

∂Vr

∂t
+u

∂Vr

∂x
+v

∂Vr

∂y
(7)

•D–thedeviationfromthebackgroundflow(ub,vb),whichisestimatedinthepreviousstepusingtheVVPalgorithm.
Da=u−ub,Db=v−vb(8)

TheweightedconstraintsareoptimizedforthewholeretrievaldomaindefinedontheCartesiangrid(x,y).
J(u,v,P)=

1

2Ω

∫
(WaA

2+WbB
2+WcC

2+WdD
2
a+WdD

2
b)dΩ(9)

whereWa,Wb,Wc,andWdaretheweightsthatcouldbeeitherconstantordynamic22.Weutilizethesuggesteddynamicdefinitionofthe
weightsandprovideabriefcomparisontotheconstantweightswhenanalyzingtheresults.

Bytheproposeddefinition,Waistheonlyconstantweightoverthewholeretrievaldomain.Theoriginalstudy22suggeststhevalueofWa=1.
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anarea,runninganoptimizationfunctionaroundamaskedpointstillfetchesenoughnon-maskedpointsforthesolution.Themaskedpointsare
thenreplacedwiththeoptimizationresult,andtheretrievedfieldbecomesmorehomogeneousthanthenon-maskedsolution(Fig.5d,6d).

Weapplymaskingonlyinthecaseofprominentwakes,i.e.,whenthereferencewindspeedisabovethecut-inwindspeedof3.5m/sandthe
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crosswind,theradialcomponentofthewindspeedtendstozero.Despitetheactualmagnitudeofwindspeed,thecrosswindwakesbecomeless
distinguishablefromthefreeflowinalidarscan;theradialvelocityappearstobemorehomogeneousandposeslessproblemfortheVVPretrieval.

Originally,theradiusofthefetchareawaschosenasr=200m21toretrievethe(u,v)fieldreliablywhenusingtheVVPalgorithm.Weincrease
thisvaluetor=300mtoensurethatthemaskedareaisalwaysfilledinthecaseofwideormergingwakes.

3.2Costfunctionoptimizationforthedetailedretrieval
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an area, running an optimization function around a masked point still fetches enough non-masked points for the solution. The masked points are
then replaced with the optimization result, and the retrieved field becomes more homogeneous than the non-masked solution (Fig. 5d, 6d).

We apply masking only in the case of prominent wakes, i.e., when the reference wind speed is above the cut-in wind speed of 3.5m/s and the
lidar beam is alignedwith the reference wind direction. If the angle between the lidar beam andwind direction are close to perpendicular, a so called
crosswind, the radial component of the wind speed tends to zero. Despite the actual magnitude of wind speed, the crosswind wakes become less
distinguishable from the free flow in a lidar scan; the radial velocity appears to be more homogeneous and poses less problem for the VVP retrieval.

Originally, the radius of the fetch area was chosen as r = 200m 21 to retrieve the (u, v) field reliably when using the VVP algorithm.We increase
this value to r = 300m to ensure that the masked area is always filled in the case of wide or merging wakes.

3.2 Cost function optimization for the detailed retrieval

The second step of the 2D-VAR algorithm optimizes a cost function J . The cost function introduces several constraints to the background flow to
allow a single solution1:

• A – the deviation between calculated and observed radial velocities defined from Eq. (5)
A = (u sin θ + v cos θ)− Vr (5)

• B – the deviation from the constant wind defined via an unknown value P

B = (u cos θ − v sin θ)−Wb2
∂Vr

∂θ
+ P (6)

We alter the definition of the term by adding a weight Wb2 to allow an additional control of the derivative ∂Vr/∂θ. When Wb2 ̸= 1, the
discrepancies with the actual derivative are then accumulated in the term P .

• C – the radial velocity advection equation. This term assumes that the radial velocity is stationary between two consecutive scans.
C =

∂Vr

∂t
+ u

∂Vr

∂x
+ v

∂Vr

∂y (7)
• D – the deviation from the background flow (ub, vb), which is estimated in the previous step using the VVP algorithm.

Da = u− ub, Db = v − vb (8)
The weighted constraints are optimized for the whole retrieval domain defined on the Cartesian grid (x, y).
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where Wa, Wb, Wc, and Wd are the weights that could be either constant or dynamic 22. We utilize the suggested dynamic definition of the
weights and provide a brief comparison to the constant weights when analyzing the results.

By the proposed definition,Wa is the only constant weight over the whole retrieval domain. The original study 22 suggests the value ofWa = 1.
Other weights are defined to adapt to local features of the flow. The weights,Wb andWd, are complementary so thatWb+Wd = 1. They indicate
whether the variability of radial velocities was accounted for.
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(x,y) (10)
where V V V P

r = ub cos θ+ vb sin θ is the radial velocity calculated from the retrieved field using Eq. (2). σ2
Vr is the variance of the measured radial

velocity in the same fetch area around the point (x, y) as in the VVP retrieval, i.e., a circular area with the radius of r = 300m. The weight Wb is
thenWb = 1−Wd.

The weightWc ensures that the advection equation is solved only for the points where the assumption of a stationary radial velocity would be
valid. I.e., the advection distance ∆r between two consecutive scans is

∆r = VT ×∆t (11)
where∆t is the time interval between the measurements at the same point in two consecutive scans, VT is the tangential velocity

VT =
∂Vr

∂θ
= ub sin θ + ub cos θ (12)

1The original study aligns x-axis and respective u-component with the North direction. To comply with the meteorological notation where x-axis isaligned with the East, we had to switch u and v-components where it was relevant
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an area, running an optimization function around a masked point still fetches enough non-masked points for the solution. The masked points are
then replaced with the optimization result, and the retrieved field becomes more homogeneous than the non-masked solution (Fig. 5d, 6d).

We apply masking only in the case of prominent wakes, i.e., when the reference wind speed is above the cut-in wind speed of 3.5m/s and the
lidar beam is alignedwith the reference wind direction. If the angle between the lidar beam andwind direction are close to perpendicular, a so called
crosswind, the radial component of the wind speed tends to zero. Despite the actual magnitude of wind speed, the crosswind wakes become less
distinguishable from the free flow in a lidar scan; the radial velocity appears to be more homogeneous and poses less problem for the VVP retrieval.

Originally, the radius of the fetch area was chosen as r = 200m 21 to retrieve the (u, v) field reliably when using the VVP algorithm.We increase
this value to r = 300m to ensure that the masked area is always filled in the case of wide or merging wakes.

3.2 Cost function optimization for the detailed retrieval

The second step of the 2D-VAR algorithm optimizes a cost function J . The cost function introduces several constraints to the background flow to
allow a single solution1:
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anarea,runninganoptimizationfunctionaroundamaskedpointstillfetchesenoughnon-maskedpointsforthesolution.Themaskedpointsare
thenreplacedwiththeoptimizationresult,andtheretrievedfieldbecomesmorehomogeneousthanthenon-maskedsolution(Fig.5d,6d).

Weapplymaskingonlyinthecaseofprominentwakes,i.e.,whenthereferencewindspeedisabovethecut-inwindspeedof3.5m/sandthe
lidarbeamisalignedwiththereferencewinddirection.Iftheanglebetweenthelidarbeamandwinddirectionareclosetoperpendicular,asocalled
crosswind,theradialcomponentofthewindspeedtendstozero.Despitetheactualmagnitudeofwindspeed,thecrosswindwakesbecomeless
distinguishablefromthefreeflowinalidarscan;theradialvelocityappearstobemorehomogeneousandposeslessproblemfortheVVPretrieval.

Originally,theradiusofthefetchareawaschosenasr=200m21toretrievethe(u,v)fieldreliablywhenusingtheVVPalgorithm.Weincrease
thisvaluetor=300mtoensurethatthemaskedareaisalwaysfilledinthecaseofwideormergingwakes.

3.2Costfunctionoptimizationforthedetailedretrieval

Thesecondstepofthe2D-VARalgorithmoptimizesacostfunctionJ.Thecostfunctionintroducesseveralconstraintstothebackgroundflowto
allowasinglesolution1:

•A–thedeviationbetweencalculatedandobservedradialvelocitiesdefinedfromEq.(5)
A=(usinθ+vcosθ)−Vr(5)

•B–thedeviationfromtheconstantwinddefinedviaanunknownvalueP

B=(ucosθ−vsinθ)−Wb2
∂Vr

∂θ
+P(6)

WealterthedefinitionofthetermbyaddingaweightWb2toallowanadditionalcontrolofthederivative∂Vr/∂θ.WhenWb2̸=1,the
discrepancieswiththeactualderivativearethenaccumulatedinthetermP.

•C–theradialvelocityadvectionequation.Thistermassumesthattheradialvelocityisstationarybetweentwoconsecutivescans.
C=

∂Vr

∂t
+u

∂Vr

∂x
+v

∂Vr

∂y(7)
•D–thedeviationfromthebackgroundflow(ub,vb),whichisestimatedinthepreviousstepusingtheVVPalgorithm.

Da=u−ub,Db=v−vb(8)
TheweightedconstraintsareoptimizedforthewholeretrievaldomaindefinedontheCartesiangrid(x,y).
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whereWa,Wb,Wc,andWdaretheweightsthatcouldbeeitherconstantordynamic22.Weutilizethesuggesteddynamicdefinitionofthe
weightsandprovideabriefcomparisontotheconstantweightswhenanalyzingtheresults.

Bytheproposeddefinition,Waistheonlyconstantweightoverthewholeretrievaldomain.Theoriginalstudy22suggeststhevalueofWa=1.
Otherweightsaredefinedtoadapttolocalfeaturesoftheflow.Theweights,WbandWd,arecomplementarysothatWb+Wd=1.Theyindicate
whetherthevariabilityofradialvelocitieswasaccountedfor.
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velocityinthesamefetchareaaroundthepoint(x,y)asintheVVPretrieval,i.e.,acircularareawiththeradiusofr=300m.TheweightWbis
thenWb=1−Wd.

TheweightWcensuresthattheadvectionequationissolvedonlyforthepointswheretheassumptionofastationaryradialvelocitywouldbe
valid.I.e.,theadvectiondistance∆rbetweentwoconsecutivescansis

∆r=VT×∆t(11)
where∆tisthetimeintervalbetweenthemeasurementsatthesamepointintwoconsecutivescans,VTisthetangentialvelocity
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anarea,runninganoptimizationfunctionaroundamaskedpointstillfetchesenoughnon-maskedpointsforthesolution.Themaskedpointsare
thenreplacedwiththeoptimizationresult,andtheretrievedfieldbecomesmorehomogeneousthanthenon-maskedsolution(Fig.5d,6d).
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discrepancieswiththeactualderivativearethenaccumulatedinthetermP.

•C–theradialvelocityadvectionequation.Thistermassumesthattheradialvelocityisstationarybetweentwoconsecutivescans.
C=

∂Vr
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∂Vr

∂y(7)
•D–thedeviationfromthebackgroundflow(ub,vb),whichisestimatedinthepreviousstepusingtheVVPalgorithm.

Da=u−ub,Db=v−vb(8)
TheweightedconstraintsareoptimizedforthewholeretrievaldomaindefinedontheCartesiangrid(x,y).
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1
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∫
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2
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2
+WcC

2
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2
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2
b)dΩ(9)
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weightsandprovideabriefcomparisontotheconstantweightswhenanalyzingtheresults.
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Otherweightsaredefinedtoadapttolocalfeaturesoftheflow.Theweights,WbandWd,arecomplementarysothatWb+Wd=1.Theyindicate
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r=ubcosθ+vbsinθistheradialvelocitycalculatedfromtheretrievedfieldusingEq.(2).σ2
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1Theoriginalstudyalignsx-axisandrespectiveu-componentwiththeNorthdirection.Tocomplywiththemeteorologicalnotationwherex-axisis alignedwiththeEast,wehadtoswitchuandv-componentswhereitwasrelevant
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Then, taking λ as 1−2 times the grid spacing, the weight Wc is defined as a binary matrix
Wc =




0; for∆R > λ

1; for∆R ≤ λ
(13)

We observed an improvement of the retrieved flow structure in SEP16 if more weight is given toWa, which we discuss further in the sensitivity
analysis of the 2D-VAR algorithm. We also set Wb2 = 1 and apply a Gaussian filter with the standard deviation of σ = 4 to the gap-filled radial
velocity Vr prior of calculation of the derivative ∂Vr/∂θ in Eq. (6). Time and spatial derivatives in the advection component Eq. (7) are calculated
for the original field with the gaps filled to avoid over-smoothing of the input data. Hence, we define our weight set as follows

Wa = 5, Wb = 1−Wd, Wb2 = 1, Wc as in Eq. (13),Wd as in Eq. (10) (14)
Since the cost function is optimized for the whole area at once and attempts to retrieve the original non-homogeneous flow, the wake masking

is not applied here. An initial guess utilizes a constant field (u0, v0) as defined in Eq. (4) from the FINO1 mast data. The initial deviation from the
constant flow is set to zeroes matrix P0 = 0.

3.3 Validation

We consider two aspects when evaluating the retrieval accuracy: whether the virtual lidar field modeled from the retrieved flow correspond to the
FINO1 lidar measurement and whether the local retrieved wind characteristics agree with FINO1 and SCADA time series.

The modelled radial velocity V mod
r is calculated from the retrieved field (uret, vret) using Eq. (2). The divergence from the observed radial

velocity V obs
r is evaluated based on the mean and standard deviation of the residuals ∆Vr .

∆Vr = V obs
r − V mod

r = V obs
r − (uret cos θ + vret sin θ) (15)

The retrieved wind speed and direction are compared against FINO1 and SCADA data. We use different approaches depending on the lidar’s
elevation angle. For the nearly horizontal scans in the AUG16 dataset taken at the elevation angle of 0.5°, only the comparison to FINO1 measure-
ments near the height of 33m would be relevant. The wind speed components (uret

xy , vretxy ) are extracted from the top left corner of the retrieval
domain – the probe point closest to the FINO1 mast, excluding the border points, or xp = 130m, yp = −330m.

The SEP16 dataset with scans taken at the elevation angle of 4.6° provides a different option for the comparison – the time series at AV7 hub
height. The inflow wind speed and direction for the AV7 turbine are probed dynamically so that the probe point is always located at 1D upstream
of AV7. The wind speed components are calculated as mean values in a circular area with a radius of 1D around the probe point.

For the comparison, the retrieval and SCADA time series are averaged to the same 10-minute periods as the FINO1 time series. The root mean
square errors (RMSE) of wind speed ∆U and direction∆ϕ estimation are then calculated as follows:

∆U =

√√√√ 1

N

N∑

i=1

(U1 − U2)
2, U(1,2) =

√
u2
(1,2)

+ v2
(1,2)

(16)

∆ϕ =

√√√√ 1

N

N∑

i=1

[
arccos

(
u1u2 + v1v2

U1 · U2

)]2 (17)
where the indices (1, 2) mark values from respective time series U1 and U2 and N is the number of valid values.

4 RESULTS

4.1 Comparison to the original study, August 31, 2016 (AUG16)

Since we are implementing the 2D-VAR retrieval algorithm anew, we verify how our implementation performs compared to the original
study 21,22. The 2D-VAR retrieved time series follows the FINO1 time series regardless of the wake masking. In contrast, the VVP series deviate
stronger from FINO1 for certain wind directions when the retrieval is run without wake masking (Fig. 7).

The new implementation achieves good agreement for scans taken after 15:00. Those scans are characterized by crosswind directions and
wind speeds close to cut-in wind speed. I.e., the flow is nearly homogeneous. Consequently, the new implementation and VVP retrieval show little
divergence from the reference data and from each other.

We observe similar errors in thewind speed estimation between our and original implementation, but a larger error in thewind direction (Table 2).
The wind direction error is also larger for the VVP retrieval. Considering that the VVP algorithm returns a rather stable solution, the difference in
wind direction errors may be caused by different pre-processing and solving procedures that were not detailed in the original study.
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Then,takingλas1−2timesthegridspacing,theweightWcisdefinedasabinarymatrix
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
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(13)

WeobservedanimprovementoftheretrievedflowstructureinSEP16ifmoreweightisgiventoWa,whichwediscussfurtherinthesensitivity
analysisofthe2D-VARalgorithm.WealsosetWb2=1andapplyaGaussianfilterwiththestandarddeviationofσ=4tothegap-filledradial
velocityVrpriorofcalculationofthederivative∂Vr/∂θinEq.(6).TimeandspatialderivativesintheadvectioncomponentEq.(7)arecalculated
fortheoriginalfieldwiththegapsfilledtoavoidover-smoothingoftheinputdata.Hence,wedefineourweightsetasfollows

Wa=5,Wb=1−Wd,Wb2=1,WcasinEq.(13),WdasinEq.(10)(14)
Sincethecostfunctionisoptimizedforthewholeareaatonceandattemptstoretrievetheoriginalnon-homogeneousflow,thewakemasking

isnotappliedhere.Aninitialguessutilizesaconstantfield(u0,v0)asdefinedinEq.(4)fromtheFINO1mastdata.Theinitialdeviationfromthe
constantflowissettozeroesmatrixP0=0.

3.3Validation

Weconsidertwoaspectswhenevaluatingtheretrievalaccuracy:whetherthevirtuallidarfieldmodeledfromtheretrievedflowcorrespondtothe
FINO1lidarmeasurementandwhetherthelocalretrievedwindcharacteristicsagreewithFINO1andSCADAtimeseries.

ThemodelledradialvelocityVmod
riscalculatedfromtheretrievedfield(uret,vret)usingEq.(2).Thedivergencefromtheobservedradial

velocityVobs
risevaluatedbasedonthemeanandstandarddeviationoftheresiduals∆Vr.

∆Vr=Vobs
r−Vmod

r=Vobs
r−(uretcosθ+vretsinθ)(15)

TheretrievedwindspeedanddirectionarecomparedagainstFINO1andSCADAdata.Weusedifferentapproachesdependingonthelidar’s
elevationangle.ForthenearlyhorizontalscansintheAUG16datasettakenattheelevationangleof0.5°,onlythecomparisontoFINO1measure-
mentsneartheheightof33mwouldberelevant.Thewindspeedcomponents(uret

xy,vret xy)areextractedfromthetopleftcorneroftheretrieval
domain–theprobepointclosesttotheFINO1mast,excludingtheborderpoints,orxp=130m,yp=−330m.

TheSEP16datasetwithscanstakenattheelevationangleof4.6°providesadifferentoptionforthecomparison–thetimeseriesatAV7hub
height.TheinflowwindspeedanddirectionfortheAV7turbineareprobeddynamicallysothattheprobepointisalwayslocatedat1Dupstream
ofAV7.Thewindspeedcomponentsarecalculatedasmeanvaluesinacircularareawitharadiusof1Daroundtheprobepoint.

Forthecomparison,theretrievalandSCADAtimeseriesareaveragedtothesame10-minuteperiodsastheFINO1timeseries.Therootmean
squareerrors(RMSE)ofwindspeed∆Uanddirection∆ϕestimationarethencalculatedasfollows:

∆U=

√√√√1

N

N∑

i=1

(U1−U2)
2,U(1,2)=

√
u2

(1,2)
+v2

(1,2)
(16)

∆ϕ=

√√√√1

N

N∑

i=1

[
arccos

(
u1u2+v1v2

U1·U2

)]2(17)
wheretheindices(1,2)markvaluesfromrespectivetimeseriesU1andU2andNisthenumberofvalidvalues.

4RESULTS

4.1Comparisontotheoriginalstudy,August31,2016(AUG16)

Sinceweareimplementingthe2D-VARretrievalalgorithmanew,weverifyhowourimplementationperformscomparedtotheoriginal
study21,22.The2D-VARretrievedtimeseriesfollowstheFINO1timeseriesregardlessofthewakemasking.Incontrast,theVVPseriesdeviate
strongerfromFINO1forcertainwinddirectionswhentheretrievalisrunwithoutwakemasking(Fig.7).

Thenewimplementationachievesgoodagreementforscanstakenafter15:00.Thosescansarecharacterizedbycrosswinddirectionsand
windspeedsclosetocut-inwindspeed.I.e.,theflowisnearlyhomogeneous.Consequently,thenewimplementationandVVPretrievalshowlittle
divergencefromthereferencedataandfromeachother.

Weobservesimilarerrorsinthewindspeedestimationbetweenourandoriginalimplementation,butalargererrorinthewinddirection(Table2).
ThewinddirectionerrorisalsolargerfortheVVPretrieval.ConsideringthattheVVPalgorithmreturnsaratherstablesolution,thedifferencein
winddirectionerrorsmaybecausedbydifferentpre-processingandsolvingproceduresthatwerenotdetailedintheoriginalstudy.
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Then, taking λ as 1−2 times the grid spacing, the weight Wc is defined as a binary matrix
Wc =




0; for∆R > λ

1; for∆R ≤ λ (13)
We observed an improvement of the retrieved flow structure in SEP16 if more weight is given toWa, which we discuss further in the sensitivity

analysis of the 2D-VAR algorithm. We also set Wb2 = 1 and apply a Gaussian filter with the standard deviation of σ = 4 to the gap-filled radial
velocity Vr prior of calculation of the derivative ∂Vr/∂θ in Eq. (6). Time and spatial derivatives in the advection component Eq. (7) are calculated
for the original field with the gaps filled to avoid over-smoothing of the input data. Hence, we define our weight set as follows

Wa = 5, Wb = 1−Wd, Wb2 = 1, Wc as in Eq. (13),Wd as in Eq. (10) (14)
Since the cost function is optimized for the whole area at once and attempts to retrieve the original non-homogeneous flow, the wake masking

is not applied here. An initial guess utilizes a constant field (u0, v0) as defined in Eq. (4) from the FINO1 mast data. The initial deviation from the
constant flow is set to zeroes matrix P0 = 0.

3.3 Validation

We consider two aspects when evaluating the retrieval accuracy: whether the virtual lidar field modeled from the retrieved flow correspond to the
FINO1 lidar measurement and whether the local retrieved wind characteristics agree with FINO1 and SCADA time series.

The modelled radial velocity V mod
r is calculated from the retrieved field (uret, vret) using Eq. (2). The divergence from the observed radial

velocity V obs
r is evaluated based on the mean and standard deviation of the residuals ∆Vr .

∆Vr = V
obs
r − V

mod
r = V

obs
r − (u

ret
cos θ + v

ret
sin θ) (15)

The retrieved wind speed and direction are compared against FINO1 and SCADA data. We use different approaches depending on the lidar’s
elevation angle. For the nearly horizontal scans in the AUG16 dataset taken at the elevation angle of 0.5°, only the comparison to FINO1 measure-
ments near the height of 33m would be relevant. The wind speed components (uret

xy , vret
xy ) are extracted from the top left corner of the retrieval

domain – the probe point closest to the FINO1 mast, excluding the border points, or xp = 130m, yp = −330m.
The SEP16 dataset with scans taken at the elevation angle of 4.6° provides a different option for the comparison – the time series at AV7 hub

height. The inflow wind speed and direction for the AV7 turbine are probed dynamically so that the probe point is always located at 1D upstream
of AV7. The wind speed components are calculated as mean values in a circular area with a radius of 1D around the probe point.

For the comparison, the retrieval and SCADA time series are averaged to the same 10-minute periods as the FINO1 time series. The root mean
square errors (RMSE) of wind speed ∆U and direction∆ϕ estimation are then calculated as follows:

∆U =

√√
√√ 1

N

N∑

i=1

(U1 − U2)
2
, U(1,2) =

√
u2
(1,2) + v2

(1,2) (16)

∆ϕ =

√√
√√ 1

N

N∑

i=1

[
arccos

(u1u2 + v1v2

U1 · U2

)]2
(17)

where the indices (1, 2) mark values from respective time series U1 and U2 and N is the number of valid values.

4 RESULTS

4.1 Comparison to the original study, August 31, 2016 (AUG16)

Since we are implementing the 2D-VAR retrieval algorithm anew, we verify how our implementation performs compared to the original
study 21,22. The 2D-VAR retrieved time series follows the FINO1 time series regardless of the wake masking. In contrast, the VVP series deviate
stronger from FINO1 for certain wind directions when the retrieval is run without wake masking (Fig. 7).

The new implementation achieves good agreement for scans taken after 15:00. Those scans are characterized by crosswind directions and
wind speeds close to cut-in wind speed. I.e., the flow is nearly homogeneous. Consequently, the new implementation and VVP retrieval show little
divergence from the reference data and from each other.

We observe similar errors in thewind speed estimation between our and original implementation, but a larger error in thewind direction (Table 2).
The wind direction error is also larger for the VVP retrieval. Considering that the VVP algorithm returns a rather stable solution, the difference in
wind direction errors may be caused by different pre-processing and solving procedures that were not detailed in the original study.
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Table 2 Results reproduction for AUG16 dataset.
Study Algorithm Wind speed error Wind speed correlation

coefficient
Wind direction error Wind direction correla-

tion coefficient
Original† 2D-VAR 0.383m/s 0.96 -1.4° 0.98

VVP 0.29m/s 0.98 4.3° 0.99
Reproduced 2D-VAR 0.334m/s 0.96 6.06° 0.96

VVP 0.375m/s 0.96 7.61° 0.96
†Cherukuru, N. W., Calhoun, R., Krishnamurthy, R., Benny, S., Reuder, J. and Flügge, M.: 2D VAD single Doppler lidar vector retrieval and its
application in offshore wind energy, Energy Procedia, 137, 497–504, 2017.

Figure 7 Comparison of the retrieval results and FINO1 data for the AUG16 dataset.

4.2 Comparison to the new dataset, September 2016 (SEP16)

SEP16 dataset provides an additional possibility for the validation provided that SCADA data are available. FINO1 vs. SCADA comparison is then
taken as a reference – the retrieved series should not perform worse than it.

The retrieval time series shows good agreement with FINO1 and SCADA data, especially for the wind speed estimation (Fig. 10ab). Several
outliers in wind direction cannot be explained only by being close to 0° or 360°. When highlighted by the wind speed value, the irregular outliers
correspond to wind speeds below 1m/s. The uncertainty of the instantaneous measurements can then explain the discrepancy during low wind.
The directional components both in measured and retrieved time series are prone to uncertainty error. Consequently, the wind direction may be
estimated incorrectly for low wind even if the wind speed magnitude is similar. Hence, we consider the retrieval results unreliable for FINO1 or
SCADA wind speeds below 1m/s and do not include them in the comparison and error calculation.

The scatter of retrieved wind direction is smaller for the 2D-VAR vs. FINO1 comparison than for 2D-VAR vs. SCADA (Fig. 10ab). In addition,
the scatter in 2D-VAR vs. SCADA plot resembles FINO1 vs. SCADA comparison (Fig. 10c) despite the values being probed closer to AV7, SCADA
measurement location, than FINO1. A better agreement with FINO1 implies that the cost function optimization may be tuned to the initial guess
(u0, v0) calculated from FINO1 data. We perform a sensitivity analysis to determine, which factors affect the 2D-VAR algorithm.

4.2.1 Sensitivity to the input data

The 2D-VAR algorithm consists of two optimization steps. Both steps require an initial guess of the horizontal wind field (u0, v0). In the first step,
the VVP retrieval is run locally point by point. The VVP solution via least-squares minimization is rather stable and does not noticeably depend
on an initial guess. The solution can be affected slightly by altering the grid spacing or retrieval domain size. Stronger alteration can be achieved if
some points are deliberately excluded from the minimization, i.e., by applying the wake masking (Fig. 11).
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4.2Comparisontothenewdataset,September2016(SEP16)

SEP16datasetprovidesanadditionalpossibilityforthevalidationprovidedthatSCADAdataareavailable.FINO1vs.SCADAcomparisonisthen
takenasareference–theretrievedseriesshouldnotperformworsethanit.

TheretrievaltimeseriesshowsgoodagreementwithFINO1andSCADAdata,especiallyforthewindspeedestimation(Fig.10ab).Several
outliersinwinddirectioncannotbeexplainedonlybybeingcloseto0°or360°.Whenhighlightedbythewindspeedvalue,theirregularoutliers
correspondtowindspeedsbelow1m/s.Theuncertaintyoftheinstantaneousmeasurementscanthenexplainthediscrepancyduringlowwind.
Thedirectionalcomponentsbothinmeasuredandretrievedtimeseriesarepronetouncertaintyerror.Consequently,thewinddirectionmaybe
estimatedincorrectlyforlowwindevenifthewindspeedmagnitudeissimilar.Hence,weconsidertheretrievalresultsunreliableforFINO1or
SCADAwindspeedsbelow1m/sanddonotincludetheminthecomparisonanderrorcalculation.

Thescatterofretrievedwinddirectionissmallerforthe2D-VARvs.FINO1comparisonthanfor2D-VARvs.SCADA(Fig.10ab).Inaddition,
thescatterin2D-VARvs.SCADAplotresemblesFINO1vs.SCADAcomparison(Fig.10c)despitethevaluesbeingprobedclosertoAV7,SCADA
measurementlocation,thanFINO1.AbetteragreementwithFINO1impliesthatthecostfunctionoptimizationmaybetunedtotheinitialguess
(u0,v0)calculatedfromFINO1data.Weperformasensitivityanalysistodetermine,whichfactorsaffectthe2D-VARalgorithm.

4.2.1Sensitivitytotheinputdata

The2D-VARalgorithmconsistsoftwooptimizationsteps.Bothstepsrequireaninitialguessofthehorizontalwindfield(u0,v0).Inthefirststep,
theVVPretrievalisrunlocallypointbypoint.TheVVPsolutionvialeast-squaresminimizationisratherstableanddoesnotnoticeablydepend
onaninitialguess.Thesolutioncanbeaffectedslightlybyalteringthegridspacingorretrievaldomainsize.Strongeralterationcanbeachievedif
somepointsaredeliberatelyexcludedfromtheminimization,i.e.,byapplyingthewakemasking(Fig.11).
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correspondtowindspeedsbelow1m/s.Theuncertaintyoftheinstantaneousmeasurementscanthenexplainthediscrepancyduringlowwind.
Thedirectionalcomponentsbothinmeasuredandretrievedtimeseriesarepronetouncertaintyerror.Consequently,thewinddirectionmaybe
estimatedincorrectlyforlowwindevenifthewindspeedmagnitudeissimilar.Hence,weconsidertheretrievalresultsunreliableforFINO1or
SCADAwindspeedsbelow1m/sanddonotincludetheminthecomparisonanderrorcalculation.
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(u0,v0)calculatedfromFINO1data.Weperformasensitivityanalysistodetermine,whichfactorsaffectthe2D-VARalgorithm.

4.2.1Sensitivitytotheinputdata

The2D-VARalgorithmconsistsoftwooptimizationsteps.Bothstepsrequireaninitialguessofthehorizontalwindfield(u0,v0).Inthefirststep,
theVVPretrievalisrunlocallypointbypoint.TheVVPsolutionvialeast-squaresminimizationisratherstableanddoesnotnoticeablydepend
onaninitialguess.Thesolutioncanbeaffectedslightlybyalteringthegridspacingorretrievaldomainsize.Strongeralterationcanbeachievedif
somepointsaredeliberatelyexcludedfromtheminimization,i.e.,byapplyingthewakemasking(Fig.11).
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Figure 8 Example of the retrieval performed for the scan from AUG16 taken at 20160831 02:15:46 UTC+0. FINO1 wind speed 5.6m/s, wind
direction 155°.

The VVP field is then used in the cost function optimization in the term D (Eq. (8)) and the weight Wd, if the dynamic definition Eq. (10) is
applied. Hence, strong non-physical disturbances in the VVP solution are carried over to the next optimization step. Figure 11 shows an example
of the retrieval performed for a lidar scan with long prominent wakes present. If the VVP retrieved field is obtained without the wake masking, the
2D-VAR solution gets a non-uniform wind speed increase along the wind turbines. Consequently, radial velocity residuals have a higher standard
deviation and bias compared to the solution where the wakes were masked for the VVP algorithm. The residuals of the non-masked solution tend
to have lower bias and standard deviation.

For the first step of the 2D-VAR algorithm, the accuracy of wake masking becomes more important for the VVP solution than the initial guess.
If the wakes cannot be identified reliably, e.g., in the crosswind conditions, it is preferable to proceed without masking. Wake masking is the most
efficient when the lidar captures wide and long strong wakes, i.e., when the lidar beam and wind direction are aligned (Fig. 11). Due to the FINO1
relative position to AV7 and with the respect to the lidar orientation, such alignment occurs only in the north-western and south-eastern sectors.
Although not many events are registered for those sectors, the agreement to the SCADA wind rose (Fig. 9b) is better when the wake masking
is applied (Fig. 9c) as opposed to non-masked wakes (Fig. 9d). The improvement leads to a slight reduction of RMSE when the wake masking is
applied compared to non-masked retrieval (Fig. 12).

The second step of the 2D-VAR algorithm relies on optimizing the cost function calculated over the whole area. Despite the 2D-VAR algorithm
using the FINO1 data as an initial guess, the retrieved data’s wind speed and direction distribution (Fig. 9c) are closer to the SCADA wind rose
rather than FINO1. If the algorithm is run with the SCADA data as an initial guess, the agreement between the SCADA data and retrieved inflow
gradually increases (Table 3, Fig. 12). On the contrary, the solution diverges from FINO1 mast data at the hub height showing wind direction errors
similar to the comparison between FINO1 and SCADA.

Nevertheless, the wind field estimated with FINO1 has a smaller gap between wind direction errors for FINO1 or SCADA data comparison. A
good agreement implies that the retrieved wind field near AV7 tends to the actual wind field, provided that the initial guess is still close to it.

10MARIAKRUTOVAetal

Figure8ExampleoftheretrievalperformedforthescanfromAUG16takenat2016083102:15:46UTC+0.FINO1windspeed5.6m/s,wind
direction155°.

TheVVPfieldisthenusedinthecostfunctionoptimizationinthetermD(Eq.(8))andtheweightWd,ifthedynamicdefinitionEq.(10)is
applied.Hence,strongnon-physicaldisturbancesintheVVPsolutionarecarriedovertothenextoptimizationstep.Figure11showsanexample
oftheretrievalperformedforalidarscanwithlongprominentwakespresent.IftheVVPretrievedfieldisobtainedwithoutthewakemasking,the
2D-VARsolutiongetsanon-uniformwindspeedincreasealongthewindturbines.Consequently,radialvelocityresidualshaveahigherstandard
deviationandbiascomparedtothesolutionwherethewakesweremaskedfortheVVPalgorithm.Theresidualsofthenon-maskedsolutiontend
tohavelowerbiasandstandarddeviation.

Forthefirststepofthe2D-VARalgorithm,theaccuracyofwakemaskingbecomesmoreimportantfortheVVPsolutionthantheinitialguess.
Ifthewakescannotbeidentifiedreliably,e.g.,inthecrosswindconditions,itispreferabletoproceedwithoutmasking.Wakemaskingisthemost
efficientwhenthelidarcaptureswideandlongstrongwakes,i.e.,whenthelidarbeamandwinddirectionarealigned(Fig.11).DuetotheFINO1
relativepositiontoAV7andwiththerespecttothelidarorientation,suchalignmentoccursonlyinthenorth-westernandsouth-easternsectors.
Althoughnotmanyeventsareregisteredforthosesectors,theagreementtotheSCADAwindrose(Fig.9b)isbetterwhenthewakemasking
isapplied(Fig.9c)asopposedtonon-maskedwakes(Fig.9d).TheimprovementleadstoaslightreductionofRMSEwhenthewakemaskingis
appliedcomparedtonon-maskedretrieval(Fig.12).

Thesecondstepofthe2D-VARalgorithmreliesonoptimizingthecostfunctioncalculatedoverthewholearea.Despitethe2D-VARalgorithm
usingtheFINO1dataasaninitialguess,theretrieveddata’swindspeedanddirectiondistribution(Fig.9c)areclosertotheSCADAwindrose
ratherthanFINO1.IfthealgorithmisrunwiththeSCADAdataasaninitialguess,theagreementbetweentheSCADAdataandretrievedinflow
graduallyincreases(Table3,Fig.12).Onthecontrary,thesolutiondivergesfromFINO1mastdataatthehubheightshowingwinddirectionerrors
similartothecomparisonbetweenFINO1andSCADA.

Nevertheless,thewindfieldestimatedwithFINO1hasasmallergapbetweenwinddirectionerrorsforFINO1orSCADAdatacomparison.A
goodagreementimpliesthattheretrievedwindfieldnearAV7tendstotheactualwindfield,providedthattheinitialguessisstillclosetoit.
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Table 3 Validation of the retrieval time series for the SEP16 dataset. Bold font marks the smallest error of wind speed and direction.
Series Wind speed error (RMSE) Wind direction error (RMSE)

VVP 2D-VAR VVP 2D-VAR
FINO1 mast data as initial guess
Retrieval vs. FINO1 (60m) 0.89m/s (0.976) 0.80m/s (0.981) 12.16° (0.975) 10.08° (0.980)
Retrieval vs. FINO1 (hub height) 1.04m/s (0.967) 0.67m/s (0.988) 14.51° (0.981) 11.68° (0.976)
Retrieval vs. SCADA 1.22m/s (0.954) 1.08m/s (0.976) 7.46° (0.988) 7.46° (0.988)
SCADA AV7 data as initial guess
Retrieval vs. FINO1 (60m) 0.88m/s (0.975) 1.13m/s (0.976) 12.71° (0.975) 12.23° (0.975)
Retrieval vs. FINO1 (hub height) 1.03m/s (0.966) 1.08m/s (0.976) 15.16° (0.976) 13.74° (0.977)
Retrieval vs. SCADA 1.31m/s (0.949) 0.74m/s (0.980) 8.44° (0.976) 5.85° (0.983)
Reference comparison
FINO1 vs. SCADA 1.43m/s (0.961) 12.69° (0.979)

Figure 9Wind roses for SEP16 for the inflow probe 1D upstream of AV7, 2D-VAR input sensitivity. Only scans valid for retrieval and are considered.
a) FINO1 data, b) SCADA data, c) 2D-VAR retrieval, FINO1 data as initial guess, wakes are masked at VVP step, d) 2D-VAR retrieval, FINO1 data
as initial guess, wakes are not masked at VVP step, e) 2D-VAR retrieval, SCADA data as initial guess, wakes are masked at VVP step

4.2.2 Sensitivity to the weights

We alter the weights Wa, Wb2, Wc, and Wd to analyze their effect on the final solution. We do not regard the weight Wb separately since it is
linked toWd.

The weightWa adjusts the cost function term A, which reduces the discrepancy between the lidar data and radial velocity calculated from the
retrieved field as defined in Eq. (5). Empirically, this weight should remain at Wa = 1. However, we observed a non-physical wind speed increase
at the wake boundaries in the retrieved flow when using this value for SEP16 scans. Increasing the weight puts more emphasis on reducing the
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Figure9WindrosesforSEP16fortheinflowprobe1DupstreamofAV7,2D-VARinputsensitivity.Onlyscansvalidforretrievalandareconsidered.
a)FINO1data,b)SCADAdata,c)2D-VARretrieval,FINO1dataasinitialguess,wakesaremaskedatVVPstep,d)2D-VARretrieval,FINO1data
asinitialguess,wakesarenotmaskedatVVPstep,e)2D-VARretrieval,SCADAdataasinitialguess,wakesaremaskedatVVPstep

4.2.2Sensitivitytotheweights

WealtertheweightsWa,Wb2,Wc,andWdtoanalyzetheireffectonthefinalsolution.WedonotregardtheweightWbseparatelysinceitis
linkedtoWd.

TheweightWaadjuststhecostfunctiontermA,whichreducesthediscrepancybetweenthelidardataandradialvelocitycalculatedfromthe
retrievedfieldasdefinedinEq.(5).Empirically,thisweightshouldremainatWa=1.However,weobservedanon-physicalwindspeedincrease
atthewakeboundariesintheretrievedflowwhenusingthisvalueforSEP16scans.Increasingtheweightputsmoreemphasisonreducingthe
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Figure 9Wind roses for SEP16 for the inflow probe 1D upstream of AV7, 2D-VAR input sensitivity. Only scans valid for retrieval and are considered.
a) FINO1 data, b) SCADA data, c) 2D-VAR retrieval, FINO1 data as initial guess, wakes are masked at VVP step, d) 2D-VAR retrieval, FINO1 data
as initial guess, wakes are not masked at VVP step, e) 2D-VAR retrieval, SCADA data as initial guess, wakes are masked at VVP step

4.2.2 Sensitivity to the weights

We alter the weights Wa, Wb2, Wc, and Wd to analyze their effect on the final solution. We do not regard the weight Wb separately since it is
linked toWd.

The weightWa adjusts the cost function term A, which reduces the discrepancy between the lidar data and radial velocity calculated from the
retrieved field as defined in Eq. (5). Empirically, this weight should remain at Wa = 1. However, we observed a non-physical wind speed increase
at the wake boundaries in the retrieved flow when using this value for SEP16 scans. Increasing the weight puts more emphasis on reducing the
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Figure9WindrosesforSEP16fortheinflowprobe1DupstreamofAV7,2D-VARinputsensitivity.Onlyscansvalidforretrievalandareconsidered.
a)FINO1data,b)SCADAdata,c)2D-VARretrieval,FINO1dataasinitialguess,wakesaremaskedatVVPstep,d)2D-VARretrieval,FINO1data
asinitialguess,wakesarenotmaskedatVVPstep,e)2D-VARretrieval,SCADAdataasinitialguess,wakesaremaskedatVVPstep

4.2.2Sensitivitytotheweights

WealtertheweightsWa,Wb2,Wc,andWdtoanalyzetheireffectonthefinalsolution.WedonotregardtheweightWbseparatelysinceitis
linkedtoWd.

TheweightWaadjuststhecostfunctiontermA,whichreducesthediscrepancybetweenthelidardataandradialvelocitycalculatedfromthe
retrievedfieldasdefinedinEq.(5).Empirically,thisweightshouldremainatWa=1.However,weobservedanon-physicalwindspeedincrease
atthewakeboundariesintheretrievedflowwhenusingthisvalueforSEP16scans.Increasingtheweightputsmoreemphasisonreducingthe

MARIAKRUTOVAetal11

Table3ValidationoftheretrievaltimeseriesfortheSEP16dataset.Boldfontmarksthesmallesterrorofwindspeedanddirection.
SeriesWindspeederror(RMSE)Winddirectionerror(RMSE)

VVP2D-VARVVP2D-VAR
FINO1mastdataasinitialguess
Retrievalvs.FINO1(60m)0.89m/s(0.976)0.80m/s(0.981)12.16°(0.975)10.08°(0.980)
Retrievalvs.FINO1(hubheight)1.04m/s(0.967)0.67m/s(0.988)14.51°(0.981)11.68°(0.976)
Retrievalvs.SCADA1.22m/s(0.954)1.08m/s(0.976)7.46°(0.988)7.46°(0.988)
SCADAAV7dataasinitialguess
Retrievalvs.FINO1(60m)0.88m/s(0.975)1.13m/s(0.976)12.71°(0.975)12.23°(0.975)
Retrievalvs.FINO1(hubheight)1.03m/s(0.966)1.08m/s(0.976)15.16°(0.976)13.74°(0.977)
Retrievalvs.SCADA1.31m/s(0.949)0.74m/s(0.980)8.44°(0.976)5.85°(0.983)
Referencecomparison
FINO1vs.SCADA1.43m/s(0.961)12.69°(0.979)

Figure9WindrosesforSEP16fortheinflowprobe1DupstreamofAV7,2D-VARinputsensitivity.Onlyscansvalidforretrievalandareconsidered.
a)FINO1data,b)SCADAdata,c)2D-VARretrieval,FINO1dataasinitialguess,wakesaremaskedatVVPstep,d)2D-VARretrieval,FINO1data
asinitialguess,wakesarenotmaskedatVVPstep,e)2D-VARretrieval,SCADAdataasinitialguess,wakesaremaskedatVVPstep

4.2.2Sensitivitytotheweights

WealtertheweightsWa,Wb2,Wc,andWdtoanalyzetheireffectonthefinalsolution.WedonotregardtheweightWbseparatelysinceitis
linkedtoWd.

TheweightWaadjuststhecostfunctiontermA,whichreducesthediscrepancybetweenthelidardataandradialvelocitycalculatedfromthe
retrievedfieldasdefinedinEq.(5).Empirically,thisweightshouldremainatWa=1.However,weobservedanon-physicalwindspeedincrease
atthewakeboundariesintheretrievedflowwhenusingthisvalueforSEP16scans.Increasingtheweightputsmoreemphasisonreducingthe

MARIAKRUTOVAetal11

Table3ValidationoftheretrievaltimeseriesfortheSEP16dataset.Boldfontmarksthesmallesterrorofwindspeedanddirection.
SeriesWindspeederror(RMSE)Winddirectionerror(RMSE)

VVP2D-VARVVP2D-VAR
FINO1mastdataasinitialguess
Retrievalvs.FINO1(60m)0.89m/s(0.976)0.80m/s(0.981)12.16°(0.975)10.08°(0.980)
Retrievalvs.FINO1(hubheight)1.04m/s(0.967)0.67m/s(0.988)14.51°(0.981)11.68°(0.976)
Retrievalvs.SCADA1.22m/s(0.954)1.08m/s(0.976)7.46°(0.988)7.46°(0.988)
SCADAAV7dataasinitialguess
Retrievalvs.FINO1(60m)0.88m/s(0.975)1.13m/s(0.976)12.71°(0.975)12.23°(0.975)
Retrievalvs.FINO1(hubheight)1.03m/s(0.966)1.08m/s(0.976)15.16°(0.976)13.74°(0.977)
Retrievalvs.SCADA1.31m/s(0.949)0.74m/s(0.980)8.44°(0.976)5.85°(0.983)
Referencecomparison
FINO1vs.SCADA1.43m/s(0.961)12.69°(0.979)

Figure9WindrosesforSEP16fortheinflowprobe1DupstreamofAV7,2D-VARinputsensitivity.Onlyscansvalidforretrievalandareconsidered.
a)FINO1data,b)SCADAdata,c)2D-VARretrieval,FINO1dataasinitialguess,wakesaremaskedatVVPstep,d)2D-VARretrieval,FINO1data
asinitialguess,wakesarenotmaskedatVVPstep,e)2D-VARretrieval,SCADAdataasinitialguess,wakesaremaskedatVVPstep

4.2.2Sensitivitytotheweights

WealtertheweightsWa,Wb2,Wc,andWdtoanalyzetheireffectonthefinalsolution.WedonotregardtheweightWbseparatelysinceitis
linkedtoWd.

TheweightWaadjuststhecostfunctiontermA,whichreducesthediscrepancybetweenthelidardataandradialvelocitycalculatedfromthe
retrievedfieldasdefinedinEq.(5).Empirically,thisweightshouldremainatWa=1.However,weobservedanon-physicalwindspeedincrease
atthewakeboundariesintheretrievedflowwhenusingthisvalueforSEP16scans.Increasingtheweightputsmoreemphasisonreducingthe
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discrepancy in radial velocity residuals but leads to a bias in the residuals. The residuals forWa = 1 are more symmetrical than with the increased
weight and have a higher standard deviation (Fig. 13).While a further increase ofWa gradually decreases the residuals, it strongly affects wind roses
for the AV7 inflow (Fig. 14ef), and they diverge from the reference FINO1 and SCADA wind roses (Fig. 14ab). Considering RMSE and correlation
coefficient trends for Wa < 10 and Wa ≥ 10, we suggest that using Wa = 1 is preferable to reduce the bias in radial velocity residuals, although
the retrieved flowmay occasionally produce small irregular structures.Wa = 5 is a good choice to remove those structures at the cost of increasing
the bias in wake and free-flow residuals. We do not recommend using higher values of Wa. As shown in Fig. 13, the high weight of Wa = 20

may force the algorithm to stay at the initial guess field, because other components would not contribute comparably to the cost function. Small
weightsWa < 1 should not be considered, as they lead to increased residuals.

We introduced an additional weight Wb2 to the term B of the cost function Eq. (6). This weight may be left at Wb2 = 1, provided the radial
velocity field was filtered before estimating a derivative ∂Vr/∂θ. If the original radial velocity field is used, leaving the weight at Wb2 = 1 results
in erroneous retrieval due to the high value of derivative (Fig. 16). Decreasing the weight to Wb2 = 0.1 performs nearly equally for filtered and
original radial velocities but slightly increases noisiness in the retrieved field. The residuals distribution in the case of reduced weight generally
remains similar to the base case: Wb2 = 1 and filtered radial velocity.

Being complementary, the weightsWb andWd behave in a similar way.We alter the weightWd and calculate the other weight asWb = 1−Wd.
Effectively, the dynamic weight Wd defined in Eq. (10) acts similarly to the wake masking while also providing local weighting for the background
flow. If Eq. (10) cannot be implemented, the wake mask can be re-used in the cost function optimization. However, the wakes cannot be identified
reliably in the crosswind with the current masking algorithm. Wd may be set to a constant value as an alternative. Constant weight Wd = 0.5

provides an equal weighting to the wake and free-flow points and slightly decreases the bias Eq. (10). SettingWd = 1may shift the bias within the
wakes but does not remove it completely.

The weight Wc is defined dynamically as a binary matrix. Since Wc strongly depends on the flow speed and grid resolution, the matrix may be
filled with ones in the case of the low radial velocity, e.g., weak actual flow or crosswind. Setting Wc to a constant value of one for all cases does
not strongly alter the final solution. Moreover, Wc would have to be increased by several orders for the residuals to become noticeably affected.
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discrepancyinradialvelocityresidualsbutleadstoabiasintheresiduals.TheresidualsforWa=1aremoresymmetricalthanwiththeincreased
weightandhaveahigherstandarddeviation(Fig.13).WhileafurtherincreaseofWagraduallydecreasestheresiduals,itstronglyaffectswindroses
fortheAV7inflow(Fig.14ef),andtheydivergefromthereferenceFINO1andSCADAwindroses(Fig.14ab).ConsideringRMSEandcorrelation
coefficienttrendsforWa<10andWa≥10,wesuggestthatusingWa=1ispreferabletoreducethebiasinradialvelocityresiduals,although
theretrievedflowmayoccasionallyproducesmallirregularstructures.Wa=5isagoodchoicetoremovethosestructuresatthecostofincreasing
thebiasinwakeandfree-flowresiduals.WedonotrecommendusinghighervaluesofWa.AsshowninFig.13,thehighweightofWa=20

mayforcethealgorithmtostayattheinitialguessfield,becauseothercomponentswouldnotcontributecomparablytothecostfunction.Small
weightsWa<1shouldnotbeconsidered,astheyleadtoincreasedresiduals.

WeintroducedanadditionalweightWb2tothetermBofthecostfunctionEq.(6).ThisweightmaybeleftatWb2=1,providedtheradial
velocityfieldwasfilteredbeforeestimatingaderivative∂Vr/∂θ.Iftheoriginalradialvelocityfieldisused,leavingtheweightatWb2=1results
inerroneousretrievalduetothehighvalueofderivative(Fig.16).DecreasingtheweighttoWb2=0.1performsnearlyequallyforfilteredand
originalradialvelocitiesbutslightlyincreasesnoisinessintheretrievedfield.Theresidualsdistributioninthecaseofreducedweightgenerally
remainssimilartothebasecase:Wb2=1andfilteredradialvelocity.

Beingcomplementary,theweightsWbandWdbehaveinasimilarway.WealtertheweightWdandcalculatetheotherweightasWb=1−Wd.
Effectively,thedynamicweightWddefinedinEq.(10)actssimilarlytothewakemaskingwhilealsoprovidinglocalweightingforthebackground
flow.IfEq.(10)cannotbeimplemented,thewakemaskcanbere-usedinthecostfunctionoptimization.However,thewakescannotbeidentified
reliablyinthecrosswindwiththecurrentmaskingalgorithm.Wdmaybesettoaconstantvalueasanalternative.ConstantweightWd=0.5

providesanequalweightingtothewakeandfree-flowpointsandslightlydecreasesthebiasEq.(10).SettingWd=1mayshiftthebiaswithinthe
wakesbutdoesnotremoveitcompletely.

TheweightWcisdefineddynamicallyasabinarymatrix.SinceWcstronglydependsontheflowspeedandgridresolution,thematrixmaybe
filledwithonesinthecaseofthelowradialvelocity,e.g.,weakactualfloworcrosswind.SettingWctoaconstantvalueofoneforallcasesdoes
notstronglyalterthefinalsolution.Moreover,Wcwouldhavetobeincreasedbyseveralordersfortheresidualstobecomenoticeablyaffected.
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discrepancy in radial velocity residuals but leads to a bias in the residuals. The residuals forWa = 1 are more symmetrical than with the increased
weight and have a higher standard deviation (Fig. 13).While a further increase ofWa gradually decreases the residuals, it strongly affects wind roses
for the AV7 inflow (Fig. 14ef), and they diverge from the reference FINO1 and SCADA wind roses (Fig. 14ab). Considering RMSE and correlation
coefficient trends for Wa < 10 and Wa ≥ 10, we suggest that using Wa = 1 is preferable to reduce the bias in radial velocity residuals, although
the retrieved flowmay occasionally produce small irregular structures.Wa = 5 is a good choice to remove those structures at the cost of increasing
the bias in wake and free-flow residuals. We do not recommend using higher values of Wa. As shown in Fig. 13, the high weight of Wa = 20

may force the algorithm to stay at the initial guess field, because other components would not contribute comparably to the cost function. Small
weightsWa < 1 should not be considered, as they lead to increased residuals.

We introduced an additional weight Wb2 to the term B of the cost function Eq. (6). This weight may be left at Wb2 = 1, provided the radial
velocity field was filtered before estimating a derivative ∂Vr/∂θ. If the original radial velocity field is used, leaving the weight at Wb2 = 1 results
in erroneous retrieval due to the high value of derivative (Fig. 16). Decreasing the weight to Wb2 = 0.1 performs nearly equally for filtered and
original radial velocities but slightly increases noisiness in the retrieved field. The residuals distribution in the case of reduced weight generally
remains similar to the base case: Wb2 = 1 and filtered radial velocity.

Being complementary, the weightsWb andWd behave in a similar way.We alter the weightWd and calculate the other weight asWb = 1−Wd.
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discrepancyinradialvelocityresidualsbutleadstoabiasintheresiduals.TheresidualsforWa=1aremoresymmetricalthanwiththeincreased
weightandhaveahigherstandarddeviation(Fig.13).WhileafurtherincreaseofWagraduallydecreasestheresiduals,itstronglyaffectswindroses
fortheAV7inflow(Fig.14ef),andtheydivergefromthereferenceFINO1andSCADAwindroses(Fig.14ab).ConsideringRMSEandcorrelation
coefficienttrendsforWa<10andWa≥10,wesuggestthatusingWa=1ispreferabletoreducethebiasinradialvelocityresiduals,although
theretrievedflowmayoccasionallyproducesmallirregularstructures.Wa=5isagoodchoicetoremovethosestructuresatthecostofincreasing
thebiasinwakeandfree-flowresiduals.WedonotrecommendusinghighervaluesofWa.AsshowninFig.13,thehighweightofWa=20

mayforcethealgorithmtostayattheinitialguessfield,becauseothercomponentswouldnotcontributecomparablytothecostfunction.Small
weightsWa<1shouldnotbeconsidered,astheyleadtoincreasedresiduals.

WeintroducedanadditionalweightWb2tothetermBofthecostfunctionEq.(6).ThisweightmaybeleftatWb2=1,providedtheradial
velocityfieldwasfilteredbeforeestimatingaderivative∂Vr/∂θ.Iftheoriginalradialvelocityfieldisused,leavingtheweightatWb2=1results
inerroneousretrievalduetothehighvalueofderivative(Fig.16).DecreasingtheweighttoWb2=0.1performsnearlyequallyforfilteredand
originalradialvelocitiesbutslightlyincreasesnoisinessintheretrievedfield.Theresidualsdistributioninthecaseofreducedweightgenerally
remainssimilartothebasecase:Wb2=1andfilteredradialvelocity.

Beingcomplementary,theweightsWbandWdbehaveinasimilarway.WealtertheweightWdandcalculatetheotherweightasWb=1−Wd.
Effectively,thedynamicweightWddefinedinEq.(10)actssimilarlytothewakemaskingwhilealsoprovidinglocalweightingforthebackground
flow.IfEq.(10)cannotbeimplemented,thewakemaskcanbere-usedinthecostfunctionoptimization.However,thewakescannotbeidentified
reliablyinthecrosswindwiththecurrentmaskingalgorithm.Wdmaybesettoaconstantvalueasanalternative.ConstantweightWd=0.5

providesanequalweightingtothewakeandfree-flowpointsandslightlydecreasesthebiasEq.(10).SettingWd=1mayshiftthebiaswithinthe
wakesbutdoesnotremoveitcompletely.

TheweightWcisdefineddynamicallyasabinarymatrix.SinceWcstronglydependsontheflowspeedandgridresolution,thematrixmaybe
filledwithonesinthecaseofthelowradialvelocity,e.g.,weakactualfloworcrosswind.SettingWctoaconstantvalueofoneforallcasesdoes
notstronglyalterthefinalsolution.Moreover,Wcwouldhavetobeincreasedbyseveralordersfortheresidualstobecomenoticeablyaffected.
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Figure 11 Example of the retrieval performed for the scan from SEP16 taken at 20160911 23:00:03 UTC+0. FINO1 wind speed 8.8m/s, wind
direction 121°.
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algorithm
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Figure 13 2D-VAR retrieved field and radial velocity residuals depending on the choice of weight Wa. Scan taken at 20160912 2:07:43 UTC+0.
FINO1 wind speed 7.2m/s, wind direction 138°.

We performed an extended validation with the September 2016 dataset and SCADA data for the same period. Due to a higher lidar elevation
angle, the scans were capturing wakes near the hub height. We observed an increased heterogeneity in the first step of the 2D-VAR algorithm – an
estimation of the background flow with the VVP algorithm. The effect primarily appears in the case of large and strong wakes, which are observed
when the wind direction is aligned with the lidar beam. The unwanted heterogeneity was mitigated by masking the wakes with an automatic
thresholding algorithm to exclude them from the VVP solution.

Besides the background flow from the VVP algorithm, the cost function optimization in the second step of 2D-VAR algorithm is found to be
sensitive to weights and the initial wind field. Defining the initial wind field based on FINO1 or SCADA data tunes the resulting field to the initial
values. Nevertheless, the retrieval algorithm tends to the actual flow in both cases – the agreement between wind direction retrieved near AV7 and
SCADA series is always better than to FINO1 data. FINO1 data can still be used as an initial guess, when SCADA data are not available. However,
if both datasets are accessible, using SCADA data becomes preferable to reconstruct the wind field near the corresponding wind turbine.

Of the weights regarded, the weight Wa is directly connected to the radial velocity residuals and, therefore, affects the residuals and the flow
structure most. Other main weights – Wb, Wc, and Wd – have weaker effect on the retrieval result, although they may cause local changes in
the retrieved flow. A supplementary weightWb2 was introduced primarily for an additional control over the ∂Vr/∂θ derivative. Smooth derivative
along azimuth θ is more important than Wb2 in the case of a small azimuth step.

The retrieved flow behaves differently when the wakes are parallel or perpendicular. It is possible that the accuracy of 2D-VAR retrieval may be
increased by adjusting the cost function depending on the wind direction relative to the scanned azimuths. Since a comparison to the ’true’ flow is
complicated for the lidar data, we plan to explore the 2D-VAR algorithm performance on LES generated wakes and virtual lidar in order to improve
the retrieval result.
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WeperformedanextendedvalidationwiththeSeptember2016datasetandSCADAdataforthesameperiod.Duetoahigherlidarelevation
angle,thescanswerecapturingwakesnearthehubheight.Weobservedanincreasedheterogeneityinthefirststepofthe2D-VARalgorithm–an
estimationofthebackgroundflowwiththeVVPalgorithm.Theeffectprimarilyappearsinthecaseoflargeandstrongwakes,whichareobserved
whenthewinddirectionisalignedwiththelidarbeam.Theunwantedheterogeneitywasmitigatedbymaskingthewakeswithanautomatic
thresholdingalgorithmtoexcludethemfromtheVVPsolution.

BesidesthebackgroundflowfromtheVVPalgorithm,thecostfunctionoptimizationinthesecondstepof2D-VARalgorithmisfoundtobe
sensitivetoweightsandtheinitialwindfield.DefiningtheinitialwindfieldbasedonFINO1orSCADAdatatunestheresultingfieldtotheinitial
values.Nevertheless,theretrievalalgorithmtendstotheactualflowinbothcases–theagreementbetweenwinddirectionretrievednearAV7and
SCADAseriesisalwaysbetterthantoFINO1data.FINO1datacanstillbeusedasaninitialguess,whenSCADAdataarenotavailable.However,
ifbothdatasetsareaccessible,usingSCADAdatabecomespreferabletoreconstructthewindfieldnearthecorrespondingwindturbine.

Oftheweightsregarded,theweightWaisdirectlyconnectedtotheradialvelocityresidualsand,therefore,affectstheresidualsandtheflow
structuremost.Othermainweights–Wb,Wc,andWd–haveweakereffectontheretrievalresult,althoughtheymaycauselocalchangesin
theretrievedflow.AsupplementaryweightWb2wasintroducedprimarilyforanadditionalcontroloverthe∂Vr/∂θderivative.Smoothderivative
alongazimuthθismoreimportantthanWb2inthecaseofasmallazimuthstep.

Theretrievedflowbehavesdifferentlywhenthewakesareparallelorperpendicular.Itispossiblethattheaccuracyof2D-VARretrievalmaybe
increasedbyadjustingthecostfunctiondependingonthewinddirectionrelativetothescannedazimuths.Sinceacomparisontothe’true’flowis
complicatedforthelidardata,weplantoexplorethe2D-VARalgorithmperformanceonLESgeneratedwakesandvirtuallidarinordertoimprove
theretrievalresult.
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Figure 13 2D-VAR retrieved field and radial velocity residuals depending on the choice of weight Wa. Scan taken at 20160912 2:07:43 UTC+0.
FINO1 wind speed 7.2m/s, wind direction 138°.

We performed an extended validation with the September 2016 dataset and SCADA data for the same period. Due to a higher lidar elevation
angle, the scans were capturing wakes near the hub height. We observed an increased heterogeneity in the first step of the 2D-VAR algorithm – an
estimation of the background flow with the VVP algorithm. The effect primarily appears in the case of large and strong wakes, which are observed
when the wind direction is aligned with the lidar beam. The unwanted heterogeneity was mitigated by masking the wakes with an automatic
thresholding algorithm to exclude them from the VVP solution.

Besides the background flow from the VVP algorithm, the cost function optimization in the second step of 2D-VAR algorithm is found to be
sensitive to weights and the initial wind field. Defining the initial wind field based on FINO1 or SCADA data tunes the resulting field to the initial
values. Nevertheless, the retrieval algorithm tends to the actual flow in both cases – the agreement between wind direction retrieved near AV7 and
SCADA series is always better than to FINO1 data. FINO1 data can still be used as an initial guess, when SCADA data are not available. However,
if both datasets are accessible, using SCADA data becomes preferable to reconstruct the wind field near the corresponding wind turbine.

Of the weights regarded, the weight Wa is directly connected to the radial velocity residuals and, therefore, affects the residuals and the flow
structure most. Other main weights – Wb, Wc, and Wd – have weaker effect on the retrieval result, although they may cause local changes in
the retrieved flow. A supplementary weightWb2 was introduced primarily for an additional control over the ∂Vr/∂θ derivative. Smooth derivative
along azimuth θ is more important than Wb2 in the case of a small azimuth step.

The retrieved flow behaves differently when the wakes are parallel or perpendicular. It is possible that the accuracy of 2D-VAR retrieval may be
increased by adjusting the cost function depending on the wind direction relative to the scanned azimuths. Since a comparison to the ’true’ flow is
complicated for the lidar data, we plan to explore the 2D-VAR algorithm performance on LES generated wakes and virtual lidar in order to improve
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angle,thescanswerecapturingwakesnearthehubheight.Weobservedanincreasedheterogeneityinthefirststepofthe2D-VARalgorithm–an
estimationofthebackgroundflowwiththeVVPalgorithm.Theeffectprimarilyappearsinthecaseoflargeandstrongwakes,whichareobserved
whenthewinddirectionisalignedwiththelidarbeam.Theunwantedheterogeneitywasmitigatedbymaskingthewakeswithanautomatic
thresholdingalgorithmtoexcludethemfromtheVVPsolution.

BesidesthebackgroundflowfromtheVVPalgorithm,thecostfunctionoptimizationinthesecondstepof2D-VARalgorithmisfoundtobe
sensitivetoweightsandtheinitialwindfield.DefiningtheinitialwindfieldbasedonFINO1orSCADAdatatunestheresultingfieldtotheinitial
values.Nevertheless,theretrievalalgorithmtendstotheactualflowinbothcases–theagreementbetweenwinddirectionretrievednearAV7and
SCADAseriesisalwaysbetterthantoFINO1data.FINO1datacanstillbeusedasaninitialguess,whenSCADAdataarenotavailable.However,
ifbothdatasetsareaccessible,usingSCADAdatabecomespreferabletoreconstructthewindfieldnearthecorrespondingwindturbine.

Oftheweightsregarded,theweightWaisdirectlyconnectedtotheradialvelocityresidualsand,therefore,affectstheresidualsandtheflow
structuremost.Othermainweights–Wb,Wc,andWd–haveweakereffectontheretrievalresult,althoughtheymaycauselocalchangesin
theretrievedflow.AsupplementaryweightWb2wasintroducedprimarilyforanadditionalcontroloverthe∂Vr/∂θderivative.Smoothderivative
alongazimuthθismoreimportantthanWb2inthecaseofasmallazimuthstep.

Theretrievedflowbehavesdifferentlywhenthewakesareparallelorperpendicular.Itispossiblethattheaccuracyof2D-VARretrievalmaybe
increasedbyadjustingthecostfunctiondependingonthewinddirectionrelativetothescannedazimuths.Sinceacomparisontothe’true’flowis
complicatedforthelidardata,weplantoexplorethe2D-VARalgorithmperformanceonLESgeneratedwakesandvirtuallidarinordertoimprove
theretrievalresult.
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Figure 14 Wind roses for inflow probe at AV7, Wa sensitivity. Only scans valid for retrieval are considered. a) FINO1 data, b) SCADA data, c)
2D-VAR retrieval, Wa = 1, d) 2D-VAR retrieval, Wa = 5 – default parameter in this study, e) 2D-VAR retrieval, Wa = 10
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Figure 16 2D-VAR retrieved field and radial velocity residuals depending on the choice of weightWb2 in Eq. (6). Scan taken at 20160911 00:01:45
UTC+0. FINO1 wind speed 9.7m/s, wind direction 201°.
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Figure 17 2D-VAR retrieved field and radial velocity residuals depending on the choice of weight Wd. Scan taken at 20160924 21:18:21 UTC+0.
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13. Krishnamurthy R, Reuder J, Svardal B, Fernando HJ, Jakobsen JB. Offshore Wind Turbine Wake characteristics using Scanning Doppler Lidar.
Energy Procedia 2017; 137: 428-442. doi: 10.1016/j.egypro.2017.10.367

14. Krutova M, Bakhoday-Paskyabi M, Reuder J, Nielsen FG. Development of an automatic thresholding method for wake meandering studies
and its application to the data set from scanning wind lidar.Wind Energy Sci. 2022; 7(2): 849–873. doi: 10.5194/wes-7-849-2022

15. Smalikho IN, Banakh VA, Pichugina YL, et al. Lidar Investigation of Atmosphere Effect on a Wind Turbine Wake. Journal of Atmospheric and
Oceanic Technology 2013; 30: 2554-2570. doi: 10.1175/JTECH-D-12-00108.1

16. Browning KA, Wexler R. The Determination of Kinematic Properties of a Wind Field Using Doppler Radar. J. Appl. Meteorol. 1968; 7(1):
105–113. doi: 10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17. Wang H, Barthelmie RJ, Clifton A, Pryor SC. Wind Measurements from Arc Scans with Doppler Wind Lidar. J. Atmos. Ocean. Technol. 2015;
32(11): 2024–2040. doi: 10.1175/JTECH-D-14-00059.1

18. Janisková M. Assimilation of cloud information from space-borne radar and lidar: experimental study using a 1D+4D-Var technique. Quarterly
Journal of the Royal Meteorological Society 2015; 141: 2708-2725. doi: 10.1002/QJ.2558

19. FieldingMD, JaniskováM. Direct 4D-Var assimilation of space-borne cloud radar reflectivity and lidar backscatter. Part I: Observation operator
and implementation. Quarterly Journal of the Royal Meteorological Society 2020; 146: 3877-3899. doi: 10.1002/QJ.3878

20. Janisková M, Fielding MD. Direct 4D-Var assimilation of space-borne cloud radar and lidar observations. Part II: Impact on analysis and
subsequent forecast. Quarterly Journal of the Royal Meteorological Society 2020; 146: 3900-3916. doi: 10.1002/QJ.3879

21. Cherukuru NW, Calhoun R, Krishnamurthy R, Benny S, Reuder J, Flügge M. 2D VAR single Doppler lidar vector retrieval and its application in
offshore wind energy. Energy Procedia 2017; 137: 497–504. doi: 10.1016/j.egypro.2017.10.378

MARIAKRUTOVAetal17

Figure172D-VARretrievedfieldandradialvelocityresidualsdependingonthechoiceofweightWd.Scantakenat2016092421:18:21UTC+0.
FINO1windspeed7.4m/s,winddirection158°.

13.KrishnamurthyR,ReuderJ,SvardalB,FernandoHJ,JakobsenJB.OffshoreWindTurbineWakecharacteristicsusingScanningDopplerLidar.
EnergyProcedia2017;137:428-442.doi:10.1016/j.egypro.2017.10.367

14.KrutovaM,Bakhoday-PaskyabiM,ReuderJ,NielsenFG.Developmentofanautomaticthresholdingmethodforwakemeanderingstudies
anditsapplicationtothedatasetfromscanningwindlidar.WindEnergySci.2022;7(2):849–873.doi:10.5194/wes-7-849-2022

15.SmalikhoIN,BanakhVA,PichuginaYL,etal.LidarInvestigationofAtmosphereEffectonaWindTurbineWake.JournalofAtmosphericand
OceanicTechnology2013;30:2554-2570.doi:10.1175/JTECH-D-12-00108.1

16.BrowningKA,WexlerR.TheDeterminationofKinematicPropertiesofaWindFieldUsingDopplerRadar.J.Appl.Meteorol.1968;7(1):
105–113.doi:10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17.WangH,BarthelmieRJ,CliftonA,PryorSC.WindMeasurementsfromArcScanswithDopplerWindLidar.J.Atmos.Ocean.Technol.2015;
32(11):2024–2040.doi:10.1175/JTECH-D-14-00059.1

18.JaniskováM.Assimilationofcloudinformationfromspace-borneradarandlidar:experimentalstudyusinga1D+4D-Vartechnique.Quarterly
JournaloftheRoyalMeteorologicalSociety2015;141:2708-2725.doi:10.1002/QJ.2558

19.FieldingMD,JaniskováM.Direct4D-Varassimilationofspace-bornecloudradarreflectivityandlidarbackscatter.PartI:Observationoperator
andimplementation.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3877-3899.doi:10.1002/QJ.3878

20.JaniskováM,FieldingMD.Direct4D-Varassimilationofspace-bornecloudradarandlidarobservations.PartII:Impactonanalysisand
subsequentforecast.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3900-3916.doi:10.1002/QJ.3879

21.CherukuruNW,CalhounR,KrishnamurthyR,BennyS,ReuderJ,FlüggeM.2DVARsingleDopplerlidarvectorretrievalanditsapplicationin
offshorewindenergy.EnergyProcedia2017;137:497–504.doi:10.1016/j.egypro.2017.10.378

MARIAKRUTOVAetal17

Figure172D-VARretrievedfieldandradialvelocityresidualsdependingonthechoiceofweightWd.Scantakenat2016092421:18:21UTC+0.
FINO1windspeed7.4m/s,winddirection158°.

13.KrishnamurthyR,ReuderJ,SvardalB,FernandoHJ,JakobsenJB.OffshoreWindTurbineWakecharacteristicsusingScanningDopplerLidar.
EnergyProcedia2017;137:428-442.doi:10.1016/j.egypro.2017.10.367

14.KrutovaM,Bakhoday-PaskyabiM,ReuderJ,NielsenFG.Developmentofanautomaticthresholdingmethodforwakemeanderingstudies
anditsapplicationtothedatasetfromscanningwindlidar.WindEnergySci.2022;7(2):849–873.doi:10.5194/wes-7-849-2022

15.SmalikhoIN,BanakhVA,PichuginaYL,etal.LidarInvestigationofAtmosphereEffectonaWindTurbineWake.JournalofAtmosphericand
OceanicTechnology2013;30:2554-2570.doi:10.1175/JTECH-D-12-00108.1

16.BrowningKA,WexlerR.TheDeterminationofKinematicPropertiesofaWindFieldUsingDopplerRadar.J.Appl.Meteorol.1968;7(1):
105–113.doi:10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17.WangH,BarthelmieRJ,CliftonA,PryorSC.WindMeasurementsfromArcScanswithDopplerWindLidar.J.Atmos.Ocean.Technol.2015;
32(11):2024–2040.doi:10.1175/JTECH-D-14-00059.1

18.JaniskováM.Assimilationofcloudinformationfromspace-borneradarandlidar:experimentalstudyusinga1D+4D-Vartechnique.Quarterly
JournaloftheRoyalMeteorologicalSociety2015;141:2708-2725.doi:10.1002/QJ.2558

19.FieldingMD,JaniskováM.Direct4D-Varassimilationofspace-bornecloudradarreflectivityandlidarbackscatter.PartI:Observationoperator
andimplementation.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3877-3899.doi:10.1002/QJ.3878

20.JaniskováM,FieldingMD.Direct4D-Varassimilationofspace-bornecloudradarandlidarobservations.PartII:Impactonanalysisand
subsequentforecast.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3900-3916.doi:10.1002/QJ.3879

21.CherukuruNW,CalhounR,KrishnamurthyR,BennyS,ReuderJ,FlüggeM.2DVARsingleDopplerlidarvectorretrievalanditsapplicationin
offshorewindenergy.EnergyProcedia2017;137:497–504.doi:10.1016/j.egypro.2017.10.378

MARIA KRUTOVA et al 17

Figure 17 2D-VAR retrieved field and radial velocity residuals depending on the choice of weight Wd. Scan taken at 20160924 21:18:21 UTC+0.
FINO1 wind speed 7.4m/s, wind direction 158°.

13. Krishnamurthy R, Reuder J, Svardal B, Fernando HJ, Jakobsen JB. Offshore Wind Turbine Wake characteristics using Scanning Doppler Lidar.
Energy Procedia 2017; 137: 428-442. doi: 10.1016/j.egypro.2017.10.367

14. Krutova M, Bakhoday-Paskyabi M, Reuder J, Nielsen FG. Development of an automatic thresholding method for wake meandering studies
and its application to the data set from scanning wind lidar.Wind Energy Sci. 2022; 7(2): 849–873. doi: 10.5194/wes-7-849-2022

15. Smalikho IN, Banakh VA, Pichugina YL, et al. Lidar Investigation of Atmosphere Effect on a Wind Turbine Wake. Journal of Atmospheric and
Oceanic Technology 2013; 30: 2554-2570. doi: 10.1175/JTECH-D-12-00108.1

16. Browning KA, Wexler R. The Determination of Kinematic Properties of a Wind Field Using Doppler Radar. J. Appl. Meteorol. 1968; 7(1):
105–113. doi: 10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17. Wang H, Barthelmie RJ, Clifton A, Pryor SC. Wind Measurements from Arc Scans with Doppler Wind Lidar. J. Atmos. Ocean. Technol. 2015;
32(11): 2024–2040. doi: 10.1175/JTECH-D-14-00059.1

18. Janisková M. Assimilation of cloud information from space-borne radar and lidar: experimental study using a 1D+4D-Var technique. Quarterly
Journal of the Royal Meteorological Society 2015; 141: 2708-2725. doi: 10.1002/QJ.2558

19. FieldingMD, JaniskováM. Direct 4D-Var assimilation of space-borne cloud radar reflectivity and lidar backscatter. Part I: Observation operator
and implementation. Quarterly Journal of the Royal Meteorological Society 2020; 146: 3877-3899. doi: 10.1002/QJ.3878

20. Janisková M, Fielding MD. Direct 4D-Var assimilation of space-borne cloud radar and lidar observations. Part II: Impact on analysis and
subsequent forecast. Quarterly Journal of the Royal Meteorological Society 2020; 146: 3900-3916. doi: 10.1002/QJ.3879

21. Cherukuru NW, Calhoun R, Krishnamurthy R, Benny S, Reuder J, Flügge M. 2D VAR single Doppler lidar vector retrieval and its application in
offshore wind energy. Energy Procedia 2017; 137: 497–504. doi: 10.1016/j.egypro.2017.10.378

MARIA KRUTOVA et al 17

Figure 17 2D-VAR retrieved field and radial velocity residuals depending on the choice of weight Wd. Scan taken at 20160924 21:18:21 UTC+0.
FINO1 wind speed 7.4m/s, wind direction 158°.

13. Krishnamurthy R, Reuder J, Svardal B, Fernando HJ, Jakobsen JB. Offshore Wind Turbine Wake characteristics using Scanning Doppler Lidar.
Energy Procedia 2017; 137: 428-442. doi: 10.1016/j.egypro.2017.10.367

14. Krutova M, Bakhoday-Paskyabi M, Reuder J, Nielsen FG. Development of an automatic thresholding method for wake meandering studies
and its application to the data set from scanning wind lidar.Wind Energy Sci. 2022; 7(2): 849–873. doi: 10.5194/wes-7-849-2022

15. Smalikho IN, Banakh VA, Pichugina YL, et al. Lidar Investigation of Atmosphere Effect on a Wind Turbine Wake. Journal of Atmospheric and
Oceanic Technology 2013; 30: 2554-2570. doi: 10.1175/JTECH-D-12-00108.1

16. Browning KA, Wexler R. The Determination of Kinematic Properties of a Wind Field Using Doppler Radar. J. Appl. Meteorol. 1968; 7(1):
105–113. doi: 10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17. Wang H, Barthelmie RJ, Clifton A, Pryor SC. Wind Measurements from Arc Scans with Doppler Wind Lidar. J. Atmos. Ocean. Technol. 2015;
32(11): 2024–2040. doi: 10.1175/JTECH-D-14-00059.1

18. Janisková M. Assimilation of cloud information from space-borne radar and lidar: experimental study using a 1D+4D-Var technique. Quarterly
Journal of the Royal Meteorological Society 2015; 141: 2708-2725. doi: 10.1002/QJ.2558

19. FieldingMD, JaniskováM. Direct 4D-Var assimilation of space-borne cloud radar reflectivity and lidar backscatter. Part I: Observation operator
and implementation. Quarterly Journal of the Royal Meteorological Society 2020; 146: 3877-3899. doi: 10.1002/QJ.3878

20. Janisková M, Fielding MD. Direct 4D-Var assimilation of space-borne cloud radar and lidar observations. Part II: Impact on analysis and
subsequent forecast. Quarterly Journal of the Royal Meteorological Society 2020; 146: 3900-3916. doi: 10.1002/QJ.3879

21. Cherukuru NW, Calhoun R, Krishnamurthy R, Benny S, Reuder J, Flügge M. 2D VAR single Doppler lidar vector retrieval and its application in
offshore wind energy. Energy Procedia 2017; 137: 497–504. doi: 10.1016/j.egypro.2017.10.378

MARIAKRUTOVAetal17

Figure172D-VARretrievedfieldandradialvelocityresidualsdependingonthechoiceofweightWd.Scantakenat2016092421:18:21UTC+0.
FINO1windspeed7.4m/s,winddirection158°.

13.KrishnamurthyR,ReuderJ,SvardalB,FernandoHJ,JakobsenJB.OffshoreWindTurbineWakecharacteristicsusingScanningDopplerLidar.
EnergyProcedia2017;137:428-442.doi:10.1016/j.egypro.2017.10.367

14.KrutovaM,Bakhoday-PaskyabiM,ReuderJ,NielsenFG.Developmentofanautomaticthresholdingmethodforwakemeanderingstudies
anditsapplicationtothedatasetfromscanningwindlidar.WindEnergySci.2022;7(2):849–873.doi:10.5194/wes-7-849-2022

15.SmalikhoIN,BanakhVA,PichuginaYL,etal.LidarInvestigationofAtmosphereEffectonaWindTurbineWake.JournalofAtmosphericand
OceanicTechnology2013;30:2554-2570.doi:10.1175/JTECH-D-12-00108.1

16.BrowningKA,WexlerR.TheDeterminationofKinematicPropertiesofaWindFieldUsingDopplerRadar.J.Appl.Meteorol.1968;7(1):
105–113.doi:10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17.WangH,BarthelmieRJ,CliftonA,PryorSC.WindMeasurementsfromArcScanswithDopplerWindLidar.J.Atmos.Ocean.Technol.2015;
32(11):2024–2040.doi:10.1175/JTECH-D-14-00059.1

18.JaniskováM.Assimilationofcloudinformationfromspace-borneradarandlidar:experimentalstudyusinga1D+4D-Vartechnique.Quarterly
JournaloftheRoyalMeteorologicalSociety2015;141:2708-2725.doi:10.1002/QJ.2558

19.FieldingMD,JaniskováM.Direct4D-Varassimilationofspace-bornecloudradarreflectivityandlidarbackscatter.PartI:Observationoperator
andimplementation.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3877-3899.doi:10.1002/QJ.3878

20.JaniskováM,FieldingMD.Direct4D-Varassimilationofspace-bornecloudradarandlidarobservations.PartII:Impactonanalysisand
subsequentforecast.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3900-3916.doi:10.1002/QJ.3879

21.CherukuruNW,CalhounR,KrishnamurthyR,BennyS,ReuderJ,FlüggeM.2DVARsingleDopplerlidarvectorretrievalanditsapplicationin
offshorewindenergy.EnergyProcedia2017;137:497–504.doi:10.1016/j.egypro.2017.10.378

MARIAKRUTOVAetal17

Figure172D-VARretrievedfieldandradialvelocityresidualsdependingonthechoiceofweightWd.Scantakenat2016092421:18:21UTC+0.
FINO1windspeed7.4m/s,winddirection158°.

13.KrishnamurthyR,ReuderJ,SvardalB,FernandoHJ,JakobsenJB.OffshoreWindTurbineWakecharacteristicsusingScanningDopplerLidar.
EnergyProcedia2017;137:428-442.doi:10.1016/j.egypro.2017.10.367

14.KrutovaM,Bakhoday-PaskyabiM,ReuderJ,NielsenFG.Developmentofanautomaticthresholdingmethodforwakemeanderingstudies
anditsapplicationtothedatasetfromscanningwindlidar.WindEnergySci.2022;7(2):849–873.doi:10.5194/wes-7-849-2022

15.SmalikhoIN,BanakhVA,PichuginaYL,etal.LidarInvestigationofAtmosphereEffectonaWindTurbineWake.JournalofAtmosphericand
OceanicTechnology2013;30:2554-2570.doi:10.1175/JTECH-D-12-00108.1

16.BrowningKA,WexlerR.TheDeterminationofKinematicPropertiesofaWindFieldUsingDopplerRadar.J.Appl.Meteorol.1968;7(1):
105–113.doi:10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17.WangH,BarthelmieRJ,CliftonA,PryorSC.WindMeasurementsfromArcScanswithDopplerWindLidar.J.Atmos.Ocean.Technol.2015;
32(11):2024–2040.doi:10.1175/JTECH-D-14-00059.1

18.JaniskováM.Assimilationofcloudinformationfromspace-borneradarandlidar:experimentalstudyusinga1D+4D-Vartechnique.Quarterly
JournaloftheRoyalMeteorologicalSociety2015;141:2708-2725.doi:10.1002/QJ.2558

19.FieldingMD,JaniskováM.Direct4D-Varassimilationofspace-bornecloudradarreflectivityandlidarbackscatter.PartI:Observationoperator
andimplementation.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3877-3899.doi:10.1002/QJ.3878

20.JaniskováM,FieldingMD.Direct4D-Varassimilationofspace-bornecloudradarandlidarobservations.PartII:Impactonanalysisand
subsequentforecast.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3900-3916.doi:10.1002/QJ.3879

21.CherukuruNW,CalhounR,KrishnamurthyR,BennyS,ReuderJ,FlüggeM.2DVARsingleDopplerlidarvectorretrievalanditsapplicationin
offshorewindenergy.EnergyProcedia2017;137:497–504.doi:10.1016/j.egypro.2017.10.378

MARIAKRUTOVAetal17

Figure172D-VARretrievedfieldandradialvelocityresidualsdependingonthechoiceofweightWd.Scantakenat2016092421:18:21UTC+0.
FINO1windspeed7.4m/s,winddirection158°.

13.KrishnamurthyR,ReuderJ,SvardalB,FernandoHJ,JakobsenJB.OffshoreWindTurbineWakecharacteristicsusingScanningDopplerLidar.
EnergyProcedia2017;137:428-442.doi:10.1016/j.egypro.2017.10.367

14.KrutovaM,Bakhoday-PaskyabiM,ReuderJ,NielsenFG.Developmentofanautomaticthresholdingmethodforwakemeanderingstudies
anditsapplicationtothedatasetfromscanningwindlidar.WindEnergySci.2022;7(2):849–873.doi:10.5194/wes-7-849-2022

15.SmalikhoIN,BanakhVA,PichuginaYL,etal.LidarInvestigationofAtmosphereEffectonaWindTurbineWake.JournalofAtmosphericand
OceanicTechnology2013;30:2554-2570.doi:10.1175/JTECH-D-12-00108.1

16.BrowningKA,WexlerR.TheDeterminationofKinematicPropertiesofaWindFieldUsingDopplerRadar.J.Appl.Meteorol.1968;7(1):
105–113.doi:10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17.WangH,BarthelmieRJ,CliftonA,PryorSC.WindMeasurementsfromArcScanswithDopplerWindLidar.J.Atmos.Ocean.Technol.2015;
32(11):2024–2040.doi:10.1175/JTECH-D-14-00059.1

18.JaniskováM.Assimilationofcloudinformationfromspace-borneradarandlidar:experimentalstudyusinga1D+4D-Vartechnique.Quarterly
JournaloftheRoyalMeteorologicalSociety2015;141:2708-2725.doi:10.1002/QJ.2558

19.FieldingMD,JaniskováM.Direct4D-Varassimilationofspace-bornecloudradarreflectivityandlidarbackscatter.PartI:Observationoperator
andimplementation.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3877-3899.doi:10.1002/QJ.3878

20.JaniskováM,FieldingMD.Direct4D-Varassimilationofspace-bornecloudradarandlidarobservations.PartII:Impactonanalysisand
subsequentforecast.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3900-3916.doi:10.1002/QJ.3879

21.CherukuruNW,CalhounR,KrishnamurthyR,BennyS,ReuderJ,FlüggeM.2DVARsingleDopplerlidarvectorretrievalanditsapplicationin
offshorewindenergy.EnergyProcedia2017;137:497–504.doi:10.1016/j.egypro.2017.10.378

MARIAKRUTOVAetal17

Figure172D-VARretrievedfieldandradialvelocityresidualsdependingonthechoiceofweightWd.Scantakenat2016092421:18:21UTC+0.
FINO1windspeed7.4m/s,winddirection158°.

13.KrishnamurthyR,ReuderJ,SvardalB,FernandoHJ,JakobsenJB.OffshoreWindTurbineWakecharacteristicsusingScanningDopplerLidar.
EnergyProcedia2017;137:428-442.doi:10.1016/j.egypro.2017.10.367

14.KrutovaM,Bakhoday-PaskyabiM,ReuderJ,NielsenFG.Developmentofanautomaticthresholdingmethodforwakemeanderingstudies
anditsapplicationtothedatasetfromscanningwindlidar.WindEnergySci.2022;7(2):849–873.doi:10.5194/wes-7-849-2022

15.SmalikhoIN,BanakhVA,PichuginaYL,etal.LidarInvestigationofAtmosphereEffectonaWindTurbineWake.JournalofAtmosphericand
OceanicTechnology2013;30:2554-2570.doi:10.1175/JTECH-D-12-00108.1

16.BrowningKA,WexlerR.TheDeterminationofKinematicPropertiesofaWindFieldUsingDopplerRadar.J.Appl.Meteorol.1968;7(1):
105–113.doi:10.1175/1520-0450(1968)007<0105:TDOKPO>2.0.CO;2

17.WangH,BarthelmieRJ,CliftonA,PryorSC.WindMeasurementsfromArcScanswithDopplerWindLidar.J.Atmos.Ocean.Technol.2015;
32(11):2024–2040.doi:10.1175/JTECH-D-14-00059.1

18.JaniskováM.Assimilationofcloudinformationfromspace-borneradarandlidar:experimentalstudyusinga1D+4D-Vartechnique.Quarterly
JournaloftheRoyalMeteorologicalSociety2015;141:2708-2725.doi:10.1002/QJ.2558

19.FieldingMD,JaniskováM.Direct4D-Varassimilationofspace-bornecloudradarreflectivityandlidarbackscatter.PartI:Observationoperator
andimplementation.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3877-3899.doi:10.1002/QJ.3878

20.JaniskováM,FieldingMD.Direct4D-Varassimilationofspace-bornecloudradarandlidarobservations.PartII:Impactonanalysisand
subsequentforecast.QuarterlyJournaloftheRoyalMeteorologicalSociety2020;146:3900-3916.doi:10.1002/QJ.3879

21.CherukuruNW,CalhounR,KrishnamurthyR,BennyS,ReuderJ,FlüggeM.2DVARsingleDopplerlidarvectorretrievalanditsapplicationin
offshorewindenergy.EnergyProcedia2017;137:497–504.doi:10.1016/j.egypro.2017.10.378



18 MARIA KRUTOVA et al

22. Cherukuru NW. Doppler Lidar Vector Retrievals and Atmospheric Data Visualization in Mixed/Augmented Reality. PhD thesis. Arizona State
University, 1151 S Forest Ave Tempe, AZ 85281, USA; 2017.

23. Technariumas . Inpainting Healing algorithm. https://github.com/Technariumas/Inpainting; . Accessed: 2022-09-22.
24. Clifton A, Boquet M, Burin Des Roziers E, et al. Remote Sensing of Complex Flows by Doppler Wind Lidar: Issues and Preliminary

Recommendations. Tech. Rep. December, National Renewable Energy Laboratory (NREL); Golden, CO (United States): 2015

How to cite this article: Krutova M., Bakhoday-Paskyabi, M., and Reuder J. (2023), Validation of the 2D-VAR lidar retrieval algorithm for non-
homogeneous wind fields,Wind Energy, .

18MARIAKRUTOVAetal

22.CherukuruNW.DopplerLidarVectorRetrievalsandAtmosphericDataVisualizationinMixed/AugmentedReality.PhDthesis.ArizonaState
University,1151SForestAveTempe,AZ85281,USA;2017.

23.Technariumas.InpaintingHealingalgorithm.https://github.com/Technariumas/Inpainting;.Accessed:2022-09-22.
24.CliftonA,BoquetM,BurinDesRoziersE,etal.RemoteSensingofComplexFlowsbyDopplerWindLidar:IssuesandPreliminary

Recommendations.Tech.Rep.December,NationalRenewableEnergyLaboratory(NREL);Golden,CO(UnitedStates):2015

Howtocitethisarticle:KrutovaM.,Bakhoday-Paskyabi,M.,andReuderJ.(2023),Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfields,WindEnergy,.

18MARIAKRUTOVAetal

22.CherukuruNW.DopplerLidarVectorRetrievalsandAtmosphericDataVisualizationinMixed/AugmentedReality.PhDthesis.ArizonaState
University,1151SForestAveTempe,AZ85281,USA;2017.

23.Technariumas.InpaintingHealingalgorithm.https://github.com/Technariumas/Inpainting;.Accessed:2022-09-22.
24.CliftonA,BoquetM,BurinDesRoziersE,etal.RemoteSensingofComplexFlowsbyDopplerWindLidar:IssuesandPreliminary

Recommendations.Tech.Rep.December,NationalRenewableEnergyLaboratory(NREL);Golden,CO(UnitedStates):2015

Howtocitethisarticle:KrutovaM.,Bakhoday-Paskyabi,M.,andReuderJ.(2023),Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfields,WindEnergy,.

18 MARIA KRUTOVA et al

22. Cherukuru NW. Doppler Lidar Vector Retrievals and Atmospheric Data Visualization in Mixed/Augmented Reality. PhD thesis. Arizona State
University, 1151 S Forest Ave Tempe, AZ 85281, USA; 2017.

23. Technariumas . Inpainting Healing algorithm. https://github.com/Technariumas/Inpainting; . Accessed: 2022-09-22.
24. Clifton A, Boquet M, Burin Des Roziers E, et al. Remote Sensing of Complex Flows by Doppler Wind Lidar: Issues and Preliminary

Recommendations. Tech. Rep. December, National Renewable Energy Laboratory (NREL); Golden, CO (United States): 2015

How to cite this article: Krutova M., Bakhoday-Paskyabi, M., and Reuder J. (2023), Validation of the 2D-VAR lidar retrieval algorithm for non-
homogeneous wind fields,Wind Energy, .

18 MARIA KRUTOVA et al

22. Cherukuru NW. Doppler Lidar Vector Retrievals and Atmospheric Data Visualization in Mixed/Augmented Reality. PhD thesis. Arizona State
University, 1151 S Forest Ave Tempe, AZ 85281, USA; 2017.

23. Technariumas . Inpainting Healing algorithm. https://github.com/Technariumas/Inpainting; . Accessed: 2022-09-22.
24. Clifton A, Boquet M, Burin Des Roziers E, et al. Remote Sensing of Complex Flows by Doppler Wind Lidar: Issues and Preliminary

Recommendations. Tech. Rep. December, National Renewable Energy Laboratory (NREL); Golden, CO (United States): 2015

How to cite this article: Krutova M., Bakhoday-Paskyabi, M., and Reuder J. (2023), Validation of the 2D-VAR lidar retrieval algorithm for non-
homogeneous wind fields,Wind Energy, .

18MARIAKRUTOVAetal

22.CherukuruNW.DopplerLidarVectorRetrievalsandAtmosphericDataVisualizationinMixed/AugmentedReality.PhDthesis.ArizonaState
University,1151SForestAveTempe,AZ85281,USA;2017.

23.Technariumas.InpaintingHealingalgorithm.https://github.com/Technariumas/Inpainting;.Accessed:2022-09-22.
24.CliftonA,BoquetM,BurinDesRoziersE,etal.RemoteSensingofComplexFlowsbyDopplerWindLidar:IssuesandPreliminary

Recommendations.Tech.Rep.December,NationalRenewableEnergyLaboratory(NREL);Golden,CO(UnitedStates):2015

Howtocitethisarticle:KrutovaM.,Bakhoday-Paskyabi,M.,andReuderJ.(2023),Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfields,WindEnergy,.

18MARIAKRUTOVAetal

22.CherukuruNW.DopplerLidarVectorRetrievalsandAtmosphericDataVisualizationinMixed/AugmentedReality.PhDthesis.ArizonaState
University,1151SForestAveTempe,AZ85281,USA;2017.

23.Technariumas.InpaintingHealingalgorithm.https://github.com/Technariumas/Inpainting;.Accessed:2022-09-22.
24.CliftonA,BoquetM,BurinDesRoziersE,etal.RemoteSensingofComplexFlowsbyDopplerWindLidar:IssuesandPreliminary

Recommendations.Tech.Rep.December,NationalRenewableEnergyLaboratory(NREL);Golden,CO(UnitedStates):2015

Howtocitethisarticle:KrutovaM.,Bakhoday-Paskyabi,M.,andReuderJ.(2023),Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfields,WindEnergy,.

18MARIAKRUTOVAetal

22.CherukuruNW.DopplerLidarVectorRetrievalsandAtmosphericDataVisualizationinMixed/AugmentedReality.PhDthesis.ArizonaState
University,1151SForestAveTempe,AZ85281,USA;2017.

23.Technariumas.InpaintingHealingalgorithm.https://github.com/Technariumas/Inpainting;.Accessed:2022-09-22.
24.CliftonA,BoquetM,BurinDesRoziersE,etal.RemoteSensingofComplexFlowsbyDopplerWindLidar:IssuesandPreliminary

Recommendations.Tech.Rep.December,NationalRenewableEnergyLaboratory(NREL);Golden,CO(UnitedStates):2015

Howtocitethisarticle:KrutovaM.,Bakhoday-Paskyabi,M.,andReuderJ.(2023),Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfields,WindEnergy,.

18MARIAKRUTOVAetal

22.CherukuruNW.DopplerLidarVectorRetrievalsandAtmosphericDataVisualizationinMixed/AugmentedReality.PhDthesis.ArizonaState
University,1151SForestAveTempe,AZ85281,USA;2017.

23.Technariumas.InpaintingHealingalgorithm.https://github.com/Technariumas/Inpainting;.Accessed:2022-09-22.
24.CliftonA,BoquetM,BurinDesRoziersE,etal.RemoteSensingofComplexFlowsbyDopplerWindLidar:IssuesandPreliminary

Recommendations.Tech.Rep.December,NationalRenewableEnergyLaboratory(NREL);Golden,CO(UnitedStates):2015

Howtocitethisarticle:KrutovaM.,Bakhoday-Paskyabi,M.,andReuderJ.(2023),Validationofthe2D-VARlidarretrievalalgorithmfornon-
homogeneouswindfields,WindEnergy,.



Bibliography

Abkar, M., and F. Porté-Agel (2015), Influence of atmospheric stability on wind-turbine
wakes: A large-eddy simulation study, Physics of Fluids, 27 (3), 035,104, doi:10.1063/
1.4913695. 2, 12

Abkar, M., and F. Porté-Agel (2016), Influence of the Coriolis force on the structure
and evolution of wind turbine wakes, Physical Review Fluids, 1, 1–14, doi:10.1103/
physrevfluids.1.063701. 8

Abkar, M., J. N. Sørensen, and F. Porté-Agel (2018), An analytical model for the
effect of vertical wind veer on wind turbine wakes, Energies, 11 (7), 1–10, doi:
10.3390/en11071838. 20

Adaramola, M., and P. Å. Krogstad (2011), Experimental investigation of wake effects
on wind turbine performance, Renewable Energy, 36, 2078–2086, doi:10.1016/j.renene.
2011.01.024. 3, 9

Ahsbahs, T., N. G. Nygaard, A. Newcombe, and M. Badger (2020), Wind farm wakes
from SAR and doppler radar, Remote Sensing, 12, 462, doi:10.3390/rs12030462. 3

Ainslie, J. (1988), Calculating the flowfield in the wake of wind turbines, Journal
of Wind Engineering and Industrial Aerodynamics, 27, 213–224, doi:10.1016/0167-
6105(88)90037-2. 20

Akhtar, N., B. Geyer, B. Rockel, P. S. Sommer, and C. Schrum (2021), Accelerating
deployment of offshore wind energy alter wind climate and reduce future power gen-
eration potentials, Scientific Reports, 11, 11,826, doi:10.1038/s41598-021-91283-3. 3

Alblas, L., W. Bierbooms, and D. Veldkamp (2014), Power output of offshore wind farms
in relation to atmospheric stability, Journal of Physics: Conference Series, 555 (1),
012,004, doi:10.1088/1742-6596/555/1/012004. 12

Andersen, S. J., J. N. Sørensen, S. Ivanell, and R. F. Mikkelsen (2014), Comparison
of engineering wake models with CFD simulations, Journal of Physics: Conference
Series, 524, 012,161. 19

Ashton, R., F. Viola, S. Camarri, F. Gallaire, and G. V. Iungo (2016), Hub vortex insta-
bility within wind turbine wakes: Effects of wind turbulence, loading conditions, and
blade aerodynamics, Physical Review Fluids, 1, 073,603, doi:10.1103/PhysRevFluids.
1.073603. 7

Atkinson, B. W., and J. W. Zhang (1996), Mesoscale shallow convection in the atmo-
sphere, Reviews of Geophysics, 34, 403–431, doi:10.1029/96RG02623. 4

Bak, C., F. Zahle, R. Bitsche, T. Kim, A. Yde, L. C. Henriksen, M. H. Hansen, J. P.
A. A. Blasques, M. Gaunaa, and A. Natarajan (2013), The DTU 10-MW reference
wind turbine. 30

Bibliography

Abkar,M.,andF.Porté-Agel(2015),Influenceofatmosphericstabilityonwind-turbine
wakes:Alarge-eddysimulationstudy,PhysicsofFluids,27(3),035,104,doi:10.1063/
1.4913695.2,12

Abkar,M.,andF.Porté-Agel(2016),InfluenceoftheCoriolisforceonthestructure
andevolutionofwindturbinewakes,PhysicalReviewFluids,1,1–14,doi:10.1103/
physrevfluids.1.063701.8

Abkar,M.,J.N.Sørensen,andF.Porté-Agel(2018),Ananalyticalmodelforthe
effectofverticalwindveeronwindturbinewakes,Energies,11(7),1–10,doi:
10.3390/en11071838.20

Adaramola,M.,andP.Å.Krogstad(2011),Experimentalinvestigationofwakeeffects
onwindturbineperformance,RenewableEnergy,36,2078–2086,doi:10.1016/j.renene.
2011.01.024.3,9

Ahsbahs,T.,N.G.Nygaard,A.Newcombe,andM.Badger(2020),Windfarmwakes
fromSARanddopplerradar,RemoteSensing,12,462,doi:10.3390/rs12030462.3

Ainslie,J.(1988),Calculatingtheflowfieldinthewakeofwindturbines,Journal
ofWindEngineeringandIndustrialAerodynamics,27,213–224,doi:10.1016/0167-
6105(88)90037-2.20

Akhtar,N.,B.Geyer,B.Rockel,P.S.Sommer,andC.Schrum(2021),Accelerating
deploymentofoffshorewindenergyalterwindclimateandreducefuturepowergen-
erationpotentials,ScientificReports,11,11,826,doi:10.1038/s41598-021-91283-3.3

Alblas,L.,W.Bierbooms,andD.Veldkamp(2014),Poweroutputofoffshorewindfarms
inrelationtoatmosphericstability,JournalofPhysics:ConferenceSeries,555(1),
012,004,doi:10.1088/1742-6596/555/1/012004.12

Andersen,S.J.,J.N.Sørensen,S.Ivanell,andR.F.Mikkelsen(2014),Comparison
ofengineeringwakemodelswithCFDsimulations,JournalofPhysics:Conference
Series,524,012,161.19

Ashton,R.,F.Viola,S.Camarri,F.Gallaire,andG.V.Iungo(2016),Hubvortexinsta-
bilitywithinwindturbinewakes:Effectsofwindturbulence,loadingconditions,and
bladeaerodynamics,PhysicalReviewFluids,1,073,603,doi:10.1103/PhysRevFluids.
1.073603.7

Atkinson,B.W.,andJ.W.Zhang(1996),Mesoscaleshallowconvectionintheatmo-
sphere,ReviewsofGeophysics,34,403–431,doi:10.1029/96RG02623.4

Bak,C.,F.Zahle,R.Bitsche,T.Kim,A.Yde,L.C.Henriksen,M.H.Hansen,J.P.
A.A.Blasques,M.Gaunaa,andA.Natarajan(2013),TheDTU10-MWreference
windturbine.30

Bibliography

Abkar,M.,andF.Porté-Agel(2015),Influenceofatmosphericstabilityonwind-turbine
wakes:Alarge-eddysimulationstudy,PhysicsofFluids,27(3),035,104,doi:10.1063/
1.4913695.2,12

Abkar,M.,andF.Porté-Agel(2016),InfluenceoftheCoriolisforceonthestructure
andevolutionofwindturbinewakes,PhysicalReviewFluids,1,1–14,doi:10.1103/
physrevfluids.1.063701.8

Abkar,M.,J.N.Sørensen,andF.Porté-Agel(2018),Ananalyticalmodelforthe
effectofverticalwindveeronwindturbinewakes,Energies,11(7),1–10,doi:
10.3390/en11071838.20

Adaramola,M.,andP.Å.Krogstad(2011),Experimentalinvestigationofwakeeffects
onwindturbineperformance,RenewableEnergy,36,2078–2086,doi:10.1016/j.renene.
2011.01.024.3,9

Ahsbahs,T.,N.G.Nygaard,A.Newcombe,andM.Badger(2020),Windfarmwakes
fromSARanddopplerradar,RemoteSensing,12,462,doi:10.3390/rs12030462.3

Ainslie,J.(1988),Calculatingtheflowfieldinthewakeofwindturbines,Journal
ofWindEngineeringandIndustrialAerodynamics,27,213–224,doi:10.1016/0167-
6105(88)90037-2.20

Akhtar,N.,B.Geyer,B.Rockel,P.S.Sommer,andC.Schrum(2021),Accelerating
deploymentofoffshorewindenergyalterwindclimateandreducefuturepowergen-
erationpotentials,ScientificReports,11,11,826,doi:10.1038/s41598-021-91283-3.3

Alblas,L.,W.Bierbooms,andD.Veldkamp(2014),Poweroutputofoffshorewindfarms
inrelationtoatmosphericstability,JournalofPhysics:ConferenceSeries,555(1),
012,004,doi:10.1088/1742-6596/555/1/012004.12

Andersen,S.J.,J.N.Sørensen,S.Ivanell,andR.F.Mikkelsen(2014),Comparison
ofengineeringwakemodelswithCFDsimulations,JournalofPhysics:Conference
Series,524,012,161.19

Ashton,R.,F.Viola,S.Camarri,F.Gallaire,andG.V.Iungo(2016),Hubvortexinsta-
bilitywithinwindturbinewakes:Effectsofwindturbulence,loadingconditions,and
bladeaerodynamics,PhysicalReviewFluids,1,073,603,doi:10.1103/PhysRevFluids.
1.073603.7

Atkinson,B.W.,andJ.W.Zhang(1996),Mesoscaleshallowconvectionintheatmo-
sphere,ReviewsofGeophysics,34,403–431,doi:10.1029/96RG02623.4

Bak,C.,F.Zahle,R.Bitsche,T.Kim,A.Yde,L.C.Henriksen,M.H.Hansen,J.P.
A.A.Blasques,M.Gaunaa,andA.Natarajan(2013),TheDTU10-MWreference
windturbine.30

Bibliography

Abkar, M., and F. Porté-Agel (2015), Influence of atmospheric stability on wind-turbine
wakes: A large-eddy simulation study, Physics of Fluids, 27 (3), 035,104, doi:10.1063/
1.4913695. 2, 12

Abkar, M., and F. Porté-Agel (2016), Influence of the Coriolis force on the structure
and evolution of wind turbine wakes, Physical Review Fluids, 1, 1–14, doi:10.1103/
physrevfluids.1.063701. 8

Abkar, M., J. N. Sørensen, and F. Porté-Agel (2018), An analytical model for the
effect of vertical wind veer on wind turbine wakes, Energies, 11 (7), 1–10, doi:
10.3390/en11071838. 20

Adaramola, M., and P. Å. Krogstad (2011), Experimental investigation of wake effects
on wind turbine performance, Renewable Energy, 36, 2078–2086, doi:10.1016/j.renene.
2011.01.024. 3, 9

Ahsbahs, T., N. G. Nygaard, A. Newcombe, and M. Badger (2020), Wind farm wakes
from SAR and doppler radar, Remote Sensing, 12, 462, doi:10.3390/rs12030462. 3

Ainslie, J. (1988), Calculating the flowfield in the wake of wind turbines, Journal
of Wind Engineering and Industrial Aerodynamics, 27, 213–224, doi:10.1016/0167-
6105(88)90037-2. 20

Akhtar, N., B. Geyer, B. Rockel, P. S. Sommer, and C. Schrum (2021), Accelerating
deployment of offshore wind energy alter wind climate and reduce future power gen-
eration potentials, Scientific Reports, 11, 11,826, doi:10.1038/s41598-021-91283-3. 3

Alblas, L., W. Bierbooms, and D. Veldkamp (2014), Power output of offshore wind farms
in relation to atmospheric stability, Journal of Physics: Conference Series, 555 (1),
012,004, doi:10.1088/1742-6596/555/1/012004. 12

Andersen, S. J., J. N. Sørensen, S. Ivanell, and R. F. Mikkelsen (2014), Comparison
of engineering wake models with CFD simulations, Journal of Physics: Conference
Series, 524, 012,161. 19

Ashton, R., F. Viola, S. Camarri, F. Gallaire, and G. V. Iungo (2016), Hub vortex insta-
bility within wind turbine wakes: Effects of wind turbulence, loading conditions, and
blade aerodynamics, Physical Review Fluids, 1, 073,603, doi:10.1103/PhysRevFluids.
1.073603. 7

Atkinson, B. W., and J. W. Zhang (1996), Mesoscale shallow convection in the atmo-
sphere, Reviews of Geophysics, 34, 403–431, doi:10.1029/96RG02623. 4

Bak, C., F. Zahle, R. Bitsche, T. Kim, A. Yde, L. C. Henriksen, M. H. Hansen, J. P.
A. A. Blasques, M. Gaunaa, and A. Natarajan (2013), The DTU 10-MW reference
wind turbine. 30

Bibliography

Abkar, M., and F. Porté-Agel (2015), Influence of atmospheric stability on wind-turbine
wakes: A large-eddy simulation study, Physics of Fluids, 27 (3), 035,104, doi:10.1063/
1.4913695. 2, 12

Abkar, M., and F. Porté-Agel (2016), Influence of the Coriolis force on the structure
and evolution of wind turbine wakes, Physical Review Fluids, 1, 1–14, doi:10.1103/
physrevfluids.1.063701. 8

Abkar, M., J. N. Sørensen, and F. Porté-Agel (2018), An analytical model for the
effect of vertical wind veer on wind turbine wakes, Energies, 11 (7), 1–10, doi:
10.3390/en11071838. 20

Adaramola, M., and P. Å. Krogstad (2011), Experimental investigation of wake effects
on wind turbine performance, Renewable Energy, 36, 2078–2086, doi:10.1016/j.renene.
2011.01.024. 3, 9

Ahsbahs, T., N. G. Nygaard, A. Newcombe, and M. Badger (2020), Wind farm wakes
from SAR and doppler radar, Remote Sensing, 12, 462, doi:10.3390/rs12030462. 3

Ainslie, J. (1988), Calculating the flowfield in the wake of wind turbines, Journal
of Wind Engineering and Industrial Aerodynamics, 27, 213–224, doi:10.1016/0167-
6105(88)90037-2. 20

Akhtar, N., B. Geyer, B. Rockel, P. S. Sommer, and C. Schrum (2021), Accelerating
deployment of offshore wind energy alter wind climate and reduce future power gen-
eration potentials, Scientific Reports, 11, 11,826, doi:10.1038/s41598-021-91283-3. 3

Alblas, L., W. Bierbooms, and D. Veldkamp (2014), Power output of offshore wind farms
in relation to atmospheric stability, Journal of Physics: Conference Series, 555 (1),
012,004, doi:10.1088/1742-6596/555/1/012004. 12

Andersen, S. J., J. N. Sørensen, S. Ivanell, and R. F. Mikkelsen (2014), Comparison
of engineering wake models with CFD simulations, Journal of Physics: Conference
Series, 524, 012,161. 19

Ashton, R., F. Viola, S. Camarri, F. Gallaire, and G. V. Iungo (2016), Hub vortex insta-
bility within wind turbine wakes: Effects of wind turbulence, loading conditions, and
blade aerodynamics, Physical Review Fluids, 1, 073,603, doi:10.1103/PhysRevFluids.
1.073603. 7

Atkinson, B. W., and J. W. Zhang (1996), Mesoscale shallow convection in the atmo-
sphere, Reviews of Geophysics, 34, 403–431, doi:10.1029/96RG02623. 4

Bak, C., F. Zahle, R. Bitsche, T. Kim, A. Yde, L. C. Henriksen, M. H. Hansen, J. P.
A. A. Blasques, M. Gaunaa, and A. Natarajan (2013), The DTU 10-MW reference
wind turbine. 30

Bibliography

Abkar,M.,andF.Porté-Agel(2015),Influenceofatmosphericstabilityonwind-turbine
wakes:Alarge-eddysimulationstudy,PhysicsofFluids,27(3),035,104,doi:10.1063/
1.4913695.2,12

Abkar,M.,andF.Porté-Agel(2016),InfluenceoftheCoriolisforceonthestructure
andevolutionofwindturbinewakes,PhysicalReviewFluids,1,1–14,doi:10.1103/
physrevfluids.1.063701.8

Abkar,M.,J.N.Sørensen,andF.Porté-Agel(2018),Ananalyticalmodelforthe
effectofverticalwindveeronwindturbinewakes,Energies,11(7),1–10,doi:
10.3390/en11071838.20

Adaramola,M.,andP.Å.Krogstad(2011),Experimentalinvestigationofwakeeffects
onwindturbineperformance,RenewableEnergy,36,2078–2086,doi:10.1016/j.renene.
2011.01.024.3,9

Ahsbahs,T.,N.G.Nygaard,A.Newcombe,andM.Badger(2020),Windfarmwakes
fromSARanddopplerradar,RemoteSensing,12,462,doi:10.3390/rs12030462.3

Ainslie,J.(1988),Calculatingtheflowfieldinthewakeofwindturbines,Journal
ofWindEngineeringandIndustrialAerodynamics,27,213–224,doi:10.1016/0167-
6105(88)90037-2.20

Akhtar,N.,B.Geyer,B.Rockel,P.S.Sommer,andC.Schrum(2021),Accelerating
deploymentofoffshorewindenergyalterwindclimateandreducefuturepowergen-
erationpotentials,ScientificReports,11,11,826,doi:10.1038/s41598-021-91283-3.3

Alblas,L.,W.Bierbooms,andD.Veldkamp(2014),Poweroutputofoffshorewindfarms
inrelationtoatmosphericstability,JournalofPhysics:ConferenceSeries,555(1),
012,004,doi:10.1088/1742-6596/555/1/012004.12

Andersen,S.J.,J.N.Sørensen,S.Ivanell,andR.F.Mikkelsen(2014),Comparison
ofengineeringwakemodelswithCFDsimulations,JournalofPhysics:Conference
Series,524,012,161.19

Ashton,R.,F.Viola,S.Camarri,F.Gallaire,andG.V.Iungo(2016),Hubvortexinsta-
bilitywithinwindturbinewakes:Effectsofwindturbulence,loadingconditions,and
bladeaerodynamics,PhysicalReviewFluids,1,073,603,doi:10.1103/PhysRevFluids.
1.073603.7

Atkinson,B.W.,andJ.W.Zhang(1996),Mesoscaleshallowconvectionintheatmo-
sphere,ReviewsofGeophysics,34,403–431,doi:10.1029/96RG02623.4

Bak,C.,F.Zahle,R.Bitsche,T.Kim,A.Yde,L.C.Henriksen,M.H.Hansen,J.P.
A.A.Blasques,M.Gaunaa,andA.Natarajan(2013),TheDTU10-MWreference
windturbine.30

Bibliography

Abkar,M.,andF.Porté-Agel(2015),Influenceofatmosphericstabilityonwind-turbine
wakes:Alarge-eddysimulationstudy,PhysicsofFluids,27(3),035,104,doi:10.1063/
1.4913695.2,12

Abkar,M.,andF.Porté-Agel(2016),InfluenceoftheCoriolisforceonthestructure
andevolutionofwindturbinewakes,PhysicalReviewFluids,1,1–14,doi:10.1103/
physrevfluids.1.063701.8

Abkar,M.,J.N.Sørensen,andF.Porté-Agel(2018),Ananalyticalmodelforthe
effectofverticalwindveeronwindturbinewakes,Energies,11(7),1–10,doi:
10.3390/en11071838.20

Adaramola,M.,andP.Å.Krogstad(2011),Experimentalinvestigationofwakeeffects
onwindturbineperformance,RenewableEnergy,36,2078–2086,doi:10.1016/j.renene.
2011.01.024.3,9

Ahsbahs,T.,N.G.Nygaard,A.Newcombe,andM.Badger(2020),Windfarmwakes
fromSARanddopplerradar,RemoteSensing,12,462,doi:10.3390/rs12030462.3

Ainslie,J.(1988),Calculatingtheflowfieldinthewakeofwindturbines,Journal
ofWindEngineeringandIndustrialAerodynamics,27,213–224,doi:10.1016/0167-
6105(88)90037-2.20

Akhtar,N.,B.Geyer,B.Rockel,P.S.Sommer,andC.Schrum(2021),Accelerating
deploymentofoffshorewindenergyalterwindclimateandreducefuturepowergen-
erationpotentials,ScientificReports,11,11,826,doi:10.1038/s41598-021-91283-3.3

Alblas,L.,W.Bierbooms,andD.Veldkamp(2014),Poweroutputofoffshorewindfarms
inrelationtoatmosphericstability,JournalofPhysics:ConferenceSeries,555(1),
012,004,doi:10.1088/1742-6596/555/1/012004.12

Andersen,S.J.,J.N.Sørensen,S.Ivanell,andR.F.Mikkelsen(2014),Comparison
ofengineeringwakemodelswithCFDsimulations,JournalofPhysics:Conference
Series,524,012,161.19

Ashton,R.,F.Viola,S.Camarri,F.Gallaire,andG.V.Iungo(2016),Hubvortexinsta-
bilitywithinwindturbinewakes:Effectsofwindturbulence,loadingconditions,and
bladeaerodynamics,PhysicalReviewFluids,1,073,603,doi:10.1103/PhysRevFluids.
1.073603.7

Atkinson,B.W.,andJ.W.Zhang(1996),Mesoscaleshallowconvectionintheatmo-
sphere,ReviewsofGeophysics,34,403–431,doi:10.1029/96RG02623.4

Bak,C.,F.Zahle,R.Bitsche,T.Kim,A.Yde,L.C.Henriksen,M.H.Hansen,J.P.
A.A.Blasques,M.Gaunaa,andA.Natarajan(2013),TheDTU10-MWreference
windturbine.30

Bibliography

Abkar,M.,andF.Porté-Agel(2015),Influenceofatmosphericstabilityonwind-turbine
wakes:Alarge-eddysimulationstudy,PhysicsofFluids,27(3),035,104,doi:10.1063/
1.4913695.2,12

Abkar,M.,andF.Porté-Agel(2016),InfluenceoftheCoriolisforceonthestructure
andevolutionofwindturbinewakes,PhysicalReviewFluids,1,1–14,doi:10.1103/
physrevfluids.1.063701.8

Abkar,M.,J.N.Sørensen,andF.Porté-Agel(2018),Ananalyticalmodelforthe
effectofverticalwindveeronwindturbinewakes,Energies,11(7),1–10,doi:
10.3390/en11071838.20

Adaramola,M.,andP.Å.Krogstad(2011),Experimentalinvestigationofwakeeffects
onwindturbineperformance,RenewableEnergy,36,2078–2086,doi:10.1016/j.renene.
2011.01.024.3,9

Ahsbahs,T.,N.G.Nygaard,A.Newcombe,andM.Badger(2020),Windfarmwakes
fromSARanddopplerradar,RemoteSensing,12,462,doi:10.3390/rs12030462.3

Ainslie,J.(1988),Calculatingtheflowfieldinthewakeofwindturbines,Journal
ofWindEngineeringandIndustrialAerodynamics,27,213–224,doi:10.1016/0167-
6105(88)90037-2.20

Akhtar,N.,B.Geyer,B.Rockel,P.S.Sommer,andC.Schrum(2021),Accelerating
deploymentofoffshorewindenergyalterwindclimateandreducefuturepowergen-
erationpotentials,ScientificReports,11,11,826,doi:10.1038/s41598-021-91283-3.3

Alblas,L.,W.Bierbooms,andD.Veldkamp(2014),Poweroutputofoffshorewindfarms
inrelationtoatmosphericstability,JournalofPhysics:ConferenceSeries,555(1),
012,004,doi:10.1088/1742-6596/555/1/012004.12

Andersen,S.J.,J.N.Sørensen,S.Ivanell,andR.F.Mikkelsen(2014),Comparison
ofengineeringwakemodelswithCFDsimulations,JournalofPhysics:Conference
Series,524,012,161.19

Ashton,R.,F.Viola,S.Camarri,F.Gallaire,andG.V.Iungo(2016),Hubvortexinsta-
bilitywithinwindturbinewakes:Effectsofwindturbulence,loadingconditions,and
bladeaerodynamics,PhysicalReviewFluids,1,073,603,doi:10.1103/PhysRevFluids.
1.073603.7

Atkinson,B.W.,andJ.W.Zhang(1996),Mesoscaleshallowconvectionintheatmo-
sphere,ReviewsofGeophysics,34,403–431,doi:10.1029/96RG02623.4

Bak,C.,F.Zahle,R.Bitsche,T.Kim,A.Yde,L.C.Henriksen,M.H.Hansen,J.P.
A.A.Blasques,M.Gaunaa,andA.Natarajan(2013),TheDTU10-MWreference
windturbine.30

Bibliography

Abkar,M.,andF.Porté-Agel(2015),Influenceofatmosphericstabilityonwind-turbine
wakes:Alarge-eddysimulationstudy,PhysicsofFluids,27(3),035,104,doi:10.1063/
1.4913695.2,12

Abkar,M.,andF.Porté-Agel(2016),InfluenceoftheCoriolisforceonthestructure
andevolutionofwindturbinewakes,PhysicalReviewFluids,1,1–14,doi:10.1103/
physrevfluids.1.063701.8

Abkar,M.,J.N.Sørensen,andF.Porté-Agel(2018),Ananalyticalmodelforthe
effectofverticalwindveeronwindturbinewakes,Energies,11(7),1–10,doi:
10.3390/en11071838.20

Adaramola,M.,andP.Å.Krogstad(2011),Experimentalinvestigationofwakeeffects
onwindturbineperformance,RenewableEnergy,36,2078–2086,doi:10.1016/j.renene.
2011.01.024.3,9

Ahsbahs,T.,N.G.Nygaard,A.Newcombe,andM.Badger(2020),Windfarmwakes
fromSARanddopplerradar,RemoteSensing,12,462,doi:10.3390/rs12030462.3

Ainslie,J.(1988),Calculatingtheflowfieldinthewakeofwindturbines,Journal
ofWindEngineeringandIndustrialAerodynamics,27,213–224,doi:10.1016/0167-
6105(88)90037-2.20

Akhtar,N.,B.Geyer,B.Rockel,P.S.Sommer,andC.Schrum(2021),Accelerating
deploymentofoffshorewindenergyalterwindclimateandreducefuturepowergen-
erationpotentials,ScientificReports,11,11,826,doi:10.1038/s41598-021-91283-3.3

Alblas,L.,W.Bierbooms,andD.Veldkamp(2014),Poweroutputofoffshorewindfarms
inrelationtoatmosphericstability,JournalofPhysics:ConferenceSeries,555(1),
012,004,doi:10.1088/1742-6596/555/1/012004.12

Andersen,S.J.,J.N.Sørensen,S.Ivanell,andR.F.Mikkelsen(2014),Comparison
ofengineeringwakemodelswithCFDsimulations,JournalofPhysics:Conference
Series,524,012,161.19

Ashton,R.,F.Viola,S.Camarri,F.Gallaire,andG.V.Iungo(2016),Hubvortexinsta-
bilitywithinwindturbinewakes:Effectsofwindturbulence,loadingconditions,and
bladeaerodynamics,PhysicalReviewFluids,1,073,603,doi:10.1103/PhysRevFluids.
1.073603.7

Atkinson,B.W.,andJ.W.Zhang(1996),Mesoscaleshallowconvectionintheatmo-
sphere,ReviewsofGeophysics,34,403–431,doi:10.1029/96RG02623.4

Bak,C.,F.Zahle,R.Bitsche,T.Kim,A.Yde,L.C.Henriksen,M.H.Hansen,J.P.
A.A.Blasques,M.Gaunaa,andA.Natarajan(2013),TheDTU10-MWreference
windturbine.30



156 Bibliography

Bakhoday-Paskyabi, M., J. Reuder, and M. Flügge (2016), Automated measurements of
whitecaps on the ocean surface from a buoy-mounted camera, Methods in Oceanogra-
phy, 17, 14–31, doi:10.1016/j.mio.2016.05.002. 15

Bakhoday-Paskyabi, M., H. Bui, and M. M. Penchah (2022), D2.1 - Atmospheric-wave
multi-scale flow modelling. Delivery report. HIPERWIND EU project, no. 101006689,
available at https://www.hiperwind.eu/publications, Accessed: November 24,
2023. 4

Barthelmie, R., S. Pryor, N. Wildmann, and R. Menke (2018), Wind turbine wake
characterization in complex terrain via integrated Doppler lidar data from the Perdigão
experiment, Journal of Physics: Conference Series, 1037, 052,022, doi:10.1088/1742-
6596/1037/5/052022. 13

Barthelmie, R. J., and L. E. Jensen (2010), Evaluation of wind farm efficiency and
wind turbine wakes at the Nysted offshore wind farm, Wind Energy, 13 (6), 573–586,
doi:10.1002/we.408. 12, 19

Barthelmie, R. J., L. Folkerts, G. C. Larsen, K. Rados, S. C. Pryor, S. T. Frandsen,
B. Lange, and G. Schepers (2006), Comparison of wake model simulations with offshore
wind turbine wake profiles measured by sodar, Journal of Atmospheric and Oceanic
Technology, 23 (7), 888–901, doi:10.1175/JTECH1886.1. 19

Barthelmie, R. J., M. J. Churchfield, P. J. Moriarty, J. K. Lundquist, G. S. Oxley,
S. Hahn, and S. C. Pryor (2015), The role of atmospheric stability/turbulence on
wakes at the Egmond aan Zee offshore wind farm, Journal of Physics: Conference
Series, 625 (1), 012,002, doi:10.1088/1742-6596/625/1/012002. 11, 12

Bastankhah, M., and F. Porté-Agel (2014), A new analytical model for wind-turbine
wakes, Renewable Energy, 70, 116–123, doi:10.1016/j.renene.2014.01.002. 19, 20, 21

Bastine, D., B. Witha, M. Wächter, and J. Peinke (2015), Towards a simplified Dy-
namicWake model using POD analysis, Energies, 8, 895–920, doi:10.3390/en8020895.
15

Basu, S., A. A. M. Holtslag, B. J. H. V. D. Wiel, A. F. Moene, and G.-J. Steeneveld
(2008), An inconvenient “truth” about using sensible heat flux as a surface boundary
condition in models under stably stratified regimes, Acta Geophysica, 56, 88–99, doi:
10.2478/s11600-007-0038-y. 26

Beeken, T. (2008), Five years of offshore measurements at the FINO1 platform in the
German Bight, DEWI Magazine, 80, 1–5. 32

Bingöl, F., J. Mann, and G. C. Larsen (2010), Light detection and ranging measurements
of wake dynamics part I: one-dimensional scanning, Wind Energy, 13 (1), 51–61, doi:
10.1002/we.352. 13

Blondel, F., and M. Cathelain (2020), An alternative form of the super-gaussian wind
turbine wake model, Wind Energy Science, 5, 1225–1236, doi:10.5194/wes-5-1225-
2020. 22

156Bibliography

Bakhoday-Paskyabi,M.,J.Reuder,andM.Flügge(2016),Automatedmeasurementsof
whitecapsontheoceansurfacefromabuoy-mountedcamera,MethodsinOceanogra-
phy,17,14–31,doi:10.1016/j.mio.2016.05.002.15

Bakhoday-Paskyabi,M.,H.Bui,andM.M.Penchah(2022),D2.1-Atmospheric-wave
multi-scaleflowmodelling.Deliveryreport.HIPERWINDEUproject,no.101006689,
availableathttps://www.hiperwind.eu/publications,Accessed:November24,
2023.4

Barthelmie,R.,S.Pryor,N.Wildmann,andR.Menke(2018),Windturbinewake
characterizationincomplexterrainviaintegratedDopplerlidardatafromthePerdigão
experiment,JournalofPhysics:ConferenceSeries,1037,052,022,doi:10.1088/1742-
6596/1037/5/052022.13

Barthelmie,R.J.,andL.E.Jensen(2010),Evaluationofwindfarmefficiencyand
windturbinewakesattheNystedoffshorewindfarm,WindEnergy,13(6),573–586,
doi:10.1002/we.408.12,19

Barthelmie,R.J.,L.Folkerts,G.C.Larsen,K.Rados,S.C.Pryor,S.T.Frandsen,
B.Lange,andG.Schepers(2006),Comparisonofwakemodelsimulationswithoffshore
windturbinewakeprofilesmeasuredbysodar,JournalofAtmosphericandOceanic
Technology,23(7),888–901,doi:10.1175/JTECH1886.1.19

Barthelmie,R.J.,M.J.Churchfield,P.J.Moriarty,J.K.Lundquist,G.S.Oxley,
S.Hahn,andS.C.Pryor(2015),Theroleofatmosphericstability/turbulenceon
wakesattheEgmondaanZeeoffshorewindfarm,JournalofPhysics:Conference
Series,625(1),012,002,doi:10.1088/1742-6596/625/1/012002.11,12

Bastankhah,M.,andF.Porté-Agel(2014),Anewanalyticalmodelforwind-turbine
wakes,RenewableEnergy,70,116–123,doi:10.1016/j.renene.2014.01.002.19,20,21

Bastine,D.,B.Witha,M.Wächter,andJ.Peinke(2015),TowardsasimplifiedDy-
namicWakemodelusingPODanalysis,Energies,8,895–920,doi:10.3390/en8020895.
15

Basu,S.,A.A.M.Holtslag,B.J.H.V.D.Wiel,A.F.Moene,andG.-J.Steeneveld
(2008),Aninconvenient“truth”aboutusingsensibleheatfluxasasurfaceboundary
conditioninmodelsunderstablystratifiedregimes,ActaGeophysica,56,88–99,doi:
10.2478/s11600-007-0038-y.26

Beeken,T.(2008),FiveyearsofoffshoremeasurementsattheFINO1platforminthe
GermanBight,DEWIMagazine,80,1–5.32

Bingöl,F.,J.Mann,andG.C.Larsen(2010),Lightdetectionandrangingmeasurements
ofwakedynamicspartI:one-dimensionalscanning,WindEnergy,13(1),51–61,doi:
10.1002/we.352.13

Blondel,F.,andM.Cathelain(2020),Analternativeformofthesuper-gaussianwind
turbinewakemodel,WindEnergyScience,5,1225–1236,doi:10.5194/wes-5-1225-
2020.22

156Bibliography

Bakhoday-Paskyabi,M.,J.Reuder,andM.Flügge(2016),Automatedmeasurementsof
whitecapsontheoceansurfacefromabuoy-mountedcamera,MethodsinOceanogra-
phy,17,14–31,doi:10.1016/j.mio.2016.05.002.15

Bakhoday-Paskyabi,M.,H.Bui,andM.M.Penchah(2022),D2.1-Atmospheric-wave
multi-scaleflowmodelling.Deliveryreport.HIPERWINDEUproject,no.101006689,
availableathttps://www.hiperwind.eu/publications,Accessed:November24,
2023.4

Barthelmie,R.,S.Pryor,N.Wildmann,andR.Menke(2018),Windturbinewake
characterizationincomplexterrainviaintegratedDopplerlidardatafromthePerdigão
experiment,JournalofPhysics:ConferenceSeries,1037,052,022,doi:10.1088/1742-
6596/1037/5/052022.13

Barthelmie,R.J.,andL.E.Jensen(2010),Evaluationofwindfarmefficiencyand
windturbinewakesattheNystedoffshorewindfarm,WindEnergy,13(6),573–586,
doi:10.1002/we.408.12,19

Barthelmie,R.J.,L.Folkerts,G.C.Larsen,K.Rados,S.C.Pryor,S.T.Frandsen,
B.Lange,andG.Schepers(2006),Comparisonofwakemodelsimulationswithoffshore
windturbinewakeprofilesmeasuredbysodar,JournalofAtmosphericandOceanic
Technology,23(7),888–901,doi:10.1175/JTECH1886.1.19

Barthelmie,R.J.,M.J.Churchfield,P.J.Moriarty,J.K.Lundquist,G.S.Oxley,
S.Hahn,andS.C.Pryor(2015),Theroleofatmosphericstability/turbulenceon
wakesattheEgmondaanZeeoffshorewindfarm,JournalofPhysics:Conference
Series,625(1),012,002,doi:10.1088/1742-6596/625/1/012002.11,12

Bastankhah,M.,andF.Porté-Agel(2014),Anewanalyticalmodelforwind-turbine
wakes,RenewableEnergy,70,116–123,doi:10.1016/j.renene.2014.01.002.19,20,21

Bastine,D.,B.Witha,M.Wächter,andJ.Peinke(2015),TowardsasimplifiedDy-
namicWakemodelusingPODanalysis,Energies,8,895–920,doi:10.3390/en8020895.
15

Basu,S.,A.A.M.Holtslag,B.J.H.V.D.Wiel,A.F.Moene,andG.-J.Steeneveld
(2008),Aninconvenient“truth”aboutusingsensibleheatfluxasasurfaceboundary
conditioninmodelsunderstablystratifiedregimes,ActaGeophysica,56,88–99,doi:
10.2478/s11600-007-0038-y.26

Beeken,T.(2008),FiveyearsofoffshoremeasurementsattheFINO1platforminthe
GermanBight,DEWIMagazine,80,1–5.32

Bingöl,F.,J.Mann,andG.C.Larsen(2010),Lightdetectionandrangingmeasurements
ofwakedynamicspartI:one-dimensionalscanning,WindEnergy,13(1),51–61,doi:
10.1002/we.352.13

Blondel,F.,andM.Cathelain(2020),Analternativeformofthesuper-gaussianwind
turbinewakemodel,WindEnergyScience,5,1225–1236,doi:10.5194/wes-5-1225-
2020.22

156 Bibliography

Bakhoday-Paskyabi, M., J. Reuder, and M. Flügge (2016), Automated measurements of
whitecaps on the ocean surface from a buoy-mounted camera, Methods in Oceanogra-
phy, 17, 14–31, doi:10.1016/j.mio.2016.05.002. 15

Bakhoday-Paskyabi, M., H. Bui, and M. M. Penchah (2022), D2.1 - Atmospheric-wave
multi-scale flow modelling. Delivery report. HIPERWIND EU project, no. 101006689,
available at https://www.hiperwind.eu/publications, Accessed: November 24,
2023. 4

Barthelmie, R., S. Pryor, N. Wildmann, and R. Menke (2018), Wind turbine wake
characterization in complex terrain via integrated Doppler lidar data from the Perdigão
experiment, Journal of Physics: Conference Series, 1037, 052,022, doi:10.1088/1742-
6596/1037/5/052022. 13

Barthelmie, R. J., and L. E. Jensen (2010), Evaluation of wind farm efficiency and
wind turbine wakes at the Nysted offshore wind farm, Wind Energy, 13 (6), 573–586,
doi:10.1002/we.408. 12, 19

Barthelmie, R. J., L. Folkerts, G. C. Larsen, K. Rados, S. C. Pryor, S. T. Frandsen,
B. Lange, and G. Schepers (2006), Comparison of wake model simulations with offshore
wind turbine wake profiles measured by sodar, Journal of Atmospheric and Oceanic
Technology, 23 (7), 888–901, doi:10.1175/JTECH1886.1. 19

Barthelmie, R. J., M. J. Churchfield, P. J. Moriarty, J. K. Lundquist, G. S. Oxley,
S. Hahn, and S. C. Pryor (2015), The role of atmospheric stability/turbulence on
wakes at the Egmond aan Zee offshore wind farm, Journal of Physics: Conference
Series, 625 (1), 012,002, doi:10.1088/1742-6596/625/1/012002. 11, 12

Bastankhah, M., and F. Porté-Agel (2014), A new analytical model for wind-turbine
wakes, Renewable Energy, 70, 116–123, doi:10.1016/j.renene.2014.01.002. 19, 20, 21

Bastine, D., B. Witha, M. Wächter, and J. Peinke (2015), Towards a simplified Dy-
namicWake model using POD analysis, Energies, 8, 895–920, doi:10.3390/en8020895.
15

Basu, S., A. A. M. Holtslag, B. J. H. V. D. Wiel, A. F. Moene, and G.-J. Steeneveld
(2008), An inconvenient “truth” about using sensible heat flux as a surface boundary
condition in models under stably stratified regimes, Acta Geophysica, 56, 88–99, doi:
10.2478/s11600-007-0038-y. 26

Beeken, T. (2008), Five years of offshore measurements at the FINO1 platform in the
German Bight, DEWI Magazine, 80, 1–5. 32

Bingöl, F., J. Mann, and G. C. Larsen (2010), Light detection and ranging measurements
of wake dynamics part I: one-dimensional scanning, Wind Energy, 13 (1), 51–61, doi:
10.1002/we.352. 13

Blondel, F., and M. Cathelain (2020), An alternative form of the super-gaussian wind
turbine wake model, Wind Energy Science, 5, 1225–1236, doi:10.5194/wes-5-1225-
2020. 22

156 Bibliography

Bakhoday-Paskyabi, M., J. Reuder, and M. Flügge (2016), Automated measurements of
whitecaps on the ocean surface from a buoy-mounted camera, Methods in Oceanogra-
phy, 17, 14–31, doi:10.1016/j.mio.2016.05.002. 15

Bakhoday-Paskyabi, M., H. Bui, and M. M. Penchah (2022), D2.1 - Atmospheric-wave
multi-scale flow modelling. Delivery report. HIPERWIND EU project, no. 101006689,
available at https://www.hiperwind.eu/publications, Accessed: November 24,
2023. 4

Barthelmie, R., S. Pryor, N. Wildmann, and R. Menke (2018), Wind turbine wake
characterization in complex terrain via integrated Doppler lidar data from the Perdigão
experiment, Journal of Physics: Conference Series, 1037, 052,022, doi:10.1088/1742-
6596/1037/5/052022. 13

Barthelmie, R. J., and L. E. Jensen (2010), Evaluation of wind farm efficiency and
wind turbine wakes at the Nysted offshore wind farm, Wind Energy, 13 (6), 573–586,
doi:10.1002/we.408. 12, 19

Barthelmie, R. J., L. Folkerts, G. C. Larsen, K. Rados, S. C. Pryor, S. T. Frandsen,
B. Lange, and G. Schepers (2006), Comparison of wake model simulations with offshore
wind turbine wake profiles measured by sodar, Journal of Atmospheric and Oceanic
Technology, 23 (7), 888–901, doi:10.1175/JTECH1886.1. 19

Barthelmie, R. J., M. J. Churchfield, P. J. Moriarty, J. K. Lundquist, G. S. Oxley,
S. Hahn, and S. C. Pryor (2015), The role of atmospheric stability/turbulence on
wakes at the Egmond aan Zee offshore wind farm, Journal of Physics: Conference
Series, 625 (1), 012,002, doi:10.1088/1742-6596/625/1/012002. 11, 12

Bastankhah, M., and F. Porté-Agel (2014), A new analytical model for wind-turbine
wakes, Renewable Energy, 70, 116–123, doi:10.1016/j.renene.2014.01.002. 19, 20, 21

Bastine, D., B. Witha, M. Wächter, and J. Peinke (2015), Towards a simplified Dy-
namicWake model using POD analysis, Energies, 8, 895–920, doi:10.3390/en8020895.
15

Basu, S., A. A. M. Holtslag, B. J. H. V. D. Wiel, A. F. Moene, and G.-J. Steeneveld
(2008), An inconvenient “truth” about using sensible heat flux as a surface boundary
condition in models under stably stratified regimes, Acta Geophysica, 56, 88–99, doi:
10.2478/s11600-007-0038-y. 26

Beeken, T. (2008), Five years of offshore measurements at the FINO1 platform in the
German Bight, DEWI Magazine, 80, 1–5. 32

Bingöl, F., J. Mann, and G. C. Larsen (2010), Light detection and ranging measurements
of wake dynamics part I: one-dimensional scanning, Wind Energy, 13 (1), 51–61, doi:
10.1002/we.352. 13

Blondel, F., and M. Cathelain (2020), An alternative form of the super-gaussian wind
turbine wake model, Wind Energy Science, 5, 1225–1236, doi:10.5194/wes-5-1225-
2020. 22

156Bibliography

Bakhoday-Paskyabi,M.,J.Reuder,andM.Flügge(2016),Automatedmeasurementsof
whitecapsontheoceansurfacefromabuoy-mountedcamera,MethodsinOceanogra-
phy,17,14–31,doi:10.1016/j.mio.2016.05.002.15

Bakhoday-Paskyabi,M.,H.Bui,andM.M.Penchah(2022),D2.1-Atmospheric-wave
multi-scaleflowmodelling.Deliveryreport.HIPERWINDEUproject,no.101006689,
availableathttps://www.hiperwind.eu/publications,Accessed:November24,
2023.4

Barthelmie,R.,S.Pryor,N.Wildmann,andR.Menke(2018),Windturbinewake
characterizationincomplexterrainviaintegratedDopplerlidardatafromthePerdigão
experiment,JournalofPhysics:ConferenceSeries,1037,052,022,doi:10.1088/1742-
6596/1037/5/052022.13

Barthelmie,R.J.,andL.E.Jensen(2010),Evaluationofwindfarmefficiencyand
windturbinewakesattheNystedoffshorewindfarm,WindEnergy,13(6),573–586,
doi:10.1002/we.408.12,19

Barthelmie,R.J.,L.Folkerts,G.C.Larsen,K.Rados,S.C.Pryor,S.T.Frandsen,
B.Lange,andG.Schepers(2006),Comparisonofwakemodelsimulationswithoffshore
windturbinewakeprofilesmeasuredbysodar,JournalofAtmosphericandOceanic
Technology,23(7),888–901,doi:10.1175/JTECH1886.1.19

Barthelmie,R.J.,M.J.Churchfield,P.J.Moriarty,J.K.Lundquist,G.S.Oxley,
S.Hahn,andS.C.Pryor(2015),Theroleofatmosphericstability/turbulenceon
wakesattheEgmondaanZeeoffshorewindfarm,JournalofPhysics:Conference
Series,625(1),012,002,doi:10.1088/1742-6596/625/1/012002.11,12

Bastankhah,M.,andF.Porté-Agel(2014),Anewanalyticalmodelforwind-turbine
wakes,RenewableEnergy,70,116–123,doi:10.1016/j.renene.2014.01.002.19,20,21

Bastine,D.,B.Witha,M.Wächter,andJ.Peinke(2015),TowardsasimplifiedDy-
namicWakemodelusingPODanalysis,Energies,8,895–920,doi:10.3390/en8020895.
15

Basu,S.,A.A.M.Holtslag,B.J.H.V.D.Wiel,A.F.Moene,andG.-J.Steeneveld
(2008),Aninconvenient“truth”aboutusingsensibleheatfluxasasurfaceboundary
conditioninmodelsunderstablystratifiedregimes,ActaGeophysica,56,88–99,doi:
10.2478/s11600-007-0038-y.26

Beeken,T.(2008),FiveyearsofoffshoremeasurementsattheFINO1platforminthe
GermanBight,DEWIMagazine,80,1–5.32

Bingöl,F.,J.Mann,andG.C.Larsen(2010),Lightdetectionandrangingmeasurements
ofwakedynamicspartI:one-dimensionalscanning,WindEnergy,13(1),51–61,doi:
10.1002/we.352.13

Blondel,F.,andM.Cathelain(2020),Analternativeformofthesuper-gaussianwind
turbinewakemodel,WindEnergyScience,5,1225–1236,doi:10.5194/wes-5-1225-
2020.22

156Bibliography

Bakhoday-Paskyabi,M.,J.Reuder,andM.Flügge(2016),Automatedmeasurementsof
whitecapsontheoceansurfacefromabuoy-mountedcamera,MethodsinOceanogra-
phy,17,14–31,doi:10.1016/j.mio.2016.05.002.15

Bakhoday-Paskyabi,M.,H.Bui,andM.M.Penchah(2022),D2.1-Atmospheric-wave
multi-scaleflowmodelling.Deliveryreport.HIPERWINDEUproject,no.101006689,
availableathttps://www.hiperwind.eu/publications,Accessed:November24,
2023.4

Barthelmie,R.,S.Pryor,N.Wildmann,andR.Menke(2018),Windturbinewake
characterizationincomplexterrainviaintegratedDopplerlidardatafromthePerdigão
experiment,JournalofPhysics:ConferenceSeries,1037,052,022,doi:10.1088/1742-
6596/1037/5/052022.13

Barthelmie,R.J.,andL.E.Jensen(2010),Evaluationofwindfarmefficiencyand
windturbinewakesattheNystedoffshorewindfarm,WindEnergy,13(6),573–586,
doi:10.1002/we.408.12,19

Barthelmie,R.J.,L.Folkerts,G.C.Larsen,K.Rados,S.C.Pryor,S.T.Frandsen,
B.Lange,andG.Schepers(2006),Comparisonofwakemodelsimulationswithoffshore
windturbinewakeprofilesmeasuredbysodar,JournalofAtmosphericandOceanic
Technology,23(7),888–901,doi:10.1175/JTECH1886.1.19

Barthelmie,R.J.,M.J.Churchfield,P.J.Moriarty,J.K.Lundquist,G.S.Oxley,
S.Hahn,andS.C.Pryor(2015),Theroleofatmosphericstability/turbulenceon
wakesattheEgmondaanZeeoffshorewindfarm,JournalofPhysics:Conference
Series,625(1),012,002,doi:10.1088/1742-6596/625/1/012002.11,12

Bastankhah,M.,andF.Porté-Agel(2014),Anewanalyticalmodelforwind-turbine
wakes,RenewableEnergy,70,116–123,doi:10.1016/j.renene.2014.01.002.19,20,21

Bastine,D.,B.Witha,M.Wächter,andJ.Peinke(2015),TowardsasimplifiedDy-
namicWakemodelusingPODanalysis,Energies,8,895–920,doi:10.3390/en8020895.
15

Basu,S.,A.A.M.Holtslag,B.J.H.V.D.Wiel,A.F.Moene,andG.-J.Steeneveld
(2008),Aninconvenient“truth”aboutusingsensibleheatfluxasasurfaceboundary
conditioninmodelsunderstablystratifiedregimes,ActaGeophysica,56,88–99,doi:
10.2478/s11600-007-0038-y.26

Beeken,T.(2008),FiveyearsofoffshoremeasurementsattheFINO1platforminthe
GermanBight,DEWIMagazine,80,1–5.32

Bingöl,F.,J.Mann,andG.C.Larsen(2010),Lightdetectionandrangingmeasurements
ofwakedynamicspartI:one-dimensionalscanning,WindEnergy,13(1),51–61,doi:
10.1002/we.352.13

Blondel,F.,andM.Cathelain(2020),Analternativeformofthesuper-gaussianwind
turbinewakemodel,WindEnergyScience,5,1225–1236,doi:10.5194/wes-5-1225-
2020.22

156Bibliography

Bakhoday-Paskyabi,M.,J.Reuder,andM.Flügge(2016),Automatedmeasurementsof
whitecapsontheoceansurfacefromabuoy-mountedcamera,MethodsinOceanogra-
phy,17,14–31,doi:10.1016/j.mio.2016.05.002.15

Bakhoday-Paskyabi,M.,H.Bui,andM.M.Penchah(2022),D2.1-Atmospheric-wave
multi-scaleflowmodelling.Deliveryreport.HIPERWINDEUproject,no.101006689,
availableathttps://www.hiperwind.eu/publications,Accessed:November24,
2023.4

Barthelmie,R.,S.Pryor,N.Wildmann,andR.Menke(2018),Windturbinewake
characterizationincomplexterrainviaintegratedDopplerlidardatafromthePerdigão
experiment,JournalofPhysics:ConferenceSeries,1037,052,022,doi:10.1088/1742-
6596/1037/5/052022.13

Barthelmie,R.J.,andL.E.Jensen(2010),Evaluationofwindfarmefficiencyand
windturbinewakesattheNystedoffshorewindfarm,WindEnergy,13(6),573–586,
doi:10.1002/we.408.12,19

Barthelmie,R.J.,L.Folkerts,G.C.Larsen,K.Rados,S.C.Pryor,S.T.Frandsen,
B.Lange,andG.Schepers(2006),Comparisonofwakemodelsimulationswithoffshore
windturbinewakeprofilesmeasuredbysodar,JournalofAtmosphericandOceanic
Technology,23(7),888–901,doi:10.1175/JTECH1886.1.19

Barthelmie,R.J.,M.J.Churchfield,P.J.Moriarty,J.K.Lundquist,G.S.Oxley,
S.Hahn,andS.C.Pryor(2015),Theroleofatmosphericstability/turbulenceon
wakesattheEgmondaanZeeoffshorewindfarm,JournalofPhysics:Conference
Series,625(1),012,002,doi:10.1088/1742-6596/625/1/012002.11,12

Bastankhah,M.,andF.Porté-Agel(2014),Anewanalyticalmodelforwind-turbine
wakes,RenewableEnergy,70,116–123,doi:10.1016/j.renene.2014.01.002.19,20,21

Bastine,D.,B.Witha,M.Wächter,andJ.Peinke(2015),TowardsasimplifiedDy-
namicWakemodelusingPODanalysis,Energies,8,895–920,doi:10.3390/en8020895.
15

Basu,S.,A.A.M.Holtslag,B.J.H.V.D.Wiel,A.F.Moene,andG.-J.Steeneveld
(2008),Aninconvenient“truth”aboutusingsensibleheatfluxasasurfaceboundary
conditioninmodelsunderstablystratifiedregimes,ActaGeophysica,56,88–99,doi:
10.2478/s11600-007-0038-y.26

Beeken,T.(2008),FiveyearsofoffshoremeasurementsattheFINO1platforminthe
GermanBight,DEWIMagazine,80,1–5.32

Bingöl,F.,J.Mann,andG.C.Larsen(2010),Lightdetectionandrangingmeasurements
ofwakedynamicspartI:one-dimensionalscanning,WindEnergy,13(1),51–61,doi:
10.1002/we.352.13

Blondel,F.,andM.Cathelain(2020),Analternativeformofthesuper-gaussianwind
turbinewakemodel,WindEnergyScience,5,1225–1236,doi:10.5194/wes-5-1225-
2020.22

156Bibliography

Bakhoday-Paskyabi,M.,J.Reuder,andM.Flügge(2016),Automatedmeasurementsof
whitecapsontheoceansurfacefromabuoy-mountedcamera,MethodsinOceanogra-
phy,17,14–31,doi:10.1016/j.mio.2016.05.002.15

Bakhoday-Paskyabi,M.,H.Bui,andM.M.Penchah(2022),D2.1-Atmospheric-wave
multi-scaleflowmodelling.Deliveryreport.HIPERWINDEUproject,no.101006689,
availableathttps://www.hiperwind.eu/publications,Accessed:November24,
2023.4

Barthelmie,R.,S.Pryor,N.Wildmann,andR.Menke(2018),Windturbinewake
characterizationincomplexterrainviaintegratedDopplerlidardatafromthePerdigão
experiment,JournalofPhysics:ConferenceSeries,1037,052,022,doi:10.1088/1742-
6596/1037/5/052022.13

Barthelmie,R.J.,andL.E.Jensen(2010),Evaluationofwindfarmefficiencyand
windturbinewakesattheNystedoffshorewindfarm,WindEnergy,13(6),573–586,
doi:10.1002/we.408.12,19

Barthelmie,R.J.,L.Folkerts,G.C.Larsen,K.Rados,S.C.Pryor,S.T.Frandsen,
B.Lange,andG.Schepers(2006),Comparisonofwakemodelsimulationswithoffshore
windturbinewakeprofilesmeasuredbysodar,JournalofAtmosphericandOceanic
Technology,23(7),888–901,doi:10.1175/JTECH1886.1.19

Barthelmie,R.J.,M.J.Churchfield,P.J.Moriarty,J.K.Lundquist,G.S.Oxley,
S.Hahn,andS.C.Pryor(2015),Theroleofatmosphericstability/turbulenceon
wakesattheEgmondaanZeeoffshorewindfarm,JournalofPhysics:Conference
Series,625(1),012,002,doi:10.1088/1742-6596/625/1/012002.11,12

Bastankhah,M.,andF.Porté-Agel(2014),Anewanalyticalmodelforwind-turbine
wakes,RenewableEnergy,70,116–123,doi:10.1016/j.renene.2014.01.002.19,20,21

Bastine,D.,B.Witha,M.Wächter,andJ.Peinke(2015),TowardsasimplifiedDy-
namicWakemodelusingPODanalysis,Energies,8,895–920,doi:10.3390/en8020895.
15

Basu,S.,A.A.M.Holtslag,B.J.H.V.D.Wiel,A.F.Moene,andG.-J.Steeneveld
(2008),Aninconvenient“truth”aboutusingsensibleheatfluxasasurfaceboundary
conditioninmodelsunderstablystratifiedregimes,ActaGeophysica,56,88–99,doi:
10.2478/s11600-007-0038-y.26

Beeken,T.(2008),FiveyearsofoffshoremeasurementsattheFINO1platforminthe
GermanBight,DEWIMagazine,80,1–5.32

Bingöl,F.,J.Mann,andG.C.Larsen(2010),Lightdetectionandrangingmeasurements
ofwakedynamicspartI:one-dimensionalscanning,WindEnergy,13(1),51–61,doi:
10.1002/we.352.13

Blondel,F.,andM.Cathelain(2020),Analternativeformofthesuper-gaussianwind
turbinewakemodel,WindEnergyScience,5,1225–1236,doi:10.5194/wes-5-1225-
2020.22



157

Bodini, N., D. Zardi, and J. K. Lundquist (2017), Three-dimensional structure of wind
turbine wakes as measured by scanning lidar, Atmospheric Measurement Techniques,
10, 2881–2896, doi:10.5194/amt-10-2881-2017. 13

Breton, S.-P., J. Sumner, J. N. Sørensen, K. S. Hansen, S. Sarmast, and S. Ivanell
(2017), A survey of modelling methods for high-fidelity wind farm simulations using
large eddy simulation., Philosophical transactions. Series A, Mathematical, physical,
and engineering sciences, 375, doi:10.1098/rsta.2016.0097. 15

Burton, T., N. Jenkins, D. Sharpe, and E. Bossanyi (2011), Wind Energy Handbook,
1-952 pp., Wiley, doi:10.1002/9781119992714. 28

Cañadillas, B., M. Beckenbauer, J. J. Trujillo, M. Dörenkämper, R. Foreman, T. Neu-
mann, and A. Lampert (2022), Offshore wind farm cluster wakes as observed by long-
range-scanning wind lidar measurements and mesoscale modeling, Wind Energy Sci-
ence, 7, 1241–1262, doi:10.5194/wes-7-1241-2022. 3

Canuto, V. M., and Y. Cheng (1997), Determination of the smagorinsky–lilly constant
cs, Physics of Fluids, 9, 1368–1378, doi:10.1063/1.869251. 23

Chamorro, L. P., R. E. A. Arndt, and F. Sotiropoulos (2011), Turbulent flow properties
around a staggered wind farm, Boundary-Layer Meteorology, 141, 349–367, doi:10.
1007/s10546-011-9649-6. 3

Chatterjee, T., N. W. Cherukuru, Y. T. Peet, and R. J. Calhoun (2018), Large eddy
simulation with realistic geophysical inflow of Alpha Ventus wind farm: a comparison
with LIDAR field experiments, Journal of Physics: Conference Series, 1037, 072,056,
doi:10.1088/1742-6596/1037/7/072056. 4

Cherubini, A., A. Papini, R. Vertechy, and M. Fontana (2015), Airborne wind energy
systems: A review of the technologies, Renewable and Sustainable Energy Reviews, 51,
1461–1476, doi:10.1016/j.rser.2015.07.053. 2

Cherukuru, N. W. (2017), Doppler lidar vector retrievals and atmospheric
data visualization in mixed/augmented reality, Ph.D. thesis, Arizona
State University, 1151 S Forest Ave Tempe, AZ 85281, USA, available at
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2 Accessed: 22-11-2023.
34

Cherukuru, N. W., R. Calhoun, R. Krishnamurthy, S. Benny, J. Reuder, and M. Flügge
(2017), 2D VAR single Doppler lidar vector retrieval and its application in offshore
wind energy, Energy Procedia, 137, 497–504, doi:10.1016/j.egypro.2017.10.378. 14, 34,
40, 41

Cheynet, E., J. B. Jakobsen, and J. Reuder (2018), Velocity spectra and coherence
estimates in the marine atmospheric boundary layer, Boundary-Layer Meteorology,
169, 429–460, doi:10.1007/s10546-018-0382-2. 12

157

Bodini,N.,D.Zardi,andJ.K.Lundquist(2017),Three-dimensionalstructureofwind
turbinewakesasmeasuredbyscanninglidar,AtmosphericMeasurementTechniques,
10,2881–2896,doi:10.5194/amt-10-2881-2017.13

Breton,S.-P.,J.Sumner,J.N.Sørensen,K.S.Hansen,S.Sarmast,andS.Ivanell
(2017),Asurveyofmodellingmethodsforhigh-fidelitywindfarmsimulationsusing
largeeddysimulation.,Philosophicaltransactions.SeriesA,Mathematical,physical,
andengineeringsciences,375,doi:10.1098/rsta.2016.0097.15

Burton,T.,N.Jenkins,D.Sharpe,andE.Bossanyi(2011),WindEnergyHandbook,
1-952pp.,Wiley,doi:10.1002/9781119992714.28

Cañadillas,B.,M.Beckenbauer,J.J.Trujillo,M.Dörenkämper,R.Foreman,T.Neu-
mann,andA.Lampert(2022),Offshorewindfarmclusterwakesasobservedbylong-
range-scanningwindlidarmeasurementsandmesoscalemodeling,WindEnergySci-
ence,7,1241–1262,doi:10.5194/wes-7-1241-2022.3

Canuto,V.M.,andY.Cheng(1997),Determinationofthesmagorinsky–lillyconstant
cs,PhysicsofFluids,9,1368–1378,doi:10.1063/1.869251.23

Chamorro,L.P.,R.E.A.Arndt,andF.Sotiropoulos(2011),Turbulentflowproperties
aroundastaggeredwindfarm,Boundary-LayerMeteorology,141,349–367,doi:10.
1007/s10546-011-9649-6.3

Chatterjee,T.,N.W.Cherukuru,Y.T.Peet,andR.J.Calhoun(2018),Largeeddy
simulationwithrealisticgeophysicalinflowofAlphaVentuswindfarm:acomparison
withLIDARfieldexperiments,JournalofPhysics:ConferenceSeries,1037,072,056,
doi:10.1088/1742-6596/1037/7/072056.4

Cherubini,A.,A.Papini,R.Vertechy,andM.Fontana(2015),Airbornewindenergy
systems:Areviewofthetechnologies,RenewableandSustainableEnergyReviews,51,
1461–1476,doi:10.1016/j.rser.2015.07.053.2

Cherukuru,N.W.(2017),Dopplerlidarvectorretrievalsandatmospheric
datavisualizationinmixed/augmentedreality,Ph.D.thesis,Arizona
StateUniversity,1151SForestAveTempe,AZ85281,USA,availableat
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2Accessed:22-11-2023.
34

Cherukuru,N.W.,R.Calhoun,R.Krishnamurthy,S.Benny,J.Reuder,andM.Flügge
(2017),2DVARsingleDopplerlidarvectorretrievalanditsapplicationinoffshore
windenergy,EnergyProcedia,137,497–504,doi:10.1016/j.egypro.2017.10.378.14,34,
40,41

Cheynet,E.,J.B.Jakobsen,andJ.Reuder(2018),Velocityspectraandcoherence
estimatesinthemarineatmosphericboundarylayer,Boundary-LayerMeteorology,
169,429–460,doi:10.1007/s10546-018-0382-2.12

157

Bodini,N.,D.Zardi,andJ.K.Lundquist(2017),Three-dimensionalstructureofwind
turbinewakesasmeasuredbyscanninglidar,AtmosphericMeasurementTechniques,
10,2881–2896,doi:10.5194/amt-10-2881-2017.13

Breton,S.-P.,J.Sumner,J.N.Sørensen,K.S.Hansen,S.Sarmast,andS.Ivanell
(2017),Asurveyofmodellingmethodsforhigh-fidelitywindfarmsimulationsusing
largeeddysimulation.,Philosophicaltransactions.SeriesA,Mathematical,physical,
andengineeringsciences,375,doi:10.1098/rsta.2016.0097.15

Burton,T.,N.Jenkins,D.Sharpe,andE.Bossanyi(2011),WindEnergyHandbook,
1-952pp.,Wiley,doi:10.1002/9781119992714.28

Cañadillas,B.,M.Beckenbauer,J.J.Trujillo,M.Dörenkämper,R.Foreman,T.Neu-
mann,andA.Lampert(2022),Offshorewindfarmclusterwakesasobservedbylong-
range-scanningwindlidarmeasurementsandmesoscalemodeling,WindEnergySci-
ence,7,1241–1262,doi:10.5194/wes-7-1241-2022.3

Canuto,V.M.,andY.Cheng(1997),Determinationofthesmagorinsky–lillyconstant
cs,PhysicsofFluids,9,1368–1378,doi:10.1063/1.869251.23

Chamorro,L.P.,R.E.A.Arndt,andF.Sotiropoulos(2011),Turbulentflowproperties
aroundastaggeredwindfarm,Boundary-LayerMeteorology,141,349–367,doi:10.
1007/s10546-011-9649-6.3

Chatterjee,T.,N.W.Cherukuru,Y.T.Peet,andR.J.Calhoun(2018),Largeeddy
simulationwithrealisticgeophysicalinflowofAlphaVentuswindfarm:acomparison
withLIDARfieldexperiments,JournalofPhysics:ConferenceSeries,1037,072,056,
doi:10.1088/1742-6596/1037/7/072056.4

Cherubini,A.,A.Papini,R.Vertechy,andM.Fontana(2015),Airbornewindenergy
systems:Areviewofthetechnologies,RenewableandSustainableEnergyReviews,51,
1461–1476,doi:10.1016/j.rser.2015.07.053.2

Cherukuru,N.W.(2017),Dopplerlidarvectorretrievalsandatmospheric
datavisualizationinmixed/augmentedreality,Ph.D.thesis,Arizona
StateUniversity,1151SForestAveTempe,AZ85281,USA,availableat
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2Accessed:22-11-2023.
34

Cherukuru,N.W.,R.Calhoun,R.Krishnamurthy,S.Benny,J.Reuder,andM.Flügge
(2017),2DVARsingleDopplerlidarvectorretrievalanditsapplicationinoffshore
windenergy,EnergyProcedia,137,497–504,doi:10.1016/j.egypro.2017.10.378.14,34,
40,41

Cheynet,E.,J.B.Jakobsen,andJ.Reuder(2018),Velocityspectraandcoherence
estimatesinthemarineatmosphericboundarylayer,Boundary-LayerMeteorology,
169,429–460,doi:10.1007/s10546-018-0382-2.12

157

Bodini, N., D. Zardi, and J. K. Lundquist (2017), Three-dimensional structure of wind
turbine wakes as measured by scanning lidar, Atmospheric Measurement Techniques,
10, 2881–2896, doi:10.5194/amt-10-2881-2017. 13

Breton, S.-P., J. Sumner, J. N. Sørensen, K. S. Hansen, S. Sarmast, and S. Ivanell
(2017), A survey of modelling methods for high-fidelity wind farm simulations using
large eddy simulation., Philosophical transactions. Series A, Mathematical, physical,
and engineering sciences, 375, doi:10.1098/rsta.2016.0097. 15

Burton, T., N. Jenkins, D. Sharpe, and E. Bossanyi (2011), Wind Energy Handbook,
1-952 pp., Wiley, doi:10.1002/9781119992714. 28

Cañadillas, B., M. Beckenbauer, J. J. Trujillo, M. Dörenkämper, R. Foreman, T. Neu-
mann, and A. Lampert (2022), Offshore wind farm cluster wakes as observed by long-
range-scanning wind lidar measurements and mesoscale modeling, Wind Energy Sci-
ence, 7, 1241–1262, doi:10.5194/wes-7-1241-2022. 3

Canuto, V. M., and Y. Cheng (1997), Determination of the smagorinsky–lilly constant
cs, Physics of Fluids, 9, 1368–1378, doi:10.1063/1.869251. 23

Chamorro, L. P., R. E. A. Arndt, and F. Sotiropoulos (2011), Turbulent flow properties
around a staggered wind farm, Boundary-Layer Meteorology, 141, 349–367, doi:10.
1007/s10546-011-9649-6. 3

Chatterjee, T., N. W. Cherukuru, Y. T. Peet, and R. J. Calhoun (2018), Large eddy
simulation with realistic geophysical inflow of Alpha Ventus wind farm: a comparison
with LIDAR field experiments, Journal of Physics: Conference Series, 1037, 072,056,
doi:10.1088/1742-6596/1037/7/072056. 4

Cherubini, A., A. Papini, R. Vertechy, and M. Fontana (2015), Airborne wind energy
systems: A review of the technologies, Renewable and Sustainable Energy Reviews, 51,
1461–1476, doi:10.1016/j.rser.2015.07.053. 2

Cherukuru, N. W. (2017), Doppler lidar vector retrievals and atmospheric
data visualization in mixed/augmented reality, Ph.D. thesis, Arizona
State University, 1151 S Forest Ave Tempe, AZ 85281, USA, available at
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2 Accessed: 22-11-2023.
34

Cherukuru, N. W., R. Calhoun, R. Krishnamurthy, S. Benny, J. Reuder, and M. Flügge
(2017), 2D VAR single Doppler lidar vector retrieval and its application in offshore
wind energy, Energy Procedia, 137, 497–504, doi:10.1016/j.egypro.2017.10.378. 14, 34,
40, 41

Cheynet, E., J. B. Jakobsen, and J. Reuder (2018), Velocity spectra and coherence
estimates in the marine atmospheric boundary layer, Boundary-Layer Meteorology,
169, 429–460, doi:10.1007/s10546-018-0382-2. 12

157

Bodini, N., D. Zardi, and J. K. Lundquist (2017), Three-dimensional structure of wind
turbine wakes as measured by scanning lidar, Atmospheric Measurement Techniques,
10, 2881–2896, doi:10.5194/amt-10-2881-2017. 13

Breton, S.-P., J. Sumner, J. N. Sørensen, K. S. Hansen, S. Sarmast, and S. Ivanell
(2017), A survey of modelling methods for high-fidelity wind farm simulations using
large eddy simulation., Philosophical transactions. Series A, Mathematical, physical,
and engineering sciences, 375, doi:10.1098/rsta.2016.0097. 15

Burton, T., N. Jenkins, D. Sharpe, and E. Bossanyi (2011), Wind Energy Handbook,
1-952 pp., Wiley, doi:10.1002/9781119992714. 28

Cañadillas, B., M. Beckenbauer, J. J. Trujillo, M. Dörenkämper, R. Foreman, T. Neu-
mann, and A. Lampert (2022), Offshore wind farm cluster wakes as observed by long-
range-scanning wind lidar measurements and mesoscale modeling, Wind Energy Sci-
ence, 7, 1241–1262, doi:10.5194/wes-7-1241-2022. 3

Canuto, V. M., and Y. Cheng (1997), Determination of the smagorinsky–lilly constant
cs, Physics of Fluids, 9, 1368–1378, doi:10.1063/1.869251. 23

Chamorro, L. P., R. E. A. Arndt, and F. Sotiropoulos (2011), Turbulent flow properties
around a staggered wind farm, Boundary-Layer Meteorology, 141, 349–367, doi:10.
1007/s10546-011-9649-6. 3

Chatterjee, T., N. W. Cherukuru, Y. T. Peet, and R. J. Calhoun (2018), Large eddy
simulation with realistic geophysical inflow of Alpha Ventus wind farm: a comparison
with LIDAR field experiments, Journal of Physics: Conference Series, 1037, 072,056,
doi:10.1088/1742-6596/1037/7/072056. 4

Cherubini, A., A. Papini, R. Vertechy, and M. Fontana (2015), Airborne wind energy
systems: A review of the technologies, Renewable and Sustainable Energy Reviews, 51,
1461–1476, doi:10.1016/j.rser.2015.07.053. 2

Cherukuru, N. W. (2017), Doppler lidar vector retrievals and atmospheric
data visualization in mixed/augmented reality, Ph.D. thesis, Arizona
State University, 1151 S Forest Ave Tempe, AZ 85281, USA, available at
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2 Accessed: 22-11-2023.
34

Cherukuru, N. W., R. Calhoun, R. Krishnamurthy, S. Benny, J. Reuder, and M. Flügge
(2017), 2D VAR single Doppler lidar vector retrieval and its application in offshore
wind energy, Energy Procedia, 137, 497–504, doi:10.1016/j.egypro.2017.10.378. 14, 34,
40, 41

Cheynet, E., J. B. Jakobsen, and J. Reuder (2018), Velocity spectra and coherence
estimates in the marine atmospheric boundary layer, Boundary-Layer Meteorology,
169, 429–460, doi:10.1007/s10546-018-0382-2. 12

157

Bodini,N.,D.Zardi,andJ.K.Lundquist(2017),Three-dimensionalstructureofwind
turbinewakesasmeasuredbyscanninglidar,AtmosphericMeasurementTechniques,
10,2881–2896,doi:10.5194/amt-10-2881-2017.13

Breton,S.-P.,J.Sumner,J.N.Sørensen,K.S.Hansen,S.Sarmast,andS.Ivanell
(2017),Asurveyofmodellingmethodsforhigh-fidelitywindfarmsimulationsusing
largeeddysimulation.,Philosophicaltransactions.SeriesA,Mathematical,physical,
andengineeringsciences,375,doi:10.1098/rsta.2016.0097.15

Burton,T.,N.Jenkins,D.Sharpe,andE.Bossanyi(2011),WindEnergyHandbook,
1-952pp.,Wiley,doi:10.1002/9781119992714.28

Cañadillas,B.,M.Beckenbauer,J.J.Trujillo,M.Dörenkämper,R.Foreman,T.Neu-
mann,andA.Lampert(2022),Offshorewindfarmclusterwakesasobservedbylong-
range-scanningwindlidarmeasurementsandmesoscalemodeling,WindEnergySci-
ence,7,1241–1262,doi:10.5194/wes-7-1241-2022.3

Canuto,V.M.,andY.Cheng(1997),Determinationofthesmagorinsky–lillyconstant
cs,PhysicsofFluids,9,1368–1378,doi:10.1063/1.869251.23

Chamorro,L.P.,R.E.A.Arndt,andF.Sotiropoulos(2011),Turbulentflowproperties
aroundastaggeredwindfarm,Boundary-LayerMeteorology,141,349–367,doi:10.
1007/s10546-011-9649-6.3

Chatterjee,T.,N.W.Cherukuru,Y.T.Peet,andR.J.Calhoun(2018),Largeeddy
simulationwithrealisticgeophysicalinflowofAlphaVentuswindfarm:acomparison
withLIDARfieldexperiments,JournalofPhysics:ConferenceSeries,1037,072,056,
doi:10.1088/1742-6596/1037/7/072056.4

Cherubini,A.,A.Papini,R.Vertechy,andM.Fontana(2015),Airbornewindenergy
systems:Areviewofthetechnologies,RenewableandSustainableEnergyReviews,51,
1461–1476,doi:10.1016/j.rser.2015.07.053.2

Cherukuru,N.W.(2017),Dopplerlidarvectorretrievalsandatmospheric
datavisualizationinmixed/augmentedreality,Ph.D.thesis,Arizona
StateUniversity,1151SForestAveTempe,AZ85281,USA,availableat
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2Accessed:22-11-2023.
34

Cherukuru,N.W.,R.Calhoun,R.Krishnamurthy,S.Benny,J.Reuder,andM.Flügge
(2017),2DVARsingleDopplerlidarvectorretrievalanditsapplicationinoffshore
windenergy,EnergyProcedia,137,497–504,doi:10.1016/j.egypro.2017.10.378.14,34,
40,41

Cheynet,E.,J.B.Jakobsen,andJ.Reuder(2018),Velocityspectraandcoherence
estimatesinthemarineatmosphericboundarylayer,Boundary-LayerMeteorology,
169,429–460,doi:10.1007/s10546-018-0382-2.12

157

Bodini,N.,D.Zardi,andJ.K.Lundquist(2017),Three-dimensionalstructureofwind
turbinewakesasmeasuredbyscanninglidar,AtmosphericMeasurementTechniques,
10,2881–2896,doi:10.5194/amt-10-2881-2017.13

Breton,S.-P.,J.Sumner,J.N.Sørensen,K.S.Hansen,S.Sarmast,andS.Ivanell
(2017),Asurveyofmodellingmethodsforhigh-fidelitywindfarmsimulationsusing
largeeddysimulation.,Philosophicaltransactions.SeriesA,Mathematical,physical,
andengineeringsciences,375,doi:10.1098/rsta.2016.0097.15

Burton,T.,N.Jenkins,D.Sharpe,andE.Bossanyi(2011),WindEnergyHandbook,
1-952pp.,Wiley,doi:10.1002/9781119992714.28

Cañadillas,B.,M.Beckenbauer,J.J.Trujillo,M.Dörenkämper,R.Foreman,T.Neu-
mann,andA.Lampert(2022),Offshorewindfarmclusterwakesasobservedbylong-
range-scanningwindlidarmeasurementsandmesoscalemodeling,WindEnergySci-
ence,7,1241–1262,doi:10.5194/wes-7-1241-2022.3

Canuto,V.M.,andY.Cheng(1997),Determinationofthesmagorinsky–lillyconstant
cs,PhysicsofFluids,9,1368–1378,doi:10.1063/1.869251.23

Chamorro,L.P.,R.E.A.Arndt,andF.Sotiropoulos(2011),Turbulentflowproperties
aroundastaggeredwindfarm,Boundary-LayerMeteorology,141,349–367,doi:10.
1007/s10546-011-9649-6.3

Chatterjee,T.,N.W.Cherukuru,Y.T.Peet,andR.J.Calhoun(2018),Largeeddy
simulationwithrealisticgeophysicalinflowofAlphaVentuswindfarm:acomparison
withLIDARfieldexperiments,JournalofPhysics:ConferenceSeries,1037,072,056,
doi:10.1088/1742-6596/1037/7/072056.4

Cherubini,A.,A.Papini,R.Vertechy,andM.Fontana(2015),Airbornewindenergy
systems:Areviewofthetechnologies,RenewableandSustainableEnergyReviews,51,
1461–1476,doi:10.1016/j.rser.2015.07.053.2

Cherukuru,N.W.(2017),Dopplerlidarvectorretrievalsandatmospheric
datavisualizationinmixed/augmentedreality,Ph.D.thesis,Arizona
StateUniversity,1151SForestAveTempe,AZ85281,USA,availableat
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2Accessed:22-11-2023.
34

Cherukuru,N.W.,R.Calhoun,R.Krishnamurthy,S.Benny,J.Reuder,andM.Flügge
(2017),2DVARsingleDopplerlidarvectorretrievalanditsapplicationinoffshore
windenergy,EnergyProcedia,137,497–504,doi:10.1016/j.egypro.2017.10.378.14,34,
40,41

Cheynet,E.,J.B.Jakobsen,andJ.Reuder(2018),Velocityspectraandcoherence
estimatesinthemarineatmosphericboundarylayer,Boundary-LayerMeteorology,
169,429–460,doi:10.1007/s10546-018-0382-2.12

157

Bodini,N.,D.Zardi,andJ.K.Lundquist(2017),Three-dimensionalstructureofwind
turbinewakesasmeasuredbyscanninglidar,AtmosphericMeasurementTechniques,
10,2881–2896,doi:10.5194/amt-10-2881-2017.13

Breton,S.-P.,J.Sumner,J.N.Sørensen,K.S.Hansen,S.Sarmast,andS.Ivanell
(2017),Asurveyofmodellingmethodsforhigh-fidelitywindfarmsimulationsusing
largeeddysimulation.,Philosophicaltransactions.SeriesA,Mathematical,physical,
andengineeringsciences,375,doi:10.1098/rsta.2016.0097.15

Burton,T.,N.Jenkins,D.Sharpe,andE.Bossanyi(2011),WindEnergyHandbook,
1-952pp.,Wiley,doi:10.1002/9781119992714.28

Cañadillas,B.,M.Beckenbauer,J.J.Trujillo,M.Dörenkämper,R.Foreman,T.Neu-
mann,andA.Lampert(2022),Offshorewindfarmclusterwakesasobservedbylong-
range-scanningwindlidarmeasurementsandmesoscalemodeling,WindEnergySci-
ence,7,1241–1262,doi:10.5194/wes-7-1241-2022.3

Canuto,V.M.,andY.Cheng(1997),Determinationofthesmagorinsky–lillyconstant
cs,PhysicsofFluids,9,1368–1378,doi:10.1063/1.869251.23

Chamorro,L.P.,R.E.A.Arndt,andF.Sotiropoulos(2011),Turbulentflowproperties
aroundastaggeredwindfarm,Boundary-LayerMeteorology,141,349–367,doi:10.
1007/s10546-011-9649-6.3

Chatterjee,T.,N.W.Cherukuru,Y.T.Peet,andR.J.Calhoun(2018),Largeeddy
simulationwithrealisticgeophysicalinflowofAlphaVentuswindfarm:acomparison
withLIDARfieldexperiments,JournalofPhysics:ConferenceSeries,1037,072,056,
doi:10.1088/1742-6596/1037/7/072056.4

Cherubini,A.,A.Papini,R.Vertechy,andM.Fontana(2015),Airbornewindenergy
systems:Areviewofthetechnologies,RenewableandSustainableEnergyReviews,51,
1461–1476,doi:10.1016/j.rser.2015.07.053.2

Cherukuru,N.W.(2017),Dopplerlidarvectorretrievalsandatmospheric
datavisualizationinmixed/augmentedreality,Ph.D.thesis,Arizona
StateUniversity,1151SForestAveTempe,AZ85281,USA,availableat
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2Accessed:22-11-2023.
34

Cherukuru,N.W.,R.Calhoun,R.Krishnamurthy,S.Benny,J.Reuder,andM.Flügge
(2017),2DVARsingleDopplerlidarvectorretrievalanditsapplicationinoffshore
windenergy,EnergyProcedia,137,497–504,doi:10.1016/j.egypro.2017.10.378.14,34,
40,41

Cheynet,E.,J.B.Jakobsen,andJ.Reuder(2018),Velocityspectraandcoherence
estimatesinthemarineatmosphericboundarylayer,Boundary-LayerMeteorology,
169,429–460,doi:10.1007/s10546-018-0382-2.12

157

Bodini,N.,D.Zardi,andJ.K.Lundquist(2017),Three-dimensionalstructureofwind
turbinewakesasmeasuredbyscanninglidar,AtmosphericMeasurementTechniques,
10,2881–2896,doi:10.5194/amt-10-2881-2017.13

Breton,S.-P.,J.Sumner,J.N.Sørensen,K.S.Hansen,S.Sarmast,andS.Ivanell
(2017),Asurveyofmodellingmethodsforhigh-fidelitywindfarmsimulationsusing
largeeddysimulation.,Philosophicaltransactions.SeriesA,Mathematical,physical,
andengineeringsciences,375,doi:10.1098/rsta.2016.0097.15

Burton,T.,N.Jenkins,D.Sharpe,andE.Bossanyi(2011),WindEnergyHandbook,
1-952pp.,Wiley,doi:10.1002/9781119992714.28

Cañadillas,B.,M.Beckenbauer,J.J.Trujillo,M.Dörenkämper,R.Foreman,T.Neu-
mann,andA.Lampert(2022),Offshorewindfarmclusterwakesasobservedbylong-
range-scanningwindlidarmeasurementsandmesoscalemodeling,WindEnergySci-
ence,7,1241–1262,doi:10.5194/wes-7-1241-2022.3

Canuto,V.M.,andY.Cheng(1997),Determinationofthesmagorinsky–lillyconstant
cs,PhysicsofFluids,9,1368–1378,doi:10.1063/1.869251.23

Chamorro,L.P.,R.E.A.Arndt,andF.Sotiropoulos(2011),Turbulentflowproperties
aroundastaggeredwindfarm,Boundary-LayerMeteorology,141,349–367,doi:10.
1007/s10546-011-9649-6.3

Chatterjee,T.,N.W.Cherukuru,Y.T.Peet,andR.J.Calhoun(2018),Largeeddy
simulationwithrealisticgeophysicalinflowofAlphaVentuswindfarm:acomparison
withLIDARfieldexperiments,JournalofPhysics:ConferenceSeries,1037,072,056,
doi:10.1088/1742-6596/1037/7/072056.4

Cherubini,A.,A.Papini,R.Vertechy,andM.Fontana(2015),Airbornewindenergy
systems:Areviewofthetechnologies,RenewableandSustainableEnergyReviews,51,
1461–1476,doi:10.1016/j.rser.2015.07.053.2

Cherukuru,N.W.(2017),Dopplerlidarvectorretrievalsandatmospheric
datavisualizationinmixed/augmentedreality,Ph.D.thesis,Arizona
StateUniversity,1151SForestAveTempe,AZ85281,USA,availableat
https://www.proquest.com/dissertations-theses/doppler-lidar-vector-
retrievals-atmospheric-data/docview/1896107270/se-2Accessed:22-11-2023.
34

Cherukuru,N.W.,R.Calhoun,R.Krishnamurthy,S.Benny,J.Reuder,andM.Flügge
(2017),2DVARsingleDopplerlidarvectorretrievalanditsapplicationinoffshore
windenergy,EnergyProcedia,137,497–504,doi:10.1016/j.egypro.2017.10.378.14,34,
40,41

Cheynet,E.,J.B.Jakobsen,andJ.Reuder(2018),Velocityspectraandcoherence
estimatesinthemarineatmosphericboundarylayer,Boundary-LayerMeteorology,
169,429–460,doi:10.1007/s10546-018-0382-2.12



158 Bibliography

Christiansen, M. B., and C. B. Hasager (2005), Wake effects of large offshore wind
farms identified from satellite SAR, Remote Sensing of Environment, 98, 251–268,
doi:10.1016/j.rse.2005.07.009. 2

Christiansen, M. B., and C. B. Hasager (2006), Using airborne and satellite SAR for
wake mapping offshore, Wind Energy, 9, 437–455, doi:10.1002/we.196. 1, 2

Churchfield, M. J., S. Lee, J. Michalakes, and P. J. Moriarty (2012), A numerical study
of the effects of atmospheric and wake turbulence on wind turbine dynamics, Journal
of Turbulence, 13, 32, doi:10.1080/14685248.2012.668191. 10, 12

Crameri, F. (2023), Scientific colour maps, doi:10.5281/zenodo.8409685. 33

Crespo, A., J. Hernández, and S. Frandsen (1999), Survey of modelling methods for
wind turbine wakes and wind farms, Wind Energy, 2, 1–24, doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z. 8

Dai, J., D. Liu, L. Wen, and X. Long (2016), Research on power coefficient of wind tur-
bines based on SCADA data, Renewable Energy, 86, 206–215, doi:10.1016/J.RENENE.
2015.08.023. 2

Deardorff, J. W. (1972), Numerical investigation of neutral and unstable planetary
boundary layers, Journal of the Atmospheric Sciences, 29, 91–115, doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2. 11

Deardorff, J. W. (1980), Stratocumulus-capped mixed layers derived from a
three-dimensional model, Boundary-Layer Meteorology, 18, 495–527, doi:10.1007/
BF00119502. 25

Debnath, M., G. V. Iungo, R. Ashton, W. A. Brewer, A. Choukulkar, R. Delgado, J. K.
Lundquist, W. J. Shaw, J. M. Wilczak, and D. Wolfe (2017), Vertical profiles of the
3-D wind velocity retrieved from multiple wind lidars performing triple range-height-
indicator scans, Atmospheric Measurement Techniques, 10, 431–444, doi:10.5194/amt-
10-431-2017. 13

Desmond, C., J. Murphy, L. Blonk, and W. Haans (2016), Description of an 8 MW refer-
ence wind turbine, in Journal of Physics: Conference Series, vol. 753, IOP Publishing,
doi:10.1088/1742-6596/753/9/092013. 30

Dörenkämper, M., B. Witha, G. Steinfeld, D. Heinemann, and M. Kühn (2015), The
impact of stable atmospheric boundary layers on wind-turbine wakes within offshore
wind farms, Journal of Wind Engineering and Industrial Aerodynamics, 144, 146–153,
doi:10.1016/j.jweia.2014.12.011. xiii, 29, 30

Drew, D. R., J. F. Barlow, and S. E. Lane (2013), Observations of wind speed profiles over
greater london, uk, using a doppler lidar, Journal of Wind Engineering and Industrial
Aerodynamics, 121, 98–105, doi:10.1016/j.jweia.2013.07.019. 13

Duscha, C., J. Pálenik, T. Spengler, and J. Reuder (2023), Observing atmospheric con-
vection with dual-scanning lidars, Atmospheric Measurement Techniques, 16, 5103–
5123, doi:10.5194/amt-16-5103-2023. 13

158Bibliography

Christiansen,M.B.,andC.B.Hasager(2005),Wakeeffectsoflargeoffshorewind
farmsidentifiedfromsatelliteSAR,RemoteSensingofEnvironment,98,251–268,
doi:10.1016/j.rse.2005.07.009.2

Christiansen,M.B.,andC.B.Hasager(2006),UsingairborneandsatelliteSARfor
wakemappingoffshore,WindEnergy,9,437–455,doi:10.1002/we.196.1,2

Churchfield,M.J.,S.Lee,J.Michalakes,andP.J.Moriarty(2012),Anumericalstudy
oftheeffectsofatmosphericandwaketurbulenceonwindturbinedynamics,Journal
ofTurbulence,13,32,doi:10.1080/14685248.2012.668191.10,12

Crameri,F.(2023),Scientificcolourmaps,doi:10.5281/zenodo.8409685.33

Crespo,A.,J.Hernández,andS.Frandsen(1999),Surveyofmodellingmethodsfor
windturbinewakesandwindfarms,WindEnergy,2,1–24,doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z.8

Dai,J.,D.Liu,L.Wen,andX.Long(2016),Researchonpowercoefficientofwindtur-
binesbasedonSCADAdata,RenewableEnergy,86,206–215,doi:10.1016/J.RENENE.
2015.08.023.2

Deardorff,J.W.(1972),Numericalinvestigationofneutralandunstableplanetary
boundarylayers,JournaloftheAtmosphericSciences,29,91–115,doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2.11

Deardorff,J.W.(1980),Stratocumulus-cappedmixedlayersderivedfroma
three-dimensionalmodel,Boundary-LayerMeteorology,18,495–527,doi:10.1007/
BF00119502.25

Debnath,M.,G.V.Iungo,R.Ashton,W.A.Brewer,A.Choukulkar,R.Delgado,J.K.
Lundquist,W.J.Shaw,J.M.Wilczak,andD.Wolfe(2017),Verticalprofilesofthe
3-Dwindvelocityretrievedfrommultiplewindlidarsperformingtriplerange-height-
indicatorscans,AtmosphericMeasurementTechniques,10,431–444,doi:10.5194/amt-
10-431-2017.13

Desmond,C.,J.Murphy,L.Blonk,andW.Haans(2016),Descriptionofan8MWrefer-
encewindturbine,inJournalofPhysics:ConferenceSeries,vol.753,IOPPublishing,
doi:10.1088/1742-6596/753/9/092013.30

Dörenkämper,M.,B.Witha,G.Steinfeld,D.Heinemann,andM.Kühn(2015),The
impactofstableatmosphericboundarylayersonwind-turbinewakeswithinoffshore
windfarms,JournalofWindEngineeringandIndustrialAerodynamics,144,146–153,
doi:10.1016/j.jweia.2014.12.011.xiii,29,30

Drew,D.R.,J.F.Barlow,andS.E.Lane(2013),Observationsofwindspeedprofilesover
greaterlondon,uk,usingadopplerlidar,JournalofWindEngineeringandIndustrial
Aerodynamics,121,98–105,doi:10.1016/j.jweia.2013.07.019.13

Duscha,C.,J.Pálenik,T.Spengler,andJ.Reuder(2023),Observingatmosphericcon-
vectionwithdual-scanninglidars,AtmosphericMeasurementTechniques,16,5103–
5123,doi:10.5194/amt-16-5103-2023.13

158Bibliography

Christiansen,M.B.,andC.B.Hasager(2005),Wakeeffectsoflargeoffshorewind
farmsidentifiedfromsatelliteSAR,RemoteSensingofEnvironment,98,251–268,
doi:10.1016/j.rse.2005.07.009.2

Christiansen,M.B.,andC.B.Hasager(2006),UsingairborneandsatelliteSARfor
wakemappingoffshore,WindEnergy,9,437–455,doi:10.1002/we.196.1,2

Churchfield,M.J.,S.Lee,J.Michalakes,andP.J.Moriarty(2012),Anumericalstudy
oftheeffectsofatmosphericandwaketurbulenceonwindturbinedynamics,Journal
ofTurbulence,13,32,doi:10.1080/14685248.2012.668191.10,12

Crameri,F.(2023),Scientificcolourmaps,doi:10.5281/zenodo.8409685.33

Crespo,A.,J.Hernández,andS.Frandsen(1999),Surveyofmodellingmethodsfor
windturbinewakesandwindfarms,WindEnergy,2,1–24,doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z.8

Dai,J.,D.Liu,L.Wen,andX.Long(2016),Researchonpowercoefficientofwindtur-
binesbasedonSCADAdata,RenewableEnergy,86,206–215,doi:10.1016/J.RENENE.
2015.08.023.2

Deardorff,J.W.(1972),Numericalinvestigationofneutralandunstableplanetary
boundarylayers,JournaloftheAtmosphericSciences,29,91–115,doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2.11

Deardorff,J.W.(1980),Stratocumulus-cappedmixedlayersderivedfroma
three-dimensionalmodel,Boundary-LayerMeteorology,18,495–527,doi:10.1007/
BF00119502.25

Debnath,M.,G.V.Iungo,R.Ashton,W.A.Brewer,A.Choukulkar,R.Delgado,J.K.
Lundquist,W.J.Shaw,J.M.Wilczak,andD.Wolfe(2017),Verticalprofilesofthe
3-Dwindvelocityretrievedfrommultiplewindlidarsperformingtriplerange-height-
indicatorscans,AtmosphericMeasurementTechniques,10,431–444,doi:10.5194/amt-
10-431-2017.13

Desmond,C.,J.Murphy,L.Blonk,andW.Haans(2016),Descriptionofan8MWrefer-
encewindturbine,inJournalofPhysics:ConferenceSeries,vol.753,IOPPublishing,
doi:10.1088/1742-6596/753/9/092013.30

Dörenkämper,M.,B.Witha,G.Steinfeld,D.Heinemann,andM.Kühn(2015),The
impactofstableatmosphericboundarylayersonwind-turbinewakeswithinoffshore
windfarms,JournalofWindEngineeringandIndustrialAerodynamics,144,146–153,
doi:10.1016/j.jweia.2014.12.011.xiii,29,30

Drew,D.R.,J.F.Barlow,andS.E.Lane(2013),Observationsofwindspeedprofilesover
greaterlondon,uk,usingadopplerlidar,JournalofWindEngineeringandIndustrial
Aerodynamics,121,98–105,doi:10.1016/j.jweia.2013.07.019.13

Duscha,C.,J.Pálenik,T.Spengler,andJ.Reuder(2023),Observingatmosphericcon-
vectionwithdual-scanninglidars,AtmosphericMeasurementTechniques,16,5103–
5123,doi:10.5194/amt-16-5103-2023.13

158 Bibliography

Christiansen, M. B., and C. B. Hasager (2005), Wake effects of large offshore wind
farms identified from satellite SAR, Remote Sensing of Environment, 98, 251–268,
doi:10.1016/j.rse.2005.07.009. 2

Christiansen, M. B., and C. B. Hasager (2006), Using airborne and satellite SAR for
wake mapping offshore, Wind Energy, 9, 437–455, doi:10.1002/we.196. 1, 2

Churchfield, M. J., S. Lee, J. Michalakes, and P. J. Moriarty (2012), A numerical study
of the effects of atmospheric and wake turbulence on wind turbine dynamics, Journal
of Turbulence, 13, 32, doi:10.1080/14685248.2012.668191. 10, 12

Crameri, F. (2023), Scientific colour maps, doi:10.5281/zenodo.8409685. 33

Crespo, A., J. Hernández, and S. Frandsen (1999), Survey of modelling methods for
wind turbine wakes and wind farms, Wind Energy, 2, 1–24, doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z. 8

Dai, J., D. Liu, L. Wen, and X. Long (2016), Research on power coefficient of wind tur-
bines based on SCADA data, Renewable Energy, 86, 206–215, doi:10.1016/J.RENENE.
2015.08.023. 2

Deardorff, J. W. (1972), Numerical investigation of neutral and unstable planetary
boundary layers, Journal of the Atmospheric Sciences, 29, 91–115, doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2. 11

Deardorff, J. W. (1980), Stratocumulus-capped mixed layers derived from a
three-dimensional model, Boundary-Layer Meteorology, 18, 495–527, doi:10.1007/
BF00119502. 25

Debnath, M., G. V. Iungo, R. Ashton, W. A. Brewer, A. Choukulkar, R. Delgado, J. K.
Lundquist, W. J. Shaw, J. M. Wilczak, and D. Wolfe (2017), Vertical profiles of the
3-D wind velocity retrieved from multiple wind lidars performing triple range-height-
indicator scans, Atmospheric Measurement Techniques, 10, 431–444, doi:10.5194/amt-
10-431-2017. 13

Desmond, C., J. Murphy, L. Blonk, and W. Haans (2016), Description of an 8 MW refer-
ence wind turbine, in Journal of Physics: Conference Series, vol. 753, IOP Publishing,
doi:10.1088/1742-6596/753/9/092013. 30

Dörenkämper, M., B. Witha, G. Steinfeld, D. Heinemann, and M. Kühn (2015), The
impact of stable atmospheric boundary layers on wind-turbine wakes within offshore
wind farms, Journal of Wind Engineering and Industrial Aerodynamics, 144, 146–153,
doi:10.1016/j.jweia.2014.12.011. xiii, 29, 30

Drew, D. R., J. F. Barlow, and S. E. Lane (2013), Observations of wind speed profiles over
greater london, uk, using a doppler lidar, Journal of Wind Engineering and Industrial
Aerodynamics, 121, 98–105, doi:10.1016/j.jweia.2013.07.019. 13

Duscha, C., J. Pálenik, T. Spengler, and J. Reuder (2023), Observing atmospheric con-
vection with dual-scanning lidars, Atmospheric Measurement Techniques, 16, 5103–
5123, doi:10.5194/amt-16-5103-2023. 13

158 Bibliography

Christiansen, M. B., and C. B. Hasager (2005), Wake effects of large offshore wind
farms identified from satellite SAR, Remote Sensing of Environment, 98, 251–268,
doi:10.1016/j.rse.2005.07.009. 2

Christiansen, M. B., and C. B. Hasager (2006), Using airborne and satellite SAR for
wake mapping offshore, Wind Energy, 9, 437–455, doi:10.1002/we.196. 1, 2

Churchfield, M. J., S. Lee, J. Michalakes, and P. J. Moriarty (2012), A numerical study
of the effects of atmospheric and wake turbulence on wind turbine dynamics, Journal
of Turbulence, 13, 32, doi:10.1080/14685248.2012.668191. 10, 12

Crameri, F. (2023), Scientific colour maps, doi:10.5281/zenodo.8409685. 33

Crespo, A., J. Hernández, and S. Frandsen (1999), Survey of modelling methods for
wind turbine wakes and wind farms, Wind Energy, 2, 1–24, doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z. 8

Dai, J., D. Liu, L. Wen, and X. Long (2016), Research on power coefficient of wind tur-
bines based on SCADA data, Renewable Energy, 86, 206–215, doi:10.1016/J.RENENE.
2015.08.023. 2

Deardorff, J. W. (1972), Numerical investigation of neutral and unstable planetary
boundary layers, Journal of the Atmospheric Sciences, 29, 91–115, doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2. 11

Deardorff, J. W. (1980), Stratocumulus-capped mixed layers derived from a
three-dimensional model, Boundary-Layer Meteorology, 18, 495–527, doi:10.1007/
BF00119502. 25

Debnath, M., G. V. Iungo, R. Ashton, W. A. Brewer, A. Choukulkar, R. Delgado, J. K.
Lundquist, W. J. Shaw, J. M. Wilczak, and D. Wolfe (2017), Vertical profiles of the
3-D wind velocity retrieved from multiple wind lidars performing triple range-height-
indicator scans, Atmospheric Measurement Techniques, 10, 431–444, doi:10.5194/amt-
10-431-2017. 13

Desmond, C., J. Murphy, L. Blonk, and W. Haans (2016), Description of an 8 MW refer-
ence wind turbine, in Journal of Physics: Conference Series, vol. 753, IOP Publishing,
doi:10.1088/1742-6596/753/9/092013. 30

Dörenkämper, M., B. Witha, G. Steinfeld, D. Heinemann, and M. Kühn (2015), The
impact of stable atmospheric boundary layers on wind-turbine wakes within offshore
wind farms, Journal of Wind Engineering and Industrial Aerodynamics, 144, 146–153,
doi:10.1016/j.jweia.2014.12.011. xiii, 29, 30

Drew, D. R., J. F. Barlow, and S. E. Lane (2013), Observations of wind speed profiles over
greater london, uk, using a doppler lidar, Journal of Wind Engineering and Industrial
Aerodynamics, 121, 98–105, doi:10.1016/j.jweia.2013.07.019. 13

Duscha, C., J. Pálenik, T. Spengler, and J. Reuder (2023), Observing atmospheric con-
vection with dual-scanning lidars, Atmospheric Measurement Techniques, 16, 5103–
5123, doi:10.5194/amt-16-5103-2023. 13

158Bibliography

Christiansen,M.B.,andC.B.Hasager(2005),Wakeeffectsoflargeoffshorewind
farmsidentifiedfromsatelliteSAR,RemoteSensingofEnvironment,98,251–268,
doi:10.1016/j.rse.2005.07.009.2

Christiansen,M.B.,andC.B.Hasager(2006),UsingairborneandsatelliteSARfor
wakemappingoffshore,WindEnergy,9,437–455,doi:10.1002/we.196.1,2

Churchfield,M.J.,S.Lee,J.Michalakes,andP.J.Moriarty(2012),Anumericalstudy
oftheeffectsofatmosphericandwaketurbulenceonwindturbinedynamics,Journal
ofTurbulence,13,32,doi:10.1080/14685248.2012.668191.10,12

Crameri,F.(2023),Scientificcolourmaps,doi:10.5281/zenodo.8409685.33

Crespo,A.,J.Hernández,andS.Frandsen(1999),Surveyofmodellingmethodsfor
windturbinewakesandwindfarms,WindEnergy,2,1–24,doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z.8

Dai,J.,D.Liu,L.Wen,andX.Long(2016),Researchonpowercoefficientofwindtur-
binesbasedonSCADAdata,RenewableEnergy,86,206–215,doi:10.1016/J.RENENE.
2015.08.023.2

Deardorff,J.W.(1972),Numericalinvestigationofneutralandunstableplanetary
boundarylayers,JournaloftheAtmosphericSciences,29,91–115,doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2.11

Deardorff,J.W.(1980),Stratocumulus-cappedmixedlayersderivedfroma
three-dimensionalmodel,Boundary-LayerMeteorology,18,495–527,doi:10.1007/
BF00119502.25

Debnath,M.,G.V.Iungo,R.Ashton,W.A.Brewer,A.Choukulkar,R.Delgado,J.K.
Lundquist,W.J.Shaw,J.M.Wilczak,andD.Wolfe(2017),Verticalprofilesofthe
3-Dwindvelocityretrievedfrommultiplewindlidarsperformingtriplerange-height-
indicatorscans,AtmosphericMeasurementTechniques,10,431–444,doi:10.5194/amt-
10-431-2017.13

Desmond,C.,J.Murphy,L.Blonk,andW.Haans(2016),Descriptionofan8MWrefer-
encewindturbine,inJournalofPhysics:ConferenceSeries,vol.753,IOPPublishing,
doi:10.1088/1742-6596/753/9/092013.30

Dörenkämper,M.,B.Witha,G.Steinfeld,D.Heinemann,andM.Kühn(2015),The
impactofstableatmosphericboundarylayersonwind-turbinewakeswithinoffshore
windfarms,JournalofWindEngineeringandIndustrialAerodynamics,144,146–153,
doi:10.1016/j.jweia.2014.12.011.xiii,29,30

Drew,D.R.,J.F.Barlow,andS.E.Lane(2013),Observationsofwindspeedprofilesover
greaterlondon,uk,usingadopplerlidar,JournalofWindEngineeringandIndustrial
Aerodynamics,121,98–105,doi:10.1016/j.jweia.2013.07.019.13

Duscha,C.,J.Pálenik,T.Spengler,andJ.Reuder(2023),Observingatmosphericcon-
vectionwithdual-scanninglidars,AtmosphericMeasurementTechniques,16,5103–
5123,doi:10.5194/amt-16-5103-2023.13

158Bibliography

Christiansen,M.B.,andC.B.Hasager(2005),Wakeeffectsoflargeoffshorewind
farmsidentifiedfromsatelliteSAR,RemoteSensingofEnvironment,98,251–268,
doi:10.1016/j.rse.2005.07.009.2

Christiansen,M.B.,andC.B.Hasager(2006),UsingairborneandsatelliteSARfor
wakemappingoffshore,WindEnergy,9,437–455,doi:10.1002/we.196.1,2

Churchfield,M.J.,S.Lee,J.Michalakes,andP.J.Moriarty(2012),Anumericalstudy
oftheeffectsofatmosphericandwaketurbulenceonwindturbinedynamics,Journal
ofTurbulence,13,32,doi:10.1080/14685248.2012.668191.10,12

Crameri,F.(2023),Scientificcolourmaps,doi:10.5281/zenodo.8409685.33

Crespo,A.,J.Hernández,andS.Frandsen(1999),Surveyofmodellingmethodsfor
windturbinewakesandwindfarms,WindEnergy,2,1–24,doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z.8

Dai,J.,D.Liu,L.Wen,andX.Long(2016),Researchonpowercoefficientofwindtur-
binesbasedonSCADAdata,RenewableEnergy,86,206–215,doi:10.1016/J.RENENE.
2015.08.023.2

Deardorff,J.W.(1972),Numericalinvestigationofneutralandunstableplanetary
boundarylayers,JournaloftheAtmosphericSciences,29,91–115,doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2.11

Deardorff,J.W.(1980),Stratocumulus-cappedmixedlayersderivedfroma
three-dimensionalmodel,Boundary-LayerMeteorology,18,495–527,doi:10.1007/
BF00119502.25

Debnath,M.,G.V.Iungo,R.Ashton,W.A.Brewer,A.Choukulkar,R.Delgado,J.K.
Lundquist,W.J.Shaw,J.M.Wilczak,andD.Wolfe(2017),Verticalprofilesofthe
3-Dwindvelocityretrievedfrommultiplewindlidarsperformingtriplerange-height-
indicatorscans,AtmosphericMeasurementTechniques,10,431–444,doi:10.5194/amt-
10-431-2017.13

Desmond,C.,J.Murphy,L.Blonk,andW.Haans(2016),Descriptionofan8MWrefer-
encewindturbine,inJournalofPhysics:ConferenceSeries,vol.753,IOPPublishing,
doi:10.1088/1742-6596/753/9/092013.30

Dörenkämper,M.,B.Witha,G.Steinfeld,D.Heinemann,andM.Kühn(2015),The
impactofstableatmosphericboundarylayersonwind-turbinewakeswithinoffshore
windfarms,JournalofWindEngineeringandIndustrialAerodynamics,144,146–153,
doi:10.1016/j.jweia.2014.12.011.xiii,29,30

Drew,D.R.,J.F.Barlow,andS.E.Lane(2013),Observationsofwindspeedprofilesover
greaterlondon,uk,usingadopplerlidar,JournalofWindEngineeringandIndustrial
Aerodynamics,121,98–105,doi:10.1016/j.jweia.2013.07.019.13

Duscha,C.,J.Pálenik,T.Spengler,andJ.Reuder(2023),Observingatmosphericcon-
vectionwithdual-scanninglidars,AtmosphericMeasurementTechniques,16,5103–
5123,doi:10.5194/amt-16-5103-2023.13

158Bibliography

Christiansen,M.B.,andC.B.Hasager(2005),Wakeeffectsoflargeoffshorewind
farmsidentifiedfromsatelliteSAR,RemoteSensingofEnvironment,98,251–268,
doi:10.1016/j.rse.2005.07.009.2

Christiansen,M.B.,andC.B.Hasager(2006),UsingairborneandsatelliteSARfor
wakemappingoffshore,WindEnergy,9,437–455,doi:10.1002/we.196.1,2

Churchfield,M.J.,S.Lee,J.Michalakes,andP.J.Moriarty(2012),Anumericalstudy
oftheeffectsofatmosphericandwaketurbulenceonwindturbinedynamics,Journal
ofTurbulence,13,32,doi:10.1080/14685248.2012.668191.10,12

Crameri,F.(2023),Scientificcolourmaps,doi:10.5281/zenodo.8409685.33

Crespo,A.,J.Hernández,andS.Frandsen(1999),Surveyofmodellingmethodsfor
windturbinewakesandwindfarms,WindEnergy,2,1–24,doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z.8

Dai,J.,D.Liu,L.Wen,andX.Long(2016),Researchonpowercoefficientofwindtur-
binesbasedonSCADAdata,RenewableEnergy,86,206–215,doi:10.1016/J.RENENE.
2015.08.023.2

Deardorff,J.W.(1972),Numericalinvestigationofneutralandunstableplanetary
boundarylayers,JournaloftheAtmosphericSciences,29,91–115,doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2.11

Deardorff,J.W.(1980),Stratocumulus-cappedmixedlayersderivedfroma
three-dimensionalmodel,Boundary-LayerMeteorology,18,495–527,doi:10.1007/
BF00119502.25

Debnath,M.,G.V.Iungo,R.Ashton,W.A.Brewer,A.Choukulkar,R.Delgado,J.K.
Lundquist,W.J.Shaw,J.M.Wilczak,andD.Wolfe(2017),Verticalprofilesofthe
3-Dwindvelocityretrievedfrommultiplewindlidarsperformingtriplerange-height-
indicatorscans,AtmosphericMeasurementTechniques,10,431–444,doi:10.5194/amt-
10-431-2017.13

Desmond,C.,J.Murphy,L.Blonk,andW.Haans(2016),Descriptionofan8MWrefer-
encewindturbine,inJournalofPhysics:ConferenceSeries,vol.753,IOPPublishing,
doi:10.1088/1742-6596/753/9/092013.30

Dörenkämper,M.,B.Witha,G.Steinfeld,D.Heinemann,andM.Kühn(2015),The
impactofstableatmosphericboundarylayersonwind-turbinewakeswithinoffshore
windfarms,JournalofWindEngineeringandIndustrialAerodynamics,144,146–153,
doi:10.1016/j.jweia.2014.12.011.xiii,29,30

Drew,D.R.,J.F.Barlow,andS.E.Lane(2013),Observationsofwindspeedprofilesover
greaterlondon,uk,usingadopplerlidar,JournalofWindEngineeringandIndustrial
Aerodynamics,121,98–105,doi:10.1016/j.jweia.2013.07.019.13

Duscha,C.,J.Pálenik,T.Spengler,andJ.Reuder(2023),Observingatmosphericcon-
vectionwithdual-scanninglidars,AtmosphericMeasurementTechniques,16,5103–
5123,doi:10.5194/amt-16-5103-2023.13

158Bibliography

Christiansen,M.B.,andC.B.Hasager(2005),Wakeeffectsoflargeoffshorewind
farmsidentifiedfromsatelliteSAR,RemoteSensingofEnvironment,98,251–268,
doi:10.1016/j.rse.2005.07.009.2

Christiansen,M.B.,andC.B.Hasager(2006),UsingairborneandsatelliteSARfor
wakemappingoffshore,WindEnergy,9,437–455,doi:10.1002/we.196.1,2

Churchfield,M.J.,S.Lee,J.Michalakes,andP.J.Moriarty(2012),Anumericalstudy
oftheeffectsofatmosphericandwaketurbulenceonwindturbinedynamics,Journal
ofTurbulence,13,32,doi:10.1080/14685248.2012.668191.10,12

Crameri,F.(2023),Scientificcolourmaps,doi:10.5281/zenodo.8409685.33

Crespo,A.,J.Hernández,andS.Frandsen(1999),Surveyofmodellingmethodsfor
windturbinewakesandwindfarms,WindEnergy,2,1–24,doi:10.1002/(SICI)1099-
1824(199901/03)2:1<1::AID-WE16>3.3.CO;2-Z.8

Dai,J.,D.Liu,L.Wen,andX.Long(2016),Researchonpowercoefficientofwindtur-
binesbasedonSCADAdata,RenewableEnergy,86,206–215,doi:10.1016/J.RENENE.
2015.08.023.2

Deardorff,J.W.(1972),Numericalinvestigationofneutralandunstableplanetary
boundarylayers,JournaloftheAtmosphericSciences,29,91–115,doi:10.1175/1520-
0469(1972)029<0091:NIONAU>2.0.CO;2.11

Deardorff,J.W.(1980),Stratocumulus-cappedmixedlayersderivedfroma
three-dimensionalmodel,Boundary-LayerMeteorology,18,495–527,doi:10.1007/
BF00119502.25

Debnath,M.,G.V.Iungo,R.Ashton,W.A.Brewer,A.Choukulkar,R.Delgado,J.K.
Lundquist,W.J.Shaw,J.M.Wilczak,andD.Wolfe(2017),Verticalprofilesofthe
3-Dwindvelocityretrievedfrommultiplewindlidarsperformingtriplerange-height-
indicatorscans,AtmosphericMeasurementTechniques,10,431–444,doi:10.5194/amt-
10-431-2017.13

Desmond,C.,J.Murphy,L.Blonk,andW.Haans(2016),Descriptionofan8MWrefer-
encewindturbine,inJournalofPhysics:ConferenceSeries,vol.753,IOPPublishing,
doi:10.1088/1742-6596/753/9/092013.30

Dörenkämper,M.,B.Witha,G.Steinfeld,D.Heinemann,andM.Kühn(2015),The
impactofstableatmosphericboundarylayersonwind-turbinewakeswithinoffshore
windfarms,JournalofWindEngineeringandIndustrialAerodynamics,144,146–153,
doi:10.1016/j.jweia.2014.12.011.xiii,29,30

Drew,D.R.,J.F.Barlow,andS.E.Lane(2013),Observationsofwindspeedprofilesover
greaterlondon,uk,usingadopplerlidar,JournalofWindEngineeringandIndustrial
Aerodynamics,121,98–105,doi:10.1016/j.jweia.2013.07.019.13

Duscha,C.,J.Pálenik,T.Spengler,andJ.Reuder(2023),Observingatmosphericcon-
vectionwithdual-scanninglidars,AtmosphericMeasurementTechniques,16,5103–
5123,doi:10.5194/amt-16-5103-2023.13



159

España, G., S. Aubrun, S. Loyer, and P. Devinant (2011), Spatial study of the wake
meandering using modelled wind turbines in a wind tunnel, Wind Energy, 14 (7), 923–
937, doi:10.1002/we.515. 2, 9, 15

Fielding, M. D., and M. Janisková (2020), Direct 4D-Var assimilation of space-borne
cloud radar reflectivity and lidar backscatter. Part I: Observation operator and im-
plementation, Quarterly Journal of the Royal Meteorological Society, 146, 3877–3899,
doi:10.1002/qj.3878. 14

Finserås, E., I. H. Anchustegui, E. Cheynet, C. G. Gebhardt, and J. Reuder (2024),
Gone with the wind? wind farm-induced wakes and regulatory gaps, Marine Policy,
159, 105,897, doi:10.1016/j.marpol.2023.105897. 3

Fischer, G. (2006), Installation and Operation of the Research Platform FINO1 in the
North Sea, pp. 237–253, Springer Berlin Heidelberg, Berlin, Heidelberg, doi:10.1007/
978-3-540-34677-7_15. 32

Fitch, A. C., J. B. Olson, J. K. Lundquist, J. Dudhia, A. K. Gupta, J. Michalakes, and
I. Barstad (2012), Local and mesoscale impacts of wind farms as parameterized in a
mesoscale NWP model, Monthly Weather Review, 140, 3017–3038, doi:10.1175/MWR-
D-11-00352.1. 24

Fleming, P. A., P. M. Gebraad, S. Lee, J.-W. van Wingerden, K. Johnson, M. Church-
field, J. Michalakes, P. Spalart, and P. Moriarty (2014), Evaluating techniques
for redirecting turbine wakes using SOWFA, Renewable Energy, 70, 211–218, doi:
10.1016/j.renene.2014.02.015. 3, 9

Foti, D., X. Yang, M. Guala, and F. Sotiropoulos (2016), Wake meandering statistics
of a model wind turbine: Insights gained by large eddy simulations, Physical Review
Fluids, 1, 044,407, doi:10.1103/physrevfluids.1.044407. 2

Foti, D., X. Yang, and F. Sotiropoulos (2018), Similarity of wake meandering for different
wind turbine designs for different scales, Journal of Fluid Mechanics, 842, 5–25, doi:
10.1017/jfm.2018.9. 9

Frandsen, S., R. J. Barthelmie, S. C. Pryor, O. Rathmann, S. Larsen, J. Højstrup, and
M. Thøgersen (2006), Analytical modelling of wind speed deficit in large offshore wind
farms, Wind Energy, 9, 39–53, doi:10.1002/we.189. 19

Froude, R. E. (1889), On the part played in propulsion by differences of fluid pressure,
Trans. Inst. Naval Architects, 30, 390–405. 29

Gaertner, E., J. Rinker, L. Sethuraman, F. Zahle, B. Anderson, G. Barter, N. Abbas,
F. Meng, P. Bortolotti, W. Skrzypinski, G. Scott, R. Feil, H. Bredmose, K. Dykes,
M. Shields, C. Allen, and A. Viselli (2020), Definition of the IEA 15-megawatt offshore
reference wind, doi:NREL/TP-5000-75698, Golden, CO, USA: National Renewable
Energy Laboratory. 30

Gao, J., M. Xue, S.-Y. Lee, A. Shapiro, Q. Xu, and K. K. Droegemeier (2006), A
three-dimensional variational single-Doppler velocity retrieval method with simple

159

España,G.,S.Aubrun,S.Loyer,andP.Devinant(2011),Spatialstudyofthewake
meanderingusingmodelledwindturbinesinawindtunnel,WindEnergy,14(7),923–
937,doi:10.1002/we.515.2,9,15

Fielding,M.D.,andM.Janisková(2020),Direct4D-Varassimilationofspace-borne
cloudradarreflectivityandlidarbackscatter.PartI:Observationoperatorandim-
plementation,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3877–3899,
doi:10.1002/qj.3878.14

Finserås,E.,I.H.Anchustegui,E.Cheynet,C.G.Gebhardt,andJ.Reuder(2024),
Gonewiththewind?windfarm-inducedwakesandregulatorygaps,MarinePolicy,
159,105,897,doi:10.1016/j.marpol.2023.105897.3

Fischer,G.(2006),InstallationandOperationoftheResearchPlatformFINO1inthe
NorthSea,pp.237–253,SpringerBerlinHeidelberg,Berlin,Heidelberg,doi:10.1007/
978-3-540-34677-7_15.32

Fitch,A.C.,J.B.Olson,J.K.Lundquist,J.Dudhia,A.K.Gupta,J.Michalakes,and
I.Barstad(2012),Localandmesoscaleimpactsofwindfarmsasparameterizedina
mesoscaleNWPmodel,MonthlyWeatherReview,140,3017–3038,doi:10.1175/MWR-
D-11-00352.1.24

Fleming,P.A.,P.M.Gebraad,S.Lee,J.-W.vanWingerden,K.Johnson,M.Church-
field,J.Michalakes,P.Spalart,andP.Moriarty(2014),Evaluatingtechniques
forredirectingturbinewakesusingSOWFA,RenewableEnergy,70,211–218,doi:
10.1016/j.renene.2014.02.015.3,9

Foti,D.,X.Yang,M.Guala,andF.Sotiropoulos(2016),Wakemeanderingstatistics
ofamodelwindturbine:Insightsgainedbylargeeddysimulations,PhysicalReview
Fluids,1,044,407,doi:10.1103/physrevfluids.1.044407.2

Foti,D.,X.Yang,andF.Sotiropoulos(2018),Similarityofwakemeanderingfordifferent
windturbinedesignsfordifferentscales,JournalofFluidMechanics,842,5–25,doi:
10.1017/jfm.2018.9.9

Frandsen,S.,R.J.Barthelmie,S.C.Pryor,O.Rathmann,S.Larsen,J.Højstrup,and
M.Thøgersen(2006),Analyticalmodellingofwindspeeddeficitinlargeoffshorewind
farms,WindEnergy,9,39–53,doi:10.1002/we.189.19

Froude,R.E.(1889),Onthepartplayedinpropulsionbydifferencesoffluidpressure,
Trans.Inst.NavalArchitects,30,390–405.29

Gaertner,E.,J.Rinker,L.Sethuraman,F.Zahle,B.Anderson,G.Barter,N.Abbas,
F.Meng,P.Bortolotti,W.Skrzypinski,G.Scott,R.Feil,H.Bredmose,K.Dykes,
M.Shields,C.Allen,andA.Viselli(2020),DefinitionoftheIEA15-megawattoffshore
referencewind,doi:NREL/TP-5000-75698,Golden,CO,USA:NationalRenewable
EnergyLaboratory.30

Gao,J.,M.Xue,S.-Y.Lee,A.Shapiro,Q.Xu,andK.K.Droegemeier(2006),A
three-dimensionalvariationalsingle-Dopplervelocityretrievalmethodwithsimple

159

España,G.,S.Aubrun,S.Loyer,andP.Devinant(2011),Spatialstudyofthewake
meanderingusingmodelledwindturbinesinawindtunnel,WindEnergy,14(7),923–
937,doi:10.1002/we.515.2,9,15

Fielding,M.D.,andM.Janisková(2020),Direct4D-Varassimilationofspace-borne
cloudradarreflectivityandlidarbackscatter.PartI:Observationoperatorandim-
plementation,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3877–3899,
doi:10.1002/qj.3878.14

Finserås,E.,I.H.Anchustegui,E.Cheynet,C.G.Gebhardt,andJ.Reuder(2024),
Gonewiththewind?windfarm-inducedwakesandregulatorygaps,MarinePolicy,
159,105,897,doi:10.1016/j.marpol.2023.105897.3

Fischer,G.(2006),InstallationandOperationoftheResearchPlatformFINO1inthe
NorthSea,pp.237–253,SpringerBerlinHeidelberg,Berlin,Heidelberg,doi:10.1007/
978-3-540-34677-7_15.32

Fitch,A.C.,J.B.Olson,J.K.Lundquist,J.Dudhia,A.K.Gupta,J.Michalakes,and
I.Barstad(2012),Localandmesoscaleimpactsofwindfarmsasparameterizedina
mesoscaleNWPmodel,MonthlyWeatherReview,140,3017–3038,doi:10.1175/MWR-
D-11-00352.1.24

Fleming,P.A.,P.M.Gebraad,S.Lee,J.-W.vanWingerden,K.Johnson,M.Church-
field,J.Michalakes,P.Spalart,andP.Moriarty(2014),Evaluatingtechniques
forredirectingturbinewakesusingSOWFA,RenewableEnergy,70,211–218,doi:
10.1016/j.renene.2014.02.015.3,9

Foti,D.,X.Yang,M.Guala,andF.Sotiropoulos(2016),Wakemeanderingstatistics
ofamodelwindturbine:Insightsgainedbylargeeddysimulations,PhysicalReview
Fluids,1,044,407,doi:10.1103/physrevfluids.1.044407.2

Foti,D.,X.Yang,andF.Sotiropoulos(2018),Similarityofwakemeanderingfordifferent
windturbinedesignsfordifferentscales,JournalofFluidMechanics,842,5–25,doi:
10.1017/jfm.2018.9.9

Frandsen,S.,R.J.Barthelmie,S.C.Pryor,O.Rathmann,S.Larsen,J.Højstrup,and
M.Thøgersen(2006),Analyticalmodellingofwindspeeddeficitinlargeoffshorewind
farms,WindEnergy,9,39–53,doi:10.1002/we.189.19

Froude,R.E.(1889),Onthepartplayedinpropulsionbydifferencesoffluidpressure,
Trans.Inst.NavalArchitects,30,390–405.29

Gaertner,E.,J.Rinker,L.Sethuraman,F.Zahle,B.Anderson,G.Barter,N.Abbas,
F.Meng,P.Bortolotti,W.Skrzypinski,G.Scott,R.Feil,H.Bredmose,K.Dykes,
M.Shields,C.Allen,andA.Viselli(2020),DefinitionoftheIEA15-megawattoffshore
referencewind,doi:NREL/TP-5000-75698,Golden,CO,USA:NationalRenewable
EnergyLaboratory.30

Gao,J.,M.Xue,S.-Y.Lee,A.Shapiro,Q.Xu,andK.K.Droegemeier(2006),A
three-dimensionalvariationalsingle-Dopplervelocityretrievalmethodwithsimple

159

España, G., S. Aubrun, S. Loyer, and P. Devinant (2011), Spatial study of the wake
meandering using modelled wind turbines in a wind tunnel, Wind Energy, 14 (7), 923–
937, doi:10.1002/we.515. 2, 9, 15

Fielding, M. D., and M. Janisková (2020), Direct 4D-Var assimilation of space-borne
cloud radar reflectivity and lidar backscatter. Part I: Observation operator and im-
plementation, Quarterly Journal of the Royal Meteorological Society, 146, 3877–3899,
doi:10.1002/qj.3878. 14

Finserås, E., I. H. Anchustegui, E. Cheynet, C. G. Gebhardt, and J. Reuder (2024),
Gone with the wind? wind farm-induced wakes and regulatory gaps, Marine Policy,
159, 105,897, doi:10.1016/j.marpol.2023.105897. 3

Fischer, G. (2006), Installation and Operation of the Research Platform FINO1 in the
North Sea, pp. 237–253, Springer Berlin Heidelberg, Berlin, Heidelberg, doi:10.1007/
978-3-540-34677-7_15. 32

Fitch, A. C., J. B. Olson, J. K. Lundquist, J. Dudhia, A. K. Gupta, J. Michalakes, and
I. Barstad (2012), Local and mesoscale impacts of wind farms as parameterized in a
mesoscale NWP model, Monthly Weather Review, 140, 3017–3038, doi:10.1175/MWR-
D-11-00352.1. 24

Fleming, P. A., P. M. Gebraad, S. Lee, J.-W. van Wingerden, K. Johnson, M. Church-
field, J. Michalakes, P. Spalart, and P. Moriarty (2014), Evaluating techniques
for redirecting turbine wakes using SOWFA, Renewable Energy, 70, 211–218, doi:
10.1016/j.renene.2014.02.015. 3, 9

Foti, D., X. Yang, M. Guala, and F. Sotiropoulos (2016), Wake meandering statistics
of a model wind turbine: Insights gained by large eddy simulations, Physical Review
Fluids, 1, 044,407, doi:10.1103/physrevfluids.1.044407. 2

Foti, D., X. Yang, and F. Sotiropoulos (2018), Similarity of wake meandering for different
wind turbine designs for different scales, Journal of Fluid Mechanics, 842, 5–25, doi:
10.1017/jfm.2018.9. 9

Frandsen, S., R. J. Barthelmie, S. C. Pryor, O. Rathmann, S. Larsen, J. Højstrup, and
M. Thøgersen (2006), Analytical modelling of wind speed deficit in large offshore wind
farms, Wind Energy, 9, 39–53, doi:10.1002/we.189. 19

Froude, R. E. (1889), On the part played in propulsion by differences of fluid pressure,
Trans. Inst. Naval Architects, 30, 390–405. 29

Gaertner, E., J. Rinker, L. Sethuraman, F. Zahle, B. Anderson, G. Barter, N. Abbas,
F. Meng, P. Bortolotti, W. Skrzypinski, G. Scott, R. Feil, H. Bredmose, K. Dykes,
M. Shields, C. Allen, and A. Viselli (2020), Definition of the IEA 15-megawatt offshore
reference wind, doi:NREL/TP-5000-75698, Golden, CO, USA: National Renewable
Energy Laboratory. 30

Gao, J., M. Xue, S.-Y. Lee, A. Shapiro, Q. Xu, and K. K. Droegemeier (2006), A
three-dimensional variational single-Doppler velocity retrieval method with simple

159

España, G., S. Aubrun, S. Loyer, and P. Devinant (2011), Spatial study of the wake
meandering using modelled wind turbines in a wind tunnel, Wind Energy, 14 (7), 923–
937, doi:10.1002/we.515. 2, 9, 15

Fielding, M. D., and M. Janisková (2020), Direct 4D-Var assimilation of space-borne
cloud radar reflectivity and lidar backscatter. Part I: Observation operator and im-
plementation, Quarterly Journal of the Royal Meteorological Society, 146, 3877–3899,
doi:10.1002/qj.3878. 14

Finserås, E., I. H. Anchustegui, E. Cheynet, C. G. Gebhardt, and J. Reuder (2024),
Gone with the wind? wind farm-induced wakes and regulatory gaps, Marine Policy,
159, 105,897, doi:10.1016/j.marpol.2023.105897. 3

Fischer, G. (2006), Installation and Operation of the Research Platform FINO1 in the
North Sea, pp. 237–253, Springer Berlin Heidelberg, Berlin, Heidelberg, doi:10.1007/
978-3-540-34677-7_15. 32

Fitch, A. C., J. B. Olson, J. K. Lundquist, J. Dudhia, A. K. Gupta, J. Michalakes, and
I. Barstad (2012), Local and mesoscale impacts of wind farms as parameterized in a
mesoscale NWP model, Monthly Weather Review, 140, 3017–3038, doi:10.1175/MWR-
D-11-00352.1. 24

Fleming, P. A., P. M. Gebraad, S. Lee, J.-W. van Wingerden, K. Johnson, M. Church-
field, J. Michalakes, P. Spalart, and P. Moriarty (2014), Evaluating techniques
for redirecting turbine wakes using SOWFA, Renewable Energy, 70, 211–218, doi:
10.1016/j.renene.2014.02.015. 3, 9

Foti, D., X. Yang, M. Guala, and F. Sotiropoulos (2016), Wake meandering statistics
of a model wind turbine: Insights gained by large eddy simulations, Physical Review
Fluids, 1, 044,407, doi:10.1103/physrevfluids.1.044407. 2

Foti, D., X. Yang, and F. Sotiropoulos (2018), Similarity of wake meandering for different
wind turbine designs for different scales, Journal of Fluid Mechanics, 842, 5–25, doi:
10.1017/jfm.2018.9. 9

Frandsen, S., R. J. Barthelmie, S. C. Pryor, O. Rathmann, S. Larsen, J. Højstrup, and
M. Thøgersen (2006), Analytical modelling of wind speed deficit in large offshore wind
farms, Wind Energy, 9, 39–53, doi:10.1002/we.189. 19

Froude, R. E. (1889), On the part played in propulsion by differences of fluid pressure,
Trans. Inst. Naval Architects, 30, 390–405. 29

Gaertner, E., J. Rinker, L. Sethuraman, F. Zahle, B. Anderson, G. Barter, N. Abbas,
F. Meng, P. Bortolotti, W. Skrzypinski, G. Scott, R. Feil, H. Bredmose, K. Dykes,
M. Shields, C. Allen, and A. Viselli (2020), Definition of the IEA 15-megawatt offshore
reference wind, doi:NREL/TP-5000-75698, Golden, CO, USA: National Renewable
Energy Laboratory. 30

Gao, J., M. Xue, S.-Y. Lee, A. Shapiro, Q. Xu, and K. K. Droegemeier (2006), A
three-dimensional variational single-Doppler velocity retrieval method with simple

159

España,G.,S.Aubrun,S.Loyer,andP.Devinant(2011),Spatialstudyofthewake
meanderingusingmodelledwindturbinesinawindtunnel,WindEnergy,14(7),923–
937,doi:10.1002/we.515.2,9,15

Fielding,M.D.,andM.Janisková(2020),Direct4D-Varassimilationofspace-borne
cloudradarreflectivityandlidarbackscatter.PartI:Observationoperatorandim-
plementation,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3877–3899,
doi:10.1002/qj.3878.14

Finserås,E.,I.H.Anchustegui,E.Cheynet,C.G.Gebhardt,andJ.Reuder(2024),
Gonewiththewind?windfarm-inducedwakesandregulatorygaps,MarinePolicy,
159,105,897,doi:10.1016/j.marpol.2023.105897.3

Fischer,G.(2006),InstallationandOperationoftheResearchPlatformFINO1inthe
NorthSea,pp.237–253,SpringerBerlinHeidelberg,Berlin,Heidelberg,doi:10.1007/
978-3-540-34677-7_15.32

Fitch,A.C.,J.B.Olson,J.K.Lundquist,J.Dudhia,A.K.Gupta,J.Michalakes,and
I.Barstad(2012),Localandmesoscaleimpactsofwindfarmsasparameterizedina
mesoscaleNWPmodel,MonthlyWeatherReview,140,3017–3038,doi:10.1175/MWR-
D-11-00352.1.24

Fleming,P.A.,P.M.Gebraad,S.Lee,J.-W.vanWingerden,K.Johnson,M.Church-
field,J.Michalakes,P.Spalart,andP.Moriarty(2014),Evaluatingtechniques
forredirectingturbinewakesusingSOWFA,RenewableEnergy,70,211–218,doi:
10.1016/j.renene.2014.02.015.3,9

Foti,D.,X.Yang,M.Guala,andF.Sotiropoulos(2016),Wakemeanderingstatistics
ofamodelwindturbine:Insightsgainedbylargeeddysimulations,PhysicalReview
Fluids,1,044,407,doi:10.1103/physrevfluids.1.044407.2

Foti,D.,X.Yang,andF.Sotiropoulos(2018),Similarityofwakemeanderingfordifferent
windturbinedesignsfordifferentscales,JournalofFluidMechanics,842,5–25,doi:
10.1017/jfm.2018.9.9

Frandsen,S.,R.J.Barthelmie,S.C.Pryor,O.Rathmann,S.Larsen,J.Højstrup,and
M.Thøgersen(2006),Analyticalmodellingofwindspeeddeficitinlargeoffshorewind
farms,WindEnergy,9,39–53,doi:10.1002/we.189.19

Froude,R.E.(1889),Onthepartplayedinpropulsionbydifferencesoffluidpressure,
Trans.Inst.NavalArchitects,30,390–405.29

Gaertner,E.,J.Rinker,L.Sethuraman,F.Zahle,B.Anderson,G.Barter,N.Abbas,
F.Meng,P.Bortolotti,W.Skrzypinski,G.Scott,R.Feil,H.Bredmose,K.Dykes,
M.Shields,C.Allen,andA.Viselli(2020),DefinitionoftheIEA15-megawattoffshore
referencewind,doi:NREL/TP-5000-75698,Golden,CO,USA:NationalRenewable
EnergyLaboratory.30

Gao,J.,M.Xue,S.-Y.Lee,A.Shapiro,Q.Xu,andK.K.Droegemeier(2006),A
three-dimensionalvariationalsingle-Dopplervelocityretrievalmethodwithsimple

159

España,G.,S.Aubrun,S.Loyer,andP.Devinant(2011),Spatialstudyofthewake
meanderingusingmodelledwindturbinesinawindtunnel,WindEnergy,14(7),923–
937,doi:10.1002/we.515.2,9,15

Fielding,M.D.,andM.Janisková(2020),Direct4D-Varassimilationofspace-borne
cloudradarreflectivityandlidarbackscatter.PartI:Observationoperatorandim-
plementation,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3877–3899,
doi:10.1002/qj.3878.14

Finserås,E.,I.H.Anchustegui,E.Cheynet,C.G.Gebhardt,andJ.Reuder(2024),
Gonewiththewind?windfarm-inducedwakesandregulatorygaps,MarinePolicy,
159,105,897,doi:10.1016/j.marpol.2023.105897.3

Fischer,G.(2006),InstallationandOperationoftheResearchPlatformFINO1inthe
NorthSea,pp.237–253,SpringerBerlinHeidelberg,Berlin,Heidelberg,doi:10.1007/
978-3-540-34677-7_15.32

Fitch,A.C.,J.B.Olson,J.K.Lundquist,J.Dudhia,A.K.Gupta,J.Michalakes,and
I.Barstad(2012),Localandmesoscaleimpactsofwindfarmsasparameterizedina
mesoscaleNWPmodel,MonthlyWeatherReview,140,3017–3038,doi:10.1175/MWR-
D-11-00352.1.24

Fleming,P.A.,P.M.Gebraad,S.Lee,J.-W.vanWingerden,K.Johnson,M.Church-
field,J.Michalakes,P.Spalart,andP.Moriarty(2014),Evaluatingtechniques
forredirectingturbinewakesusingSOWFA,RenewableEnergy,70,211–218,doi:
10.1016/j.renene.2014.02.015.3,9

Foti,D.,X.Yang,M.Guala,andF.Sotiropoulos(2016),Wakemeanderingstatistics
ofamodelwindturbine:Insightsgainedbylargeeddysimulations,PhysicalReview
Fluids,1,044,407,doi:10.1103/physrevfluids.1.044407.2

Foti,D.,X.Yang,andF.Sotiropoulos(2018),Similarityofwakemeanderingfordifferent
windturbinedesignsfordifferentscales,JournalofFluidMechanics,842,5–25,doi:
10.1017/jfm.2018.9.9

Frandsen,S.,R.J.Barthelmie,S.C.Pryor,O.Rathmann,S.Larsen,J.Højstrup,and
M.Thøgersen(2006),Analyticalmodellingofwindspeeddeficitinlargeoffshorewind
farms,WindEnergy,9,39–53,doi:10.1002/we.189.19

Froude,R.E.(1889),Onthepartplayedinpropulsionbydifferencesoffluidpressure,
Trans.Inst.NavalArchitects,30,390–405.29

Gaertner,E.,J.Rinker,L.Sethuraman,F.Zahle,B.Anderson,G.Barter,N.Abbas,
F.Meng,P.Bortolotti,W.Skrzypinski,G.Scott,R.Feil,H.Bredmose,K.Dykes,
M.Shields,C.Allen,andA.Viselli(2020),DefinitionoftheIEA15-megawattoffshore
referencewind,doi:NREL/TP-5000-75698,Golden,CO,USA:NationalRenewable
EnergyLaboratory.30

Gao,J.,M.Xue,S.-Y.Lee,A.Shapiro,Q.Xu,andK.K.Droegemeier(2006),A
three-dimensionalvariationalsingle-Dopplervelocityretrievalmethodwithsimple

159

España,G.,S.Aubrun,S.Loyer,andP.Devinant(2011),Spatialstudyofthewake
meanderingusingmodelledwindturbinesinawindtunnel,WindEnergy,14(7),923–
937,doi:10.1002/we.515.2,9,15

Fielding,M.D.,andM.Janisková(2020),Direct4D-Varassimilationofspace-borne
cloudradarreflectivityandlidarbackscatter.PartI:Observationoperatorandim-
plementation,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3877–3899,
doi:10.1002/qj.3878.14

Finserås,E.,I.H.Anchustegui,E.Cheynet,C.G.Gebhardt,andJ.Reuder(2024),
Gonewiththewind?windfarm-inducedwakesandregulatorygaps,MarinePolicy,
159,105,897,doi:10.1016/j.marpol.2023.105897.3

Fischer,G.(2006),InstallationandOperationoftheResearchPlatformFINO1inthe
NorthSea,pp.237–253,SpringerBerlinHeidelberg,Berlin,Heidelberg,doi:10.1007/
978-3-540-34677-7_15.32

Fitch,A.C.,J.B.Olson,J.K.Lundquist,J.Dudhia,A.K.Gupta,J.Michalakes,and
I.Barstad(2012),Localandmesoscaleimpactsofwindfarmsasparameterizedina
mesoscaleNWPmodel,MonthlyWeatherReview,140,3017–3038,doi:10.1175/MWR-
D-11-00352.1.24

Fleming,P.A.,P.M.Gebraad,S.Lee,J.-W.vanWingerden,K.Johnson,M.Church-
field,J.Michalakes,P.Spalart,andP.Moriarty(2014),Evaluatingtechniques
forredirectingturbinewakesusingSOWFA,RenewableEnergy,70,211–218,doi:
10.1016/j.renene.2014.02.015.3,9

Foti,D.,X.Yang,M.Guala,andF.Sotiropoulos(2016),Wakemeanderingstatistics
ofamodelwindturbine:Insightsgainedbylargeeddysimulations,PhysicalReview
Fluids,1,044,407,doi:10.1103/physrevfluids.1.044407.2

Foti,D.,X.Yang,andF.Sotiropoulos(2018),Similarityofwakemeanderingfordifferent
windturbinedesignsfordifferentscales,JournalofFluidMechanics,842,5–25,doi:
10.1017/jfm.2018.9.9

Frandsen,S.,R.J.Barthelmie,S.C.Pryor,O.Rathmann,S.Larsen,J.Højstrup,and
M.Thøgersen(2006),Analyticalmodellingofwindspeeddeficitinlargeoffshorewind
farms,WindEnergy,9,39–53,doi:10.1002/we.189.19

Froude,R.E.(1889),Onthepartplayedinpropulsionbydifferencesoffluidpressure,
Trans.Inst.NavalArchitects,30,390–405.29

Gaertner,E.,J.Rinker,L.Sethuraman,F.Zahle,B.Anderson,G.Barter,N.Abbas,
F.Meng,P.Bortolotti,W.Skrzypinski,G.Scott,R.Feil,H.Bredmose,K.Dykes,
M.Shields,C.Allen,andA.Viselli(2020),DefinitionoftheIEA15-megawattoffshore
referencewind,doi:NREL/TP-5000-75698,Golden,CO,USA:NationalRenewable
EnergyLaboratory.30

Gao,J.,M.Xue,S.-Y.Lee,A.Shapiro,Q.Xu,andK.K.Droegemeier(2006),A
three-dimensionalvariationalsingle-Dopplervelocityretrievalmethodwithsimple

159

España,G.,S.Aubrun,S.Loyer,andP.Devinant(2011),Spatialstudyofthewake
meanderingusingmodelledwindturbinesinawindtunnel,WindEnergy,14(7),923–
937,doi:10.1002/we.515.2,9,15

Fielding,M.D.,andM.Janisková(2020),Direct4D-Varassimilationofspace-borne
cloudradarreflectivityandlidarbackscatter.PartI:Observationoperatorandim-
plementation,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3877–3899,
doi:10.1002/qj.3878.14

Finserås,E.,I.H.Anchustegui,E.Cheynet,C.G.Gebhardt,andJ.Reuder(2024),
Gonewiththewind?windfarm-inducedwakesandregulatorygaps,MarinePolicy,
159,105,897,doi:10.1016/j.marpol.2023.105897.3

Fischer,G.(2006),InstallationandOperationoftheResearchPlatformFINO1inthe
NorthSea,pp.237–253,SpringerBerlinHeidelberg,Berlin,Heidelberg,doi:10.1007/
978-3-540-34677-7_15.32

Fitch,A.C.,J.B.Olson,J.K.Lundquist,J.Dudhia,A.K.Gupta,J.Michalakes,and
I.Barstad(2012),Localandmesoscaleimpactsofwindfarmsasparameterizedina
mesoscaleNWPmodel,MonthlyWeatherReview,140,3017–3038,doi:10.1175/MWR-
D-11-00352.1.24

Fleming,P.A.,P.M.Gebraad,S.Lee,J.-W.vanWingerden,K.Johnson,M.Church-
field,J.Michalakes,P.Spalart,andP.Moriarty(2014),Evaluatingtechniques
forredirectingturbinewakesusingSOWFA,RenewableEnergy,70,211–218,doi:
10.1016/j.renene.2014.02.015.3,9

Foti,D.,X.Yang,M.Guala,andF.Sotiropoulos(2016),Wakemeanderingstatistics
ofamodelwindturbine:Insightsgainedbylargeeddysimulations,PhysicalReview
Fluids,1,044,407,doi:10.1103/physrevfluids.1.044407.2

Foti,D.,X.Yang,andF.Sotiropoulos(2018),Similarityofwakemeanderingfordifferent
windturbinedesignsfordifferentscales,JournalofFluidMechanics,842,5–25,doi:
10.1017/jfm.2018.9.9

Frandsen,S.,R.J.Barthelmie,S.C.Pryor,O.Rathmann,S.Larsen,J.Højstrup,and
M.Thøgersen(2006),Analyticalmodellingofwindspeeddeficitinlargeoffshorewind
farms,WindEnergy,9,39–53,doi:10.1002/we.189.19

Froude,R.E.(1889),Onthepartplayedinpropulsionbydifferencesoffluidpressure,
Trans.Inst.NavalArchitects,30,390–405.29

Gaertner,E.,J.Rinker,L.Sethuraman,F.Zahle,B.Anderson,G.Barter,N.Abbas,
F.Meng,P.Bortolotti,W.Skrzypinski,G.Scott,R.Feil,H.Bredmose,K.Dykes,
M.Shields,C.Allen,andA.Viselli(2020),DefinitionoftheIEA15-megawattoffshore
referencewind,doi:NREL/TP-5000-75698,Golden,CO,USA:NationalRenewable
EnergyLaboratory.30

Gao,J.,M.Xue,S.-Y.Lee,A.Shapiro,Q.Xu,andK.K.Droegemeier(2006),A
three-dimensionalvariationalsingle-Dopplervelocityretrievalmethodwithsimple



160 Bibliography

conservation equation constraint, Meteorology and Atmospheric Physics, 94, 11–26,
doi:10.1007/s00703-005-0170-7. 14

Gao, X., H. Yang, and L. Lu (2016), Optimization of wind turbine layout position in
a wind farm using a newly-developed two-dimensional wake model, Applied Energy,
174, 192–200, doi:10.1016/j.apenergy.2016.04.098. 21

Glauert, H. (1935), Airplane Propellers, pp. 169–360, Springer Berlin Heidelberg, doi:
10.1007/978-3-642-91487-4_3. 28

Global WInd Energy Council (2023), Global Offshore Wind Report, Tech. rep., GWEC,
Brussels, Belgium. 1

Göçmen, T., P. V. D. Laan, P. E. Réthoré, A. P. Diaz, G. C. Larsen, and S. Ott (2016),
Wind turbine wake models developed at the technical university of Denmark: A review,
Renewable and Sustainable Energy Reviews, 60, 752–769, doi:10.1016/j.rser.2016.01.
113. 19

Gronemeier, T., A. Inagaki, M. Gryschka, and M. Kanda (2015), Large-eddy simulation
of an urban canopy using a synthetic turbulence inflow generation method, Journal
of Japan Society of Civil Engineers, Ser. B1 (Hydraulic Engineering), 71, 43–48, doi:
10.2208/jscejhe.71.I_43. 28

Hancock, P. E., and F. Pascheke (2014), Wind-tunnel simulation of the wake of a large
wind turbine in a stable boundary layer: Part 2, the wake flow, Boundary-Layer
Meteorology, 151 (1), 23–37, doi:10.1007/s10546-013-9887-x. 12

Hansen, K. S., R. J. Barthelmie, L. E. Jensen, and A. Sommer (2011), The impact of
turbulence intensity and atmospheric stability on power deficits due to wind turbine
wakes at Horns Rev wind farm, Wind Energy, 15 (1), 183–196, doi:10.1002/we.512. 12

Hasager, C., P. Vincent, J. Badger, M. Badger, A. D. Bella, A. Peña, R. Husson, and
P. Volker (2015), Using satellite SAR to characterize the wind flow around offshore
wind farms, Energies, 8, 5413–5439, doi:10.3390/en8065413. 1

Hasager, C. B., A. Peña, M. B. Christiansen, P. Astrup, M. Nielsen, F. Monaldo,
D. Thompson, and P. Nielsen (2008), Remote sensing observation used in offshore
wind energy, IEEE Journal of Selected Topics in Applied Earth Observations and Re-
mote Sensing, 1, 67–79, doi:10.1109/JSTARS.2008.2002218. 2, 3

Hellsten, A., K. Ketelsen, M. Sühring, M. Auvinen, B. Maronga, C. Knigge, F. Barmpas,
G. Tsegas, N. Moussiopoulos, and S. Raasch (2021), A nested multi-scale system im-
plemented in the large-eddy simulation model PALM model system 6.0, Geoscientific
Model Development, 14, 3185–3214, doi:10.5194/gmd-14-3185-2021. 28

Hersbach, H., B. Bell, P. Berrisford, S. Hirahara, A. Horányi, J. Muñoz-Sabater,
J. Nicolas, C. Peubey, R. Radu, D. Schepers, A. Simmons, C. Soci, S. Abdalla,
X. Abellan, G. Balsamo, P. Bechtold, G. Biavati, J. Bidlot, M. Bonavita, G. D.
Chiara, P. Dahlgren, D. Dee, M. Diamantakis, R. Dragani, J. Flemming, R. Forbes,
M. Fuentes, A. Geer, L. Haimberger, S. Healy, R. J. Hogan, E. Hólm, M. Janisková,
S. Keeley, P. Laloyaux, P. Lopez, C. Lupu, G. Radnoti, P. de Rosnay, I. Rozum,

160Bibliography

conservationequationconstraint,MeteorologyandAtmosphericPhysics,94,11–26,
doi:10.1007/s00703-005-0170-7.14

Gao,X.,H.Yang,andL.Lu(2016),Optimizationofwindturbinelayoutpositionin
awindfarmusinganewly-developedtwo-dimensionalwakemodel,AppliedEnergy,
174,192–200,doi:10.1016/j.apenergy.2016.04.098.21

Glauert,H.(1935),AirplanePropellers,pp.169–360,SpringerBerlinHeidelberg,doi:
10.1007/978-3-642-91487-4_3.28

GlobalWIndEnergyCouncil(2023),GlobalOffshoreWindReport,Tech.rep.,GWEC,
Brussels,Belgium.1

Göçmen,T.,P.V.D.Laan,P.E.Réthoré,A.P.Diaz,G.C.Larsen,andS.Ott(2016),
WindturbinewakemodelsdevelopedatthetechnicaluniversityofDenmark:Areview,
RenewableandSustainableEnergyReviews,60,752–769,doi:10.1016/j.rser.2016.01.
113.19

Gronemeier,T.,A.Inagaki,M.Gryschka,andM.Kanda(2015),Large-eddysimulation
ofanurbancanopyusingasyntheticturbulenceinflowgenerationmethod,Journal
ofJapanSocietyofCivilEngineers,Ser.B1(HydraulicEngineering),71,43–48,doi:
10.2208/jscejhe.71.I_43.28

Hancock,P.E.,andF.Pascheke(2014),Wind-tunnelsimulationofthewakeofalarge
windturbineinastableboundarylayer:Part2,thewakeflow,Boundary-Layer
Meteorology,151(1),23–37,doi:10.1007/s10546-013-9887-x.12

Hansen,K.S.,R.J.Barthelmie,L.E.Jensen,andA.Sommer(2011),Theimpactof
turbulenceintensityandatmosphericstabilityonpowerdeficitsduetowindturbine
wakesatHornsRevwindfarm,WindEnergy,15(1),183–196,doi:10.1002/we.512.12

Hasager,C.,P.Vincent,J.Badger,M.Badger,A.D.Bella,A.Peña,R.Husson,and
P.Volker(2015),UsingsatelliteSARtocharacterizethewindflowaroundoffshore
windfarms,Energies,8,5413–5439,doi:10.3390/en8065413.1

Hasager,C.B.,A.Peña,M.B.Christiansen,P.Astrup,M.Nielsen,F.Monaldo,
D.Thompson,andP.Nielsen(2008),Remotesensingobservationusedinoffshore
windenergy,IEEEJournalofSelectedTopicsinAppliedEarthObservationsandRe-
moteSensing,1,67–79,doi:10.1109/JSTARS.2008.2002218.2,3

Hellsten,A.,K.Ketelsen,M.Sühring,M.Auvinen,B.Maronga,C.Knigge,F.Barmpas,
G.Tsegas,N.Moussiopoulos,andS.Raasch(2021),Anestedmulti-scalesystemim-
plementedinthelarge-eddysimulationmodelPALMmodelsystem6.0,Geoscientific
ModelDevelopment,14,3185–3214,doi:10.5194/gmd-14-3185-2021.28

Hersbach,H.,B.Bell,P.Berrisford,S.Hirahara,A.Horányi,J.Muñoz-Sabater,
J.Nicolas,C.Peubey,R.Radu,D.Schepers,A.Simmons,C.Soci,S.Abdalla,
X.Abellan,G.Balsamo,P.Bechtold,G.Biavati,J.Bidlot,M.Bonavita,G.D.
Chiara,P.Dahlgren,D.Dee,M.Diamantakis,R.Dragani,J.Flemming,R.Forbes,
M.Fuentes,A.Geer,L.Haimberger,S.Healy,R.J.Hogan,E.Hólm,M.Janisková,
S.Keeley,P.Laloyaux,P.Lopez,C.Lupu,G.Radnoti,P.deRosnay,I.Rozum,

160Bibliography

conservationequationconstraint,MeteorologyandAtmosphericPhysics,94,11–26,
doi:10.1007/s00703-005-0170-7.14

Gao,X.,H.Yang,andL.Lu(2016),Optimizationofwindturbinelayoutpositionin
awindfarmusinganewly-developedtwo-dimensionalwakemodel,AppliedEnergy,
174,192–200,doi:10.1016/j.apenergy.2016.04.098.21

Glauert,H.(1935),AirplanePropellers,pp.169–360,SpringerBerlinHeidelberg,doi:
10.1007/978-3-642-91487-4_3.28

GlobalWIndEnergyCouncil(2023),GlobalOffshoreWindReport,Tech.rep.,GWEC,
Brussels,Belgium.1

Göçmen,T.,P.V.D.Laan,P.E.Réthoré,A.P.Diaz,G.C.Larsen,andS.Ott(2016),
WindturbinewakemodelsdevelopedatthetechnicaluniversityofDenmark:Areview,
RenewableandSustainableEnergyReviews,60,752–769,doi:10.1016/j.rser.2016.01.
113.19

Gronemeier,T.,A.Inagaki,M.Gryschka,andM.Kanda(2015),Large-eddysimulation
ofanurbancanopyusingasyntheticturbulenceinflowgenerationmethod,Journal
ofJapanSocietyofCivilEngineers,Ser.B1(HydraulicEngineering),71,43–48,doi:
10.2208/jscejhe.71.I_43.28

Hancock,P.E.,andF.Pascheke(2014),Wind-tunnelsimulationofthewakeofalarge
windturbineinastableboundarylayer:Part2,thewakeflow,Boundary-Layer
Meteorology,151(1),23–37,doi:10.1007/s10546-013-9887-x.12

Hansen,K.S.,R.J.Barthelmie,L.E.Jensen,andA.Sommer(2011),Theimpactof
turbulenceintensityandatmosphericstabilityonpowerdeficitsduetowindturbine
wakesatHornsRevwindfarm,WindEnergy,15(1),183–196,doi:10.1002/we.512.12

Hasager,C.,P.Vincent,J.Badger,M.Badger,A.D.Bella,A.Peña,R.Husson,and
P.Volker(2015),UsingsatelliteSARtocharacterizethewindflowaroundoffshore
windfarms,Energies,8,5413–5439,doi:10.3390/en8065413.1

Hasager,C.B.,A.Peña,M.B.Christiansen,P.Astrup,M.Nielsen,F.Monaldo,
D.Thompson,andP.Nielsen(2008),Remotesensingobservationusedinoffshore
windenergy,IEEEJournalofSelectedTopicsinAppliedEarthObservationsandRe-
moteSensing,1,67–79,doi:10.1109/JSTARS.2008.2002218.2,3

Hellsten,A.,K.Ketelsen,M.Sühring,M.Auvinen,B.Maronga,C.Knigge,F.Barmpas,
G.Tsegas,N.Moussiopoulos,andS.Raasch(2021),Anestedmulti-scalesystemim-
plementedinthelarge-eddysimulationmodelPALMmodelsystem6.0,Geoscientific
ModelDevelopment,14,3185–3214,doi:10.5194/gmd-14-3185-2021.28

Hersbach,H.,B.Bell,P.Berrisford,S.Hirahara,A.Horányi,J.Muñoz-Sabater,
J.Nicolas,C.Peubey,R.Radu,D.Schepers,A.Simmons,C.Soci,S.Abdalla,
X.Abellan,G.Balsamo,P.Bechtold,G.Biavati,J.Bidlot,M.Bonavita,G.D.
Chiara,P.Dahlgren,D.Dee,M.Diamantakis,R.Dragani,J.Flemming,R.Forbes,
M.Fuentes,A.Geer,L.Haimberger,S.Healy,R.J.Hogan,E.Hólm,M.Janisková,
S.Keeley,P.Laloyaux,P.Lopez,C.Lupu,G.Radnoti,P.deRosnay,I.Rozum,

160 Bibliography

conservation equation constraint, Meteorology and Atmospheric Physics, 94, 11–26,
doi:10.1007/s00703-005-0170-7. 14

Gao, X., H. Yang, and L. Lu (2016), Optimization of wind turbine layout position in
a wind farm using a newly-developed two-dimensional wake model, Applied Energy,
174, 192–200, doi:10.1016/j.apenergy.2016.04.098. 21

Glauert, H. (1935), Airplane Propellers, pp. 169–360, Springer Berlin Heidelberg, doi:
10.1007/978-3-642-91487-4_3. 28

Global WInd Energy Council (2023), Global Offshore Wind Report, Tech. rep., GWEC,
Brussels, Belgium. 1

Göçmen, T., P. V. D. Laan, P. E. Réthoré, A. P. Diaz, G. C. Larsen, and S. Ott (2016),
Wind turbine wake models developed at the technical university of Denmark: A review,
Renewable and Sustainable Energy Reviews, 60, 752–769, doi:10.1016/j.rser.2016.01.
113. 19

Gronemeier, T., A. Inagaki, M. Gryschka, and M. Kanda (2015), Large-eddy simulation
of an urban canopy using a synthetic turbulence inflow generation method, Journal
of Japan Society of Civil Engineers, Ser. B1 (Hydraulic Engineering), 71, 43–48, doi:
10.2208/jscejhe.71.I_43. 28

Hancock, P. E., and F. Pascheke (2014), Wind-tunnel simulation of the wake of a large
wind turbine in a stable boundary layer: Part 2, the wake flow, Boundary-Layer
Meteorology, 151 (1), 23–37, doi:10.1007/s10546-013-9887-x. 12

Hansen, K. S., R. J. Barthelmie, L. E. Jensen, and A. Sommer (2011), The impact of
turbulence intensity and atmospheric stability on power deficits due to wind turbine
wakes at Horns Rev wind farm, Wind Energy, 15 (1), 183–196, doi:10.1002/we.512. 12

Hasager, C., P. Vincent, J. Badger, M. Badger, A. D. Bella, A. Peña, R. Husson, and
P. Volker (2015), Using satellite SAR to characterize the wind flow around offshore
wind farms, Energies, 8, 5413–5439, doi:10.3390/en8065413. 1

Hasager, C. B., A. Peña, M. B. Christiansen, P. Astrup, M. Nielsen, F. Monaldo,
D. Thompson, and P. Nielsen (2008), Remote sensing observation used in offshore
wind energy, IEEE Journal of Selected Topics in Applied Earth Observations and Re-
mote Sensing, 1, 67–79, doi:10.1109/JSTARS.2008.2002218. 2, 3

Hellsten, A., K. Ketelsen, M. Sühring, M. Auvinen, B. Maronga, C. Knigge, F. Barmpas,
G. Tsegas, N. Moussiopoulos, and S. Raasch (2021), A nested multi-scale system im-
plemented in the large-eddy simulation model PALM model system 6.0, Geoscientific
Model Development, 14, 3185–3214, doi:10.5194/gmd-14-3185-2021. 28

Hersbach, H., B. Bell, P. Berrisford, S. Hirahara, A. Horányi, J. Muñoz-Sabater,
J. Nicolas, C. Peubey, R. Radu, D. Schepers, A. Simmons, C. Soci, S. Abdalla,
X. Abellan, G. Balsamo, P. Bechtold, G. Biavati, J. Bidlot, M. Bonavita, G. D.
Chiara, P. Dahlgren, D. Dee, M. Diamantakis, R. Dragani, J. Flemming, R. Forbes,
M. Fuentes, A. Geer, L. Haimberger, S. Healy, R. J. Hogan, E. Hólm, M. Janisková,
S. Keeley, P. Laloyaux, P. Lopez, C. Lupu, G. Radnoti, P. de Rosnay, I. Rozum,

160 Bibliography

conservation equation constraint, Meteorology and Atmospheric Physics, 94, 11–26,
doi:10.1007/s00703-005-0170-7. 14

Gao, X., H. Yang, and L. Lu (2016), Optimization of wind turbine layout position in
a wind farm using a newly-developed two-dimensional wake model, Applied Energy,
174, 192–200, doi:10.1016/j.apenergy.2016.04.098. 21

Glauert, H. (1935), Airplane Propellers, pp. 169–360, Springer Berlin Heidelberg, doi:
10.1007/978-3-642-91487-4_3. 28

Global WInd Energy Council (2023), Global Offshore Wind Report, Tech. rep., GWEC,
Brussels, Belgium. 1

Göçmen, T., P. V. D. Laan, P. E. Réthoré, A. P. Diaz, G. C. Larsen, and S. Ott (2016),
Wind turbine wake models developed at the technical university of Denmark: A review,
Renewable and Sustainable Energy Reviews, 60, 752–769, doi:10.1016/j.rser.2016.01.
113. 19

Gronemeier, T., A. Inagaki, M. Gryschka, and M. Kanda (2015), Large-eddy simulation
of an urban canopy using a synthetic turbulence inflow generation method, Journal
of Japan Society of Civil Engineers, Ser. B1 (Hydraulic Engineering), 71, 43–48, doi:
10.2208/jscejhe.71.I_43. 28

Hancock, P. E., and F. Pascheke (2014), Wind-tunnel simulation of the wake of a large
wind turbine in a stable boundary layer: Part 2, the wake flow, Boundary-Layer
Meteorology, 151 (1), 23–37, doi:10.1007/s10546-013-9887-x. 12

Hansen, K. S., R. J. Barthelmie, L. E. Jensen, and A. Sommer (2011), The impact of
turbulence intensity and atmospheric stability on power deficits due to wind turbine
wakes at Horns Rev wind farm, Wind Energy, 15 (1), 183–196, doi:10.1002/we.512. 12

Hasager, C., P. Vincent, J. Badger, M. Badger, A. D. Bella, A. Peña, R. Husson, and
P. Volker (2015), Using satellite SAR to characterize the wind flow around offshore
wind farms, Energies, 8, 5413–5439, doi:10.3390/en8065413. 1

Hasager, C. B., A. Peña, M. B. Christiansen, P. Astrup, M. Nielsen, F. Monaldo,
D. Thompson, and P. Nielsen (2008), Remote sensing observation used in offshore
wind energy, IEEE Journal of Selected Topics in Applied Earth Observations and Re-
mote Sensing, 1, 67–79, doi:10.1109/JSTARS.2008.2002218. 2, 3

Hellsten, A., K. Ketelsen, M. Sühring, M. Auvinen, B. Maronga, C. Knigge, F. Barmpas,
G. Tsegas, N. Moussiopoulos, and S. Raasch (2021), A nested multi-scale system im-
plemented in the large-eddy simulation model PALM model system 6.0, Geoscientific
Model Development, 14, 3185–3214, doi:10.5194/gmd-14-3185-2021. 28

Hersbach, H., B. Bell, P. Berrisford, S. Hirahara, A. Horányi, J. Muñoz-Sabater,
J. Nicolas, C. Peubey, R. Radu, D. Schepers, A. Simmons, C. Soci, S. Abdalla,
X. Abellan, G. Balsamo, P. Bechtold, G. Biavati, J. Bidlot, M. Bonavita, G. D.
Chiara, P. Dahlgren, D. Dee, M. Diamantakis, R. Dragani, J. Flemming, R. Forbes,
M. Fuentes, A. Geer, L. Haimberger, S. Healy, R. J. Hogan, E. Hólm, M. Janisková,
S. Keeley, P. Laloyaux, P. Lopez, C. Lupu, G. Radnoti, P. de Rosnay, I. Rozum,

160Bibliography

conservationequationconstraint,MeteorologyandAtmosphericPhysics,94,11–26,
doi:10.1007/s00703-005-0170-7.14

Gao,X.,H.Yang,andL.Lu(2016),Optimizationofwindturbinelayoutpositionin
awindfarmusinganewly-developedtwo-dimensionalwakemodel,AppliedEnergy,
174,192–200,doi:10.1016/j.apenergy.2016.04.098.21

Glauert,H.(1935),AirplanePropellers,pp.169–360,SpringerBerlinHeidelberg,doi:
10.1007/978-3-642-91487-4_3.28

GlobalWIndEnergyCouncil(2023),GlobalOffshoreWindReport,Tech.rep.,GWEC,
Brussels,Belgium.1

Göçmen,T.,P.V.D.Laan,P.E.Réthoré,A.P.Diaz,G.C.Larsen,andS.Ott(2016),
WindturbinewakemodelsdevelopedatthetechnicaluniversityofDenmark:Areview,
RenewableandSustainableEnergyReviews,60,752–769,doi:10.1016/j.rser.2016.01.
113.19

Gronemeier,T.,A.Inagaki,M.Gryschka,andM.Kanda(2015),Large-eddysimulation
ofanurbancanopyusingasyntheticturbulenceinflowgenerationmethod,Journal
ofJapanSocietyofCivilEngineers,Ser.B1(HydraulicEngineering),71,43–48,doi:
10.2208/jscejhe.71.I_43.28

Hancock,P.E.,andF.Pascheke(2014),Wind-tunnelsimulationofthewakeofalarge
windturbineinastableboundarylayer:Part2,thewakeflow,Boundary-Layer
Meteorology,151(1),23–37,doi:10.1007/s10546-013-9887-x.12

Hansen,K.S.,R.J.Barthelmie,L.E.Jensen,andA.Sommer(2011),Theimpactof
turbulenceintensityandatmosphericstabilityonpowerdeficitsduetowindturbine
wakesatHornsRevwindfarm,WindEnergy,15(1),183–196,doi:10.1002/we.512.12

Hasager,C.,P.Vincent,J.Badger,M.Badger,A.D.Bella,A.Peña,R.Husson,and
P.Volker(2015),UsingsatelliteSARtocharacterizethewindflowaroundoffshore
windfarms,Energies,8,5413–5439,doi:10.3390/en8065413.1

Hasager,C.B.,A.Peña,M.B.Christiansen,P.Astrup,M.Nielsen,F.Monaldo,
D.Thompson,andP.Nielsen(2008),Remotesensingobservationusedinoffshore
windenergy,IEEEJournalofSelectedTopicsinAppliedEarthObservationsandRe-
moteSensing,1,67–79,doi:10.1109/JSTARS.2008.2002218.2,3

Hellsten,A.,K.Ketelsen,M.Sühring,M.Auvinen,B.Maronga,C.Knigge,F.Barmpas,
G.Tsegas,N.Moussiopoulos,andS.Raasch(2021),Anestedmulti-scalesystemim-
plementedinthelarge-eddysimulationmodelPALMmodelsystem6.0,Geoscientific
ModelDevelopment,14,3185–3214,doi:10.5194/gmd-14-3185-2021.28

Hersbach,H.,B.Bell,P.Berrisford,S.Hirahara,A.Horányi,J.Muñoz-Sabater,
J.Nicolas,C.Peubey,R.Radu,D.Schepers,A.Simmons,C.Soci,S.Abdalla,
X.Abellan,G.Balsamo,P.Bechtold,G.Biavati,J.Bidlot,M.Bonavita,G.D.
Chiara,P.Dahlgren,D.Dee,M.Diamantakis,R.Dragani,J.Flemming,R.Forbes,
M.Fuentes,A.Geer,L.Haimberger,S.Healy,R.J.Hogan,E.Hólm,M.Janisková,
S.Keeley,P.Laloyaux,P.Lopez,C.Lupu,G.Radnoti,P.deRosnay,I.Rozum,

160Bibliography

conservationequationconstraint,MeteorologyandAtmosphericPhysics,94,11–26,
doi:10.1007/s00703-005-0170-7.14

Gao,X.,H.Yang,andL.Lu(2016),Optimizationofwindturbinelayoutpositionin
awindfarmusinganewly-developedtwo-dimensionalwakemodel,AppliedEnergy,
174,192–200,doi:10.1016/j.apenergy.2016.04.098.21

Glauert,H.(1935),AirplanePropellers,pp.169–360,SpringerBerlinHeidelberg,doi:
10.1007/978-3-642-91487-4_3.28

GlobalWIndEnergyCouncil(2023),GlobalOffshoreWindReport,Tech.rep.,GWEC,
Brussels,Belgium.1

Göçmen,T.,P.V.D.Laan,P.E.Réthoré,A.P.Diaz,G.C.Larsen,andS.Ott(2016),
WindturbinewakemodelsdevelopedatthetechnicaluniversityofDenmark:Areview,
RenewableandSustainableEnergyReviews,60,752–769,doi:10.1016/j.rser.2016.01.
113.19

Gronemeier,T.,A.Inagaki,M.Gryschka,andM.Kanda(2015),Large-eddysimulation
ofanurbancanopyusingasyntheticturbulenceinflowgenerationmethod,Journal
ofJapanSocietyofCivilEngineers,Ser.B1(HydraulicEngineering),71,43–48,doi:
10.2208/jscejhe.71.I_43.28

Hancock,P.E.,andF.Pascheke(2014),Wind-tunnelsimulationofthewakeofalarge
windturbineinastableboundarylayer:Part2,thewakeflow,Boundary-Layer
Meteorology,151(1),23–37,doi:10.1007/s10546-013-9887-x.12

Hansen,K.S.,R.J.Barthelmie,L.E.Jensen,andA.Sommer(2011),Theimpactof
turbulenceintensityandatmosphericstabilityonpowerdeficitsduetowindturbine
wakesatHornsRevwindfarm,WindEnergy,15(1),183–196,doi:10.1002/we.512.12

Hasager,C.,P.Vincent,J.Badger,M.Badger,A.D.Bella,A.Peña,R.Husson,and
P.Volker(2015),UsingsatelliteSARtocharacterizethewindflowaroundoffshore
windfarms,Energies,8,5413–5439,doi:10.3390/en8065413.1

Hasager,C.B.,A.Peña,M.B.Christiansen,P.Astrup,M.Nielsen,F.Monaldo,
D.Thompson,andP.Nielsen(2008),Remotesensingobservationusedinoffshore
windenergy,IEEEJournalofSelectedTopicsinAppliedEarthObservationsandRe-
moteSensing,1,67–79,doi:10.1109/JSTARS.2008.2002218.2,3

Hellsten,A.,K.Ketelsen,M.Sühring,M.Auvinen,B.Maronga,C.Knigge,F.Barmpas,
G.Tsegas,N.Moussiopoulos,andS.Raasch(2021),Anestedmulti-scalesystemim-
plementedinthelarge-eddysimulationmodelPALMmodelsystem6.0,Geoscientific
ModelDevelopment,14,3185–3214,doi:10.5194/gmd-14-3185-2021.28

Hersbach,H.,B.Bell,P.Berrisford,S.Hirahara,A.Horányi,J.Muñoz-Sabater,
J.Nicolas,C.Peubey,R.Radu,D.Schepers,A.Simmons,C.Soci,S.Abdalla,
X.Abellan,G.Balsamo,P.Bechtold,G.Biavati,J.Bidlot,M.Bonavita,G.D.
Chiara,P.Dahlgren,D.Dee,M.Diamantakis,R.Dragani,J.Flemming,R.Forbes,
M.Fuentes,A.Geer,L.Haimberger,S.Healy,R.J.Hogan,E.Hólm,M.Janisková,
S.Keeley,P.Laloyaux,P.Lopez,C.Lupu,G.Radnoti,P.deRosnay,I.Rozum,

160Bibliography

conservationequationconstraint,MeteorologyandAtmosphericPhysics,94,11–26,
doi:10.1007/s00703-005-0170-7.14

Gao,X.,H.Yang,andL.Lu(2016),Optimizationofwindturbinelayoutpositionin
awindfarmusinganewly-developedtwo-dimensionalwakemodel,AppliedEnergy,
174,192–200,doi:10.1016/j.apenergy.2016.04.098.21

Glauert,H.(1935),AirplanePropellers,pp.169–360,SpringerBerlinHeidelberg,doi:
10.1007/978-3-642-91487-4_3.28

GlobalWIndEnergyCouncil(2023),GlobalOffshoreWindReport,Tech.rep.,GWEC,
Brussels,Belgium.1

Göçmen,T.,P.V.D.Laan,P.E.Réthoré,A.P.Diaz,G.C.Larsen,andS.Ott(2016),
WindturbinewakemodelsdevelopedatthetechnicaluniversityofDenmark:Areview,
RenewableandSustainableEnergyReviews,60,752–769,doi:10.1016/j.rser.2016.01.
113.19

Gronemeier,T.,A.Inagaki,M.Gryschka,andM.Kanda(2015),Large-eddysimulation
ofanurbancanopyusingasyntheticturbulenceinflowgenerationmethod,Journal
ofJapanSocietyofCivilEngineers,Ser.B1(HydraulicEngineering),71,43–48,doi:
10.2208/jscejhe.71.I_43.28

Hancock,P.E.,andF.Pascheke(2014),Wind-tunnelsimulationofthewakeofalarge
windturbineinastableboundarylayer:Part2,thewakeflow,Boundary-Layer
Meteorology,151(1),23–37,doi:10.1007/s10546-013-9887-x.12

Hansen,K.S.,R.J.Barthelmie,L.E.Jensen,andA.Sommer(2011),Theimpactof
turbulenceintensityandatmosphericstabilityonpowerdeficitsduetowindturbine
wakesatHornsRevwindfarm,WindEnergy,15(1),183–196,doi:10.1002/we.512.12

Hasager,C.,P.Vincent,J.Badger,M.Badger,A.D.Bella,A.Peña,R.Husson,and
P.Volker(2015),UsingsatelliteSARtocharacterizethewindflowaroundoffshore
windfarms,Energies,8,5413–5439,doi:10.3390/en8065413.1

Hasager,C.B.,A.Peña,M.B.Christiansen,P.Astrup,M.Nielsen,F.Monaldo,
D.Thompson,andP.Nielsen(2008),Remotesensingobservationusedinoffshore
windenergy,IEEEJournalofSelectedTopicsinAppliedEarthObservationsandRe-
moteSensing,1,67–79,doi:10.1109/JSTARS.2008.2002218.2,3

Hellsten,A.,K.Ketelsen,M.Sühring,M.Auvinen,B.Maronga,C.Knigge,F.Barmpas,
G.Tsegas,N.Moussiopoulos,andS.Raasch(2021),Anestedmulti-scalesystemim-
plementedinthelarge-eddysimulationmodelPALMmodelsystem6.0,Geoscientific
ModelDevelopment,14,3185–3214,doi:10.5194/gmd-14-3185-2021.28

Hersbach,H.,B.Bell,P.Berrisford,S.Hirahara,A.Horányi,J.Muñoz-Sabater,
J.Nicolas,C.Peubey,R.Radu,D.Schepers,A.Simmons,C.Soci,S.Abdalla,
X.Abellan,G.Balsamo,P.Bechtold,G.Biavati,J.Bidlot,M.Bonavita,G.D.
Chiara,P.Dahlgren,D.Dee,M.Diamantakis,R.Dragani,J.Flemming,R.Forbes,
M.Fuentes,A.Geer,L.Haimberger,S.Healy,R.J.Hogan,E.Hólm,M.Janisková,
S.Keeley,P.Laloyaux,P.Lopez,C.Lupu,G.Radnoti,P.deRosnay,I.Rozum,

160Bibliography

conservationequationconstraint,MeteorologyandAtmosphericPhysics,94,11–26,
doi:10.1007/s00703-005-0170-7.14

Gao,X.,H.Yang,andL.Lu(2016),Optimizationofwindturbinelayoutpositionin
awindfarmusinganewly-developedtwo-dimensionalwakemodel,AppliedEnergy,
174,192–200,doi:10.1016/j.apenergy.2016.04.098.21

Glauert,H.(1935),AirplanePropellers,pp.169–360,SpringerBerlinHeidelberg,doi:
10.1007/978-3-642-91487-4_3.28

GlobalWIndEnergyCouncil(2023),GlobalOffshoreWindReport,Tech.rep.,GWEC,
Brussels,Belgium.1

Göçmen,T.,P.V.D.Laan,P.E.Réthoré,A.P.Diaz,G.C.Larsen,andS.Ott(2016),
WindturbinewakemodelsdevelopedatthetechnicaluniversityofDenmark:Areview,
RenewableandSustainableEnergyReviews,60,752–769,doi:10.1016/j.rser.2016.01.
113.19

Gronemeier,T.,A.Inagaki,M.Gryschka,andM.Kanda(2015),Large-eddysimulation
ofanurbancanopyusingasyntheticturbulenceinflowgenerationmethod,Journal
ofJapanSocietyofCivilEngineers,Ser.B1(HydraulicEngineering),71,43–48,doi:
10.2208/jscejhe.71.I_43.28

Hancock,P.E.,andF.Pascheke(2014),Wind-tunnelsimulationofthewakeofalarge
windturbineinastableboundarylayer:Part2,thewakeflow,Boundary-Layer
Meteorology,151(1),23–37,doi:10.1007/s10546-013-9887-x.12

Hansen,K.S.,R.J.Barthelmie,L.E.Jensen,andA.Sommer(2011),Theimpactof
turbulenceintensityandatmosphericstabilityonpowerdeficitsduetowindturbine
wakesatHornsRevwindfarm,WindEnergy,15(1),183–196,doi:10.1002/we.512.12

Hasager,C.,P.Vincent,J.Badger,M.Badger,A.D.Bella,A.Peña,R.Husson,and
P.Volker(2015),UsingsatelliteSARtocharacterizethewindflowaroundoffshore
windfarms,Energies,8,5413–5439,doi:10.3390/en8065413.1

Hasager,C.B.,A.Peña,M.B.Christiansen,P.Astrup,M.Nielsen,F.Monaldo,
D.Thompson,andP.Nielsen(2008),Remotesensingobservationusedinoffshore
windenergy,IEEEJournalofSelectedTopicsinAppliedEarthObservationsandRe-
moteSensing,1,67–79,doi:10.1109/JSTARS.2008.2002218.2,3

Hellsten,A.,K.Ketelsen,M.Sühring,M.Auvinen,B.Maronga,C.Knigge,F.Barmpas,
G.Tsegas,N.Moussiopoulos,andS.Raasch(2021),Anestedmulti-scalesystemim-
plementedinthelarge-eddysimulationmodelPALMmodelsystem6.0,Geoscientific
ModelDevelopment,14,3185–3214,doi:10.5194/gmd-14-3185-2021.28

Hersbach,H.,B.Bell,P.Berrisford,S.Hirahara,A.Horányi,J.Muñoz-Sabater,
J.Nicolas,C.Peubey,R.Radu,D.Schepers,A.Simmons,C.Soci,S.Abdalla,
X.Abellan,G.Balsamo,P.Bechtold,G.Biavati,J.Bidlot,M.Bonavita,G.D.
Chiara,P.Dahlgren,D.Dee,M.Diamantakis,R.Dragani,J.Flemming,R.Forbes,
M.Fuentes,A.Geer,L.Haimberger,S.Healy,R.J.Hogan,E.Hólm,M.Janisková,
S.Keeley,P.Laloyaux,P.Lopez,C.Lupu,G.Radnoti,P.deRosnay,I.Rozum,



161

F. Vamborg, S. Villaume, and J. N. Thépaut (2020), The ERA5 global reanal-
ysis, Quarterly Journal of the Royal Meteorological Society, 146, 1999–2049, doi:
10.1002/QJ.3803. 23

Högström, U., D. Asimakopoulos, H. Kambezidis, C. Helmis, and A. Smedman (1988),
A field study of the wake behind a 2 MW wind turbine, Atmospheric Environment,
22, 803–820, doi:10.1016/0004-6981(88)90020-0. 20

International Electrotechnical Commission (2005), IEC 61400-1-Ed. 3.0: Wind turbines
– Part 1: Design requirements, Tech. rep., International Electrotechnical Commission
(IEC), Geneva, Switzerland. 19

International Energy Agency (2021), Renewables 2021 – Analysis and forecast to 2026,
Tech. rep., IEA, Paris, France. xiii, 1

Ishihara, T., and G.-W. W. Qian (2018), A new Gaussian-based analytical wake model
for wind turbines considering ambient turbulence intensities and thrust coefficient
effects, Journal of Wind Engineering and Industrial Aerodynamics, 177, 275–292, doi:
10.1016/j.jweia.2018.04.010. 21, 35

Ishihara, T., A. Yamaguchi, and Y. Fujino (2004), Development of a new wake model
based on a wind tunnel experiment, accesed: 22-Nov-2023. 21

Iungo, G. V., and F. Porté-Agel (2013), Measurement procedures for characterization
of wind turbine wakes with scanning Doppler wind lidars, Advances in Science and
Research, 10, 71–75, doi:10.5194/asr-10-71-2013. 13

Ivanell, S., R. Mikkelsen, J. N. Sørensen, and D. Henningson (2010), Stability analysis
of the tip vortices of a wind turbine, Wind Energy, 13, 705–715, doi:10.1002/we.391.
7

Jamieson, P. (2018), Innovation in Wind Turbine Design, John Wiley & Sons, Ltd. 2

Janisková, M., and M. D. Fielding (2020), Direct 4D-Var assimilation of space-borne
cloud radar and lidar observations. Part II: Impact on analysis and subsequent forecast,
Quarterly Journal of the Royal Meteorological Society, 146, 3900–3916, doi:10.1002/
qj.3879. 14

Jensen, N. O. (1983), A note on wind generator interaction, Risø-M-2411 Risø National
Laboratory Roskilde, pp. 1–16, doi:Riso-M-2411. 19

Jiménez, P. A., J. Navarro, A. M. Palomares, and J. Dudhia (2015), Mesoscale modeling
of offshore wind turbine wakes at the wind farm resolving scale: a composite-based
analysis with the Weather Research and Forecasting model over Horns Rev, Wind
Energy, 18 (3), 559–566, doi:10.1002/we.1708. 24

Johlas, H. M., D. P. Schmidt, and M. A. Lackner (2022), Large eddy simulations of
curled wakes from tilted wind turbines, Renewable Energy, 188, 349–360, doi:10.1016/
j.renene.2022.02.018. 9

161

F.Vamborg,S.Villaume,andJ.N.Thépaut(2020),TheERA5globalreanal-
ysis,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,1999–2049,doi:
10.1002/QJ.3803.23

Högström,U.,D.Asimakopoulos,H.Kambezidis,C.Helmis,andA.Smedman(1988),
Afieldstudyofthewakebehinda2MWwindturbine,AtmosphericEnvironment,
22,803–820,doi:10.1016/0004-6981(88)90020-0.20

InternationalElectrotechnicalCommission(2005),IEC61400-1-Ed.3.0:Windturbines
–Part1:Designrequirements,Tech.rep.,InternationalElectrotechnicalCommission
(IEC),Geneva,Switzerland.19

InternationalEnergyAgency(2021),Renewables2021–Analysisandforecastto2026,
Tech.rep.,IEA,Paris,France.xiii,1

Ishihara,T.,andG.-W.W.Qian(2018),AnewGaussian-basedanalyticalwakemodel
forwindturbinesconsideringambientturbulenceintensitiesandthrustcoefficient
effects,JournalofWindEngineeringandIndustrialAerodynamics,177,275–292,doi:
10.1016/j.jweia.2018.04.010.21,35

Ishihara,T.,A.Yamaguchi,andY.Fujino(2004),Developmentofanewwakemodel
basedonawindtunnelexperiment,accesed:22-Nov-2023.21

Iungo,G.V.,andF.Porté-Agel(2013),Measurementproceduresforcharacterization
ofwindturbinewakeswithscanningDopplerwindlidars,AdvancesinScienceand
Research,10,71–75,doi:10.5194/asr-10-71-2013.13

Ivanell,S.,R.Mikkelsen,J.N.Sørensen,andD.Henningson(2010),Stabilityanalysis
ofthetipvorticesofawindturbine,WindEnergy,13,705–715,doi:10.1002/we.391.
7

Jamieson,P.(2018),InnovationinWindTurbineDesign,JohnWiley&Sons,Ltd.2

Janisková,M.,andM.D.Fielding(2020),Direct4D-Varassimilationofspace-borne
cloudradarandlidarobservations.PartII:Impactonanalysisandsubsequentforecast,
QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3900–3916,doi:10.1002/
qj.3879.14

Jensen,N.O.(1983),Anoteonwindgeneratorinteraction,Risø-M-2411RisøNational
LaboratoryRoskilde,pp.1–16,doi:Riso-M-2411.19

Jiménez,P.A.,J.Navarro,A.M.Palomares,andJ.Dudhia(2015),Mesoscalemodeling
ofoffshorewindturbinewakesatthewindfarmresolvingscale:acomposite-based
analysiswiththeWeatherResearchandForecastingmodeloverHornsRev,Wind
Energy,18(3),559–566,doi:10.1002/we.1708.24

Johlas,H.M.,D.P.Schmidt,andM.A.Lackner(2022),Largeeddysimulationsof
curledwakesfromtiltedwindturbines,RenewableEnergy,188,349–360,doi:10.1016/
j.renene.2022.02.018.9

161

F.Vamborg,S.Villaume,andJ.N.Thépaut(2020),TheERA5globalreanal-
ysis,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,1999–2049,doi:
10.1002/QJ.3803.23

Högström,U.,D.Asimakopoulos,H.Kambezidis,C.Helmis,andA.Smedman(1988),
Afieldstudyofthewakebehinda2MWwindturbine,AtmosphericEnvironment,
22,803–820,doi:10.1016/0004-6981(88)90020-0.20

InternationalElectrotechnicalCommission(2005),IEC61400-1-Ed.3.0:Windturbines
–Part1:Designrequirements,Tech.rep.,InternationalElectrotechnicalCommission
(IEC),Geneva,Switzerland.19

InternationalEnergyAgency(2021),Renewables2021–Analysisandforecastto2026,
Tech.rep.,IEA,Paris,France.xiii,1

Ishihara,T.,andG.-W.W.Qian(2018),AnewGaussian-basedanalyticalwakemodel
forwindturbinesconsideringambientturbulenceintensitiesandthrustcoefficient
effects,JournalofWindEngineeringandIndustrialAerodynamics,177,275–292,doi:
10.1016/j.jweia.2018.04.010.21,35

Ishihara,T.,A.Yamaguchi,andY.Fujino(2004),Developmentofanewwakemodel
basedonawindtunnelexperiment,accesed:22-Nov-2023.21

Iungo,G.V.,andF.Porté-Agel(2013),Measurementproceduresforcharacterization
ofwindturbinewakeswithscanningDopplerwindlidars,AdvancesinScienceand
Research,10,71–75,doi:10.5194/asr-10-71-2013.13

Ivanell,S.,R.Mikkelsen,J.N.Sørensen,andD.Henningson(2010),Stabilityanalysis
ofthetipvorticesofawindturbine,WindEnergy,13,705–715,doi:10.1002/we.391.
7

Jamieson,P.(2018),InnovationinWindTurbineDesign,JohnWiley&Sons,Ltd.2

Janisková,M.,andM.D.Fielding(2020),Direct4D-Varassimilationofspace-borne
cloudradarandlidarobservations.PartII:Impactonanalysisandsubsequentforecast,
QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3900–3916,doi:10.1002/
qj.3879.14

Jensen,N.O.(1983),Anoteonwindgeneratorinteraction,Risø-M-2411RisøNational
LaboratoryRoskilde,pp.1–16,doi:Riso-M-2411.19

Jiménez,P.A.,J.Navarro,A.M.Palomares,andJ.Dudhia(2015),Mesoscalemodeling
ofoffshorewindturbinewakesatthewindfarmresolvingscale:acomposite-based
analysiswiththeWeatherResearchandForecastingmodeloverHornsRev,Wind
Energy,18(3),559–566,doi:10.1002/we.1708.24

Johlas,H.M.,D.P.Schmidt,andM.A.Lackner(2022),Largeeddysimulationsof
curledwakesfromtiltedwindturbines,RenewableEnergy,188,349–360,doi:10.1016/
j.renene.2022.02.018.9

161

F. Vamborg, S. Villaume, and J. N. Thépaut (2020), The ERA5 global reanal-
ysis, Quarterly Journal of the Royal Meteorological Society, 146, 1999–2049, doi:
10.1002/QJ.3803. 23

Högström, U., D. Asimakopoulos, H. Kambezidis, C. Helmis, and A. Smedman (1988),
A field study of the wake behind a 2 MW wind turbine, Atmospheric Environment,
22, 803–820, doi:10.1016/0004-6981(88)90020-0. 20

International Electrotechnical Commission (2005), IEC 61400-1-Ed. 3.0: Wind turbines
– Part 1: Design requirements, Tech. rep., International Electrotechnical Commission
(IEC), Geneva, Switzerland. 19

International Energy Agency (2021), Renewables 2021 – Analysis and forecast to 2026,
Tech. rep., IEA, Paris, France. xiii, 1

Ishihara, T., and G.-W. W. Qian (2018), A new Gaussian-based analytical wake model
for wind turbines considering ambient turbulence intensities and thrust coefficient
effects, Journal of Wind Engineering and Industrial Aerodynamics, 177, 275–292, doi:
10.1016/j.jweia.2018.04.010. 21, 35

Ishihara, T., A. Yamaguchi, and Y. Fujino (2004), Development of a new wake model
based on a wind tunnel experiment, accesed: 22-Nov-2023. 21

Iungo, G. V., and F. Porté-Agel (2013), Measurement procedures for characterization
of wind turbine wakes with scanning Doppler wind lidars, Advances in Science and
Research, 10, 71–75, doi:10.5194/asr-10-71-2013. 13

Ivanell, S., R. Mikkelsen, J. N. Sørensen, and D. Henningson (2010), Stability analysis
of the tip vortices of a wind turbine, Wind Energy, 13, 705–715, doi:10.1002/we.391.
7

Jamieson, P. (2018), Innovation in Wind Turbine Design, John Wiley & Sons, Ltd. 2

Janisková, M., and M. D. Fielding (2020), Direct 4D-Var assimilation of space-borne
cloud radar and lidar observations. Part II: Impact on analysis and subsequent forecast,
Quarterly Journal of the Royal Meteorological Society, 146, 3900–3916, doi:10.1002/
qj.3879. 14

Jensen, N. O. (1983), A note on wind generator interaction, Risø-M-2411 Risø National
Laboratory Roskilde, pp. 1–16, doi:Riso-M-2411. 19

Jiménez, P. A., J. Navarro, A. M. Palomares, and J. Dudhia (2015), Mesoscale modeling
of offshore wind turbine wakes at the wind farm resolving scale: a composite-based
analysis with the Weather Research and Forecasting model over Horns Rev, Wind
Energy, 18 (3), 559–566, doi:10.1002/we.1708. 24

Johlas, H. M., D. P. Schmidt, and M. A. Lackner (2022), Large eddy simulations of
curled wakes from tilted wind turbines, Renewable Energy, 188, 349–360, doi:10.1016/
j.renene.2022.02.018. 9

161

F. Vamborg, S. Villaume, and J. N. Thépaut (2020), The ERA5 global reanal-
ysis, Quarterly Journal of the Royal Meteorological Society, 146, 1999–2049, doi:
10.1002/QJ.3803. 23

Högström, U., D. Asimakopoulos, H. Kambezidis, C. Helmis, and A. Smedman (1988),
A field study of the wake behind a 2 MW wind turbine, Atmospheric Environment,
22, 803–820, doi:10.1016/0004-6981(88)90020-0. 20

International Electrotechnical Commission (2005), IEC 61400-1-Ed. 3.0: Wind turbines
– Part 1: Design requirements, Tech. rep., International Electrotechnical Commission
(IEC), Geneva, Switzerland. 19

International Energy Agency (2021), Renewables 2021 – Analysis and forecast to 2026,
Tech. rep., IEA, Paris, France. xiii, 1

Ishihara, T., and G.-W. W. Qian (2018), A new Gaussian-based analytical wake model
for wind turbines considering ambient turbulence intensities and thrust coefficient
effects, Journal of Wind Engineering and Industrial Aerodynamics, 177, 275–292, doi:
10.1016/j.jweia.2018.04.010. 21, 35

Ishihara, T., A. Yamaguchi, and Y. Fujino (2004), Development of a new wake model
based on a wind tunnel experiment, accesed: 22-Nov-2023. 21

Iungo, G. V., and F. Porté-Agel (2013), Measurement procedures for characterization
of wind turbine wakes with scanning Doppler wind lidars, Advances in Science and
Research, 10, 71–75, doi:10.5194/asr-10-71-2013. 13

Ivanell, S., R. Mikkelsen, J. N. Sørensen, and D. Henningson (2010), Stability analysis
of the tip vortices of a wind turbine, Wind Energy, 13, 705–715, doi:10.1002/we.391.
7

Jamieson, P. (2018), Innovation in Wind Turbine Design, John Wiley & Sons, Ltd. 2

Janisková, M., and M. D. Fielding (2020), Direct 4D-Var assimilation of space-borne
cloud radar and lidar observations. Part II: Impact on analysis and subsequent forecast,
Quarterly Journal of the Royal Meteorological Society, 146, 3900–3916, doi:10.1002/
qj.3879. 14

Jensen, N. O. (1983), A note on wind generator interaction, Risø-M-2411 Risø National
Laboratory Roskilde, pp. 1–16, doi:Riso-M-2411. 19

Jiménez, P. A., J. Navarro, A. M. Palomares, and J. Dudhia (2015), Mesoscale modeling
of offshore wind turbine wakes at the wind farm resolving scale: a composite-based
analysis with the Weather Research and Forecasting model over Horns Rev, Wind
Energy, 18 (3), 559–566, doi:10.1002/we.1708. 24

Johlas, H. M., D. P. Schmidt, and M. A. Lackner (2022), Large eddy simulations of
curled wakes from tilted wind turbines, Renewable Energy, 188, 349–360, doi:10.1016/
j.renene.2022.02.018. 9

161

F.Vamborg,S.Villaume,andJ.N.Thépaut(2020),TheERA5globalreanal-
ysis,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,1999–2049,doi:
10.1002/QJ.3803.23

Högström,U.,D.Asimakopoulos,H.Kambezidis,C.Helmis,andA.Smedman(1988),
Afieldstudyofthewakebehinda2MWwindturbine,AtmosphericEnvironment,
22,803–820,doi:10.1016/0004-6981(88)90020-0.20

InternationalElectrotechnicalCommission(2005),IEC61400-1-Ed.3.0:Windturbines
–Part1:Designrequirements,Tech.rep.,InternationalElectrotechnicalCommission
(IEC),Geneva,Switzerland.19

InternationalEnergyAgency(2021),Renewables2021–Analysisandforecastto2026,
Tech.rep.,IEA,Paris,France.xiii,1

Ishihara,T.,andG.-W.W.Qian(2018),AnewGaussian-basedanalyticalwakemodel
forwindturbinesconsideringambientturbulenceintensitiesandthrustcoefficient
effects,JournalofWindEngineeringandIndustrialAerodynamics,177,275–292,doi:
10.1016/j.jweia.2018.04.010.21,35

Ishihara,T.,A.Yamaguchi,andY.Fujino(2004),Developmentofanewwakemodel
basedonawindtunnelexperiment,accesed:22-Nov-2023.21

Iungo,G.V.,andF.Porté-Agel(2013),Measurementproceduresforcharacterization
ofwindturbinewakeswithscanningDopplerwindlidars,AdvancesinScienceand
Research,10,71–75,doi:10.5194/asr-10-71-2013.13

Ivanell,S.,R.Mikkelsen,J.N.Sørensen,andD.Henningson(2010),Stabilityanalysis
ofthetipvorticesofawindturbine,WindEnergy,13,705–715,doi:10.1002/we.391.
7

Jamieson,P.(2018),InnovationinWindTurbineDesign,JohnWiley&Sons,Ltd.2

Janisková,M.,andM.D.Fielding(2020),Direct4D-Varassimilationofspace-borne
cloudradarandlidarobservations.PartII:Impactonanalysisandsubsequentforecast,
QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3900–3916,doi:10.1002/
qj.3879.14

Jensen,N.O.(1983),Anoteonwindgeneratorinteraction,Risø-M-2411RisøNational
LaboratoryRoskilde,pp.1–16,doi:Riso-M-2411.19

Jiménez,P.A.,J.Navarro,A.M.Palomares,andJ.Dudhia(2015),Mesoscalemodeling
ofoffshorewindturbinewakesatthewindfarmresolvingscale:acomposite-based
analysiswiththeWeatherResearchandForecastingmodeloverHornsRev,Wind
Energy,18(3),559–566,doi:10.1002/we.1708.24

Johlas,H.M.,D.P.Schmidt,andM.A.Lackner(2022),Largeeddysimulationsof
curledwakesfromtiltedwindturbines,RenewableEnergy,188,349–360,doi:10.1016/
j.renene.2022.02.018.9

161

F.Vamborg,S.Villaume,andJ.N.Thépaut(2020),TheERA5globalreanal-
ysis,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,1999–2049,doi:
10.1002/QJ.3803.23

Högström,U.,D.Asimakopoulos,H.Kambezidis,C.Helmis,andA.Smedman(1988),
Afieldstudyofthewakebehinda2MWwindturbine,AtmosphericEnvironment,
22,803–820,doi:10.1016/0004-6981(88)90020-0.20

InternationalElectrotechnicalCommission(2005),IEC61400-1-Ed.3.0:Windturbines
–Part1:Designrequirements,Tech.rep.,InternationalElectrotechnicalCommission
(IEC),Geneva,Switzerland.19

InternationalEnergyAgency(2021),Renewables2021–Analysisandforecastto2026,
Tech.rep.,IEA,Paris,France.xiii,1

Ishihara,T.,andG.-W.W.Qian(2018),AnewGaussian-basedanalyticalwakemodel
forwindturbinesconsideringambientturbulenceintensitiesandthrustcoefficient
effects,JournalofWindEngineeringandIndustrialAerodynamics,177,275–292,doi:
10.1016/j.jweia.2018.04.010.21,35

Ishihara,T.,A.Yamaguchi,andY.Fujino(2004),Developmentofanewwakemodel
basedonawindtunnelexperiment,accesed:22-Nov-2023.21

Iungo,G.V.,andF.Porté-Agel(2013),Measurementproceduresforcharacterization
ofwindturbinewakeswithscanningDopplerwindlidars,AdvancesinScienceand
Research,10,71–75,doi:10.5194/asr-10-71-2013.13

Ivanell,S.,R.Mikkelsen,J.N.Sørensen,andD.Henningson(2010),Stabilityanalysis
ofthetipvorticesofawindturbine,WindEnergy,13,705–715,doi:10.1002/we.391.
7

Jamieson,P.(2018),InnovationinWindTurbineDesign,JohnWiley&Sons,Ltd.2

Janisková,M.,andM.D.Fielding(2020),Direct4D-Varassimilationofspace-borne
cloudradarandlidarobservations.PartII:Impactonanalysisandsubsequentforecast,
QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3900–3916,doi:10.1002/
qj.3879.14

Jensen,N.O.(1983),Anoteonwindgeneratorinteraction,Risø-M-2411RisøNational
LaboratoryRoskilde,pp.1–16,doi:Riso-M-2411.19

Jiménez,P.A.,J.Navarro,A.M.Palomares,andJ.Dudhia(2015),Mesoscalemodeling
ofoffshorewindturbinewakesatthewindfarmresolvingscale:acomposite-based
analysiswiththeWeatherResearchandForecastingmodeloverHornsRev,Wind
Energy,18(3),559–566,doi:10.1002/we.1708.24

Johlas,H.M.,D.P.Schmidt,andM.A.Lackner(2022),Largeeddysimulationsof
curledwakesfromtiltedwindturbines,RenewableEnergy,188,349–360,doi:10.1016/
j.renene.2022.02.018.9

161

F.Vamborg,S.Villaume,andJ.N.Thépaut(2020),TheERA5globalreanal-
ysis,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,1999–2049,doi:
10.1002/QJ.3803.23

Högström,U.,D.Asimakopoulos,H.Kambezidis,C.Helmis,andA.Smedman(1988),
Afieldstudyofthewakebehinda2MWwindturbine,AtmosphericEnvironment,
22,803–820,doi:10.1016/0004-6981(88)90020-0.20

InternationalElectrotechnicalCommission(2005),IEC61400-1-Ed.3.0:Windturbines
–Part1:Designrequirements,Tech.rep.,InternationalElectrotechnicalCommission
(IEC),Geneva,Switzerland.19

InternationalEnergyAgency(2021),Renewables2021–Analysisandforecastto2026,
Tech.rep.,IEA,Paris,France.xiii,1

Ishihara,T.,andG.-W.W.Qian(2018),AnewGaussian-basedanalyticalwakemodel
forwindturbinesconsideringambientturbulenceintensitiesandthrustcoefficient
effects,JournalofWindEngineeringandIndustrialAerodynamics,177,275–292,doi:
10.1016/j.jweia.2018.04.010.21,35

Ishihara,T.,A.Yamaguchi,andY.Fujino(2004),Developmentofanewwakemodel
basedonawindtunnelexperiment,accesed:22-Nov-2023.21

Iungo,G.V.,andF.Porté-Agel(2013),Measurementproceduresforcharacterization
ofwindturbinewakeswithscanningDopplerwindlidars,AdvancesinScienceand
Research,10,71–75,doi:10.5194/asr-10-71-2013.13

Ivanell,S.,R.Mikkelsen,J.N.Sørensen,andD.Henningson(2010),Stabilityanalysis
ofthetipvorticesofawindturbine,WindEnergy,13,705–715,doi:10.1002/we.391.
7

Jamieson,P.(2018),InnovationinWindTurbineDesign,JohnWiley&Sons,Ltd.2

Janisková,M.,andM.D.Fielding(2020),Direct4D-Varassimilationofspace-borne
cloudradarandlidarobservations.PartII:Impactonanalysisandsubsequentforecast,
QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3900–3916,doi:10.1002/
qj.3879.14

Jensen,N.O.(1983),Anoteonwindgeneratorinteraction,Risø-M-2411RisøNational
LaboratoryRoskilde,pp.1–16,doi:Riso-M-2411.19

Jiménez,P.A.,J.Navarro,A.M.Palomares,andJ.Dudhia(2015),Mesoscalemodeling
ofoffshorewindturbinewakesatthewindfarmresolvingscale:acomposite-based
analysiswiththeWeatherResearchandForecastingmodeloverHornsRev,Wind
Energy,18(3),559–566,doi:10.1002/we.1708.24

Johlas,H.M.,D.P.Schmidt,andM.A.Lackner(2022),Largeeddysimulationsof
curledwakesfromtiltedwindturbines,RenewableEnergy,188,349–360,doi:10.1016/
j.renene.2022.02.018.9

161

F.Vamborg,S.Villaume,andJ.N.Thépaut(2020),TheERA5globalreanal-
ysis,QuarterlyJournaloftheRoyalMeteorologicalSociety,146,1999–2049,doi:
10.1002/QJ.3803.23

Högström,U.,D.Asimakopoulos,H.Kambezidis,C.Helmis,andA.Smedman(1988),
Afieldstudyofthewakebehinda2MWwindturbine,AtmosphericEnvironment,
22,803–820,doi:10.1016/0004-6981(88)90020-0.20

InternationalElectrotechnicalCommission(2005),IEC61400-1-Ed.3.0:Windturbines
–Part1:Designrequirements,Tech.rep.,InternationalElectrotechnicalCommission
(IEC),Geneva,Switzerland.19

InternationalEnergyAgency(2021),Renewables2021–Analysisandforecastto2026,
Tech.rep.,IEA,Paris,France.xiii,1

Ishihara,T.,andG.-W.W.Qian(2018),AnewGaussian-basedanalyticalwakemodel
forwindturbinesconsideringambientturbulenceintensitiesandthrustcoefficient
effects,JournalofWindEngineeringandIndustrialAerodynamics,177,275–292,doi:
10.1016/j.jweia.2018.04.010.21,35

Ishihara,T.,A.Yamaguchi,andY.Fujino(2004),Developmentofanewwakemodel
basedonawindtunnelexperiment,accesed:22-Nov-2023.21

Iungo,G.V.,andF.Porté-Agel(2013),Measurementproceduresforcharacterization
ofwindturbinewakeswithscanningDopplerwindlidars,AdvancesinScienceand
Research,10,71–75,doi:10.5194/asr-10-71-2013.13

Ivanell,S.,R.Mikkelsen,J.N.Sørensen,andD.Henningson(2010),Stabilityanalysis
ofthetipvorticesofawindturbine,WindEnergy,13,705–715,doi:10.1002/we.391.
7

Jamieson,P.(2018),InnovationinWindTurbineDesign,JohnWiley&Sons,Ltd.2

Janisková,M.,andM.D.Fielding(2020),Direct4D-Varassimilationofspace-borne
cloudradarandlidarobservations.PartII:Impactonanalysisandsubsequentforecast,
QuarterlyJournaloftheRoyalMeteorologicalSociety,146,3900–3916,doi:10.1002/
qj.3879.14

Jensen,N.O.(1983),Anoteonwindgeneratorinteraction,Risø-M-2411RisøNational
LaboratoryRoskilde,pp.1–16,doi:Riso-M-2411.19

Jiménez,P.A.,J.Navarro,A.M.Palomares,andJ.Dudhia(2015),Mesoscalemodeling
ofoffshorewindturbinewakesatthewindfarmresolvingscale:acomposite-based
analysiswiththeWeatherResearchandForecastingmodeloverHornsRev,Wind
Energy,18(3),559–566,doi:10.1002/we.1708.24

Johlas,H.M.,D.P.Schmidt,andM.A.Lackner(2022),Largeeddysimulationsof
curledwakesfromtiltedwindturbines,RenewableEnergy,188,349–360,doi:10.1016/
j.renene.2022.02.018.9



162 Bibliography

Johnson, H. K., J. Højstrup, H. J. Vested, and S. E. Larsen (1998), On the dependence
of sea surface roughness on wind waves, Journal of Physical Oceanography, 28, 1702–
1716, doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2. 1

Jonkman, J., S. Butterfield, W. Musial, and G. Scott (2009), Definition of a 5-MW
reference wind turbine for offshore system development, doi:10.2172/947422. 30, 33

Keane, A. (2021), Advancement of an analytical double-gaussian full wind turbine wake
model, Renewable Energy, 171, 687–708, doi:10.1016/j.renene.2021.02.078. 22

Keane, A., P. E. O. Aguirre, H. Ferchland, P. Clive, and D. Gallacher (2016), An an-
alytical model for a full wind turbine wake, Journal of Physics: Conference Series,
753 (3), 032,039, doi:10.1088/1742-6596/753/3/032039. 21, 22

Kettle, A. J. (2014), Unexpected vertical wind speed profiles in the boundary layer over
the southern North Sea, Journal of Wind Engineering and Industrial Aerodynamics,
134, 149–162, doi:10.1016/j.jweia.2014.07.012. 1, 11

Khan, M., Y. Odemark, and J. H. M. Fransson (2017), Effects of inflow conditions on
wind turbine performance and near wake structure, Open Journal of Fluid Dynamics,
07, 105–129, doi:10.4236/ojfd.2017.71008. 7

Krishnamurthy, R., J. Reuder, B. Svardal, H. J. Fernando, and J. B. Jakobsen (2017),
Offshore wind turbine wake characteristics using scanning Doppler lidar, Energy Pro-
cedia, 137, 428–442, doi:10.1016/j.egypro.2017.10.367. 13, 15

Kumer, V.-M., J. Reuder, B. Svardal, C. Sætre, and P. Eecen (2015), Characterisation
of single wind turbine wakes with static and scanning wintwex-w lidar data, Energy
Procedia, 80, 245–254, doi:10.1016/j.egypro.2015.11.428. 13, 15

Larsen, G. (1988), A simple wake calculation procedure, Risø-M, No. 2760, 58. 20

Larsen, G. C. (2009), A simple stationary semi-analytical wake model, Tech. rep., Risø
National Laboratory for Sustainable Energy, Technical University of Denmark. Den-
mark. 20

Larsen, G. C., H. A. Madsen, F. Bingöl, J. Mann, S. Ott, J. N. Sørensen, V. Okulov,
N. Troldborg, M. Nielsen, K. Thomsen, T. J. Larsen, and R. Mikkelsen (2007), Dy-
namic Wake Meandering Modeling, June, 84 pp., Risø National Laboratory. 9

Larsen, G. C., H. A. Madsen, K. Thomsen, and T. J. Larsen (2008), Wake meandering:
a pragmatic approach, Wind Energy, 11, 377–395, doi:10.1002/we.267. 2, 9

Lignarolo, L., D. Ragni, C. Krishnaswami, Q. Chen, C. S. Ferreira, and G. van Bussel
(2014), Experimental analysis of the wake of a horizontal-axis wind-turbine model,
Renewable Energy, 70, 31–46, doi:10.1016/j.renene.2014.01.020. 7

Lilly, D. K. (1962), On the numerical simulation of buoyant convection, Tellus, 14, 148–
172, doi:10.1111/j.2153-3490.1962.tb00128.x. 23

Lilly, D. K. (1966), On the application of the eddy viscosity concept in the inertial
sub-range of turbulence, doi:10.5065/D67H1GGQ. 23

162Bibliography

Johnson,H.K.,J.Højstrup,H.J.Vested,andS.E.Larsen(1998),Onthedependence
ofseasurfaceroughnessonwindwaves,JournalofPhysicalOceanography,28,1702–
1716,doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2.1

Jonkman,J.,S.Butterfield,W.Musial,andG.Scott(2009),Definitionofa5-MW
referencewindturbineforoffshoresystemdevelopment,doi:10.2172/947422.30,33

Keane,A.(2021),Advancementofananalyticaldouble-gaussianfullwindturbinewake
model,RenewableEnergy,171,687–708,doi:10.1016/j.renene.2021.02.078.22

Keane,A.,P.E.O.Aguirre,H.Ferchland,P.Clive,andD.Gallacher(2016),Anan-
alyticalmodelforafullwindturbinewake,JournalofPhysics:ConferenceSeries,
753(3),032,039,doi:10.1088/1742-6596/753/3/032039.21,22

Kettle,A.J.(2014),Unexpectedverticalwindspeedprofilesintheboundarylayerover
thesouthernNorthSea,JournalofWindEngineeringandIndustrialAerodynamics,
134,149–162,doi:10.1016/j.jweia.2014.07.012.1,11

Khan,M.,Y.Odemark,andJ.H.M.Fransson(2017),Effectsofinflowconditionson
windturbineperformanceandnearwakestructure,OpenJournalofFluidDynamics,
07,105–129,doi:10.4236/ojfd.2017.71008.7

Krishnamurthy,R.,J.Reuder,B.Svardal,H.J.Fernando,andJ.B.Jakobsen(2017),
OffshorewindturbinewakecharacteristicsusingscanningDopplerlidar,EnergyPro-
cedia,137,428–442,doi:10.1016/j.egypro.2017.10.367.13,15

Kumer,V.-M.,J.Reuder,B.Svardal,C.Sætre,andP.Eecen(2015),Characterisation
ofsinglewindturbinewakeswithstaticandscanningwintwex-wlidardata,Energy
Procedia,80,245–254,doi:10.1016/j.egypro.2015.11.428.13,15

Larsen,G.(1988),Asimplewakecalculationprocedure,Risø-M,No.2760,58.20

Larsen,G.C.(2009),Asimplestationarysemi-analyticalwakemodel,Tech.rep.,Risø
NationalLaboratoryforSustainableEnergy,TechnicalUniversityofDenmark.Den-
mark.20

Larsen,G.C.,H.A.Madsen,F.Bingöl,J.Mann,S.Ott,J.N.Sørensen,V.Okulov,
N.Troldborg,M.Nielsen,K.Thomsen,T.J.Larsen,andR.Mikkelsen(2007),Dy-
namicWakeMeanderingModeling,June,84pp.,RisøNationalLaboratory.9

Larsen,G.C.,H.A.Madsen,K.Thomsen,andT.J.Larsen(2008),Wakemeandering:
apragmaticapproach,WindEnergy,11,377–395,doi:10.1002/we.267.2,9

Lignarolo,L.,D.Ragni,C.Krishnaswami,Q.Chen,C.S.Ferreira,andG.vanBussel
(2014),Experimentalanalysisofthewakeofahorizontal-axiswind-turbinemodel,
RenewableEnergy,70,31–46,doi:10.1016/j.renene.2014.01.020.7

Lilly,D.K.(1962),Onthenumericalsimulationofbuoyantconvection,Tellus,14,148–
172,doi:10.1111/j.2153-3490.1962.tb00128.x.23

Lilly,D.K.(1966),Ontheapplicationoftheeddyviscosityconceptintheinertial
sub-rangeofturbulence,doi:10.5065/D67H1GGQ.23

162Bibliography

Johnson,H.K.,J.Højstrup,H.J.Vested,andS.E.Larsen(1998),Onthedependence
ofseasurfaceroughnessonwindwaves,JournalofPhysicalOceanography,28,1702–
1716,doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2.1

Jonkman,J.,S.Butterfield,W.Musial,andG.Scott(2009),Definitionofa5-MW
referencewindturbineforoffshoresystemdevelopment,doi:10.2172/947422.30,33

Keane,A.(2021),Advancementofananalyticaldouble-gaussianfullwindturbinewake
model,RenewableEnergy,171,687–708,doi:10.1016/j.renene.2021.02.078.22

Keane,A.,P.E.O.Aguirre,H.Ferchland,P.Clive,andD.Gallacher(2016),Anan-
alyticalmodelforafullwindturbinewake,JournalofPhysics:ConferenceSeries,
753(3),032,039,doi:10.1088/1742-6596/753/3/032039.21,22

Kettle,A.J.(2014),Unexpectedverticalwindspeedprofilesintheboundarylayerover
thesouthernNorthSea,JournalofWindEngineeringandIndustrialAerodynamics,
134,149–162,doi:10.1016/j.jweia.2014.07.012.1,11

Khan,M.,Y.Odemark,andJ.H.M.Fransson(2017),Effectsofinflowconditionson
windturbineperformanceandnearwakestructure,OpenJournalofFluidDynamics,
07,105–129,doi:10.4236/ojfd.2017.71008.7

Krishnamurthy,R.,J.Reuder,B.Svardal,H.J.Fernando,andJ.B.Jakobsen(2017),
OffshorewindturbinewakecharacteristicsusingscanningDopplerlidar,EnergyPro-
cedia,137,428–442,doi:10.1016/j.egypro.2017.10.367.13,15

Kumer,V.-M.,J.Reuder,B.Svardal,C.Sætre,andP.Eecen(2015),Characterisation
ofsinglewindturbinewakeswithstaticandscanningwintwex-wlidardata,Energy
Procedia,80,245–254,doi:10.1016/j.egypro.2015.11.428.13,15

Larsen,G.(1988),Asimplewakecalculationprocedure,Risø-M,No.2760,58.20

Larsen,G.C.(2009),Asimplestationarysemi-analyticalwakemodel,Tech.rep.,Risø
NationalLaboratoryforSustainableEnergy,TechnicalUniversityofDenmark.Den-
mark.20

Larsen,G.C.,H.A.Madsen,F.Bingöl,J.Mann,S.Ott,J.N.Sørensen,V.Okulov,
N.Troldborg,M.Nielsen,K.Thomsen,T.J.Larsen,andR.Mikkelsen(2007),Dy-
namicWakeMeanderingModeling,June,84pp.,RisøNationalLaboratory.9

Larsen,G.C.,H.A.Madsen,K.Thomsen,andT.J.Larsen(2008),Wakemeandering:
apragmaticapproach,WindEnergy,11,377–395,doi:10.1002/we.267.2,9

Lignarolo,L.,D.Ragni,C.Krishnaswami,Q.Chen,C.S.Ferreira,andG.vanBussel
(2014),Experimentalanalysisofthewakeofahorizontal-axiswind-turbinemodel,
RenewableEnergy,70,31–46,doi:10.1016/j.renene.2014.01.020.7

Lilly,D.K.(1962),Onthenumericalsimulationofbuoyantconvection,Tellus,14,148–
172,doi:10.1111/j.2153-3490.1962.tb00128.x.23

Lilly,D.K.(1966),Ontheapplicationoftheeddyviscosityconceptintheinertial
sub-rangeofturbulence,doi:10.5065/D67H1GGQ.23

162 Bibliography

Johnson, H. K., J. Højstrup, H. J. Vested, and S. E. Larsen (1998), On the dependence
of sea surface roughness on wind waves, Journal of Physical Oceanography, 28, 1702–
1716, doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2. 1

Jonkman, J., S. Butterfield, W. Musial, and G. Scott (2009), Definition of a 5-MW
reference wind turbine for offshore system development, doi:10.2172/947422. 30, 33

Keane, A. (2021), Advancement of an analytical double-gaussian full wind turbine wake
model, Renewable Energy, 171, 687–708, doi:10.1016/j.renene.2021.02.078. 22

Keane, A., P. E. O. Aguirre, H. Ferchland, P. Clive, and D. Gallacher (2016), An an-
alytical model for a full wind turbine wake, Journal of Physics: Conference Series,
753 (3), 032,039, doi:10.1088/1742-6596/753/3/032039. 21, 22

Kettle, A. J. (2014), Unexpected vertical wind speed profiles in the boundary layer over
the southern North Sea, Journal of Wind Engineering and Industrial Aerodynamics,
134, 149–162, doi:10.1016/j.jweia.2014.07.012. 1, 11

Khan, M., Y. Odemark, and J. H. M. Fransson (2017), Effects of inflow conditions on
wind turbine performance and near wake structure, Open Journal of Fluid Dynamics,
07, 105–129, doi:10.4236/ojfd.2017.71008. 7

Krishnamurthy, R., J. Reuder, B. Svardal, H. J. Fernando, and J. B. Jakobsen (2017),
Offshore wind turbine wake characteristics using scanning Doppler lidar, Energy Pro-
cedia, 137, 428–442, doi:10.1016/j.egypro.2017.10.367. 13, 15

Kumer, V.-M., J. Reuder, B. Svardal, C. Sætre, and P. Eecen (2015), Characterisation
of single wind turbine wakes with static and scanning wintwex-w lidar data, Energy
Procedia, 80, 245–254, doi:10.1016/j.egypro.2015.11.428. 13, 15

Larsen, G. (1988), A simple wake calculation procedure, Risø-M, No. 2760, 58. 20

Larsen, G. C. (2009), A simple stationary semi-analytical wake model, Tech. rep., Risø
National Laboratory for Sustainable Energy, Technical University of Denmark. Den-
mark. 20

Larsen, G. C., H. A. Madsen, F. Bingöl, J. Mann, S. Ott, J. N. Sørensen, V. Okulov,
N. Troldborg, M. Nielsen, K. Thomsen, T. J. Larsen, and R. Mikkelsen (2007), Dy-
namic Wake Meandering Modeling, June, 84 pp., Risø National Laboratory. 9

Larsen, G. C., H. A. Madsen, K. Thomsen, and T. J. Larsen (2008), Wake meandering:
a pragmatic approach, Wind Energy, 11, 377–395, doi:10.1002/we.267. 2, 9

Lignarolo, L., D. Ragni, C. Krishnaswami, Q. Chen, C. S. Ferreira, and G. van Bussel
(2014), Experimental analysis of the wake of a horizontal-axis wind-turbine model,
Renewable Energy, 70, 31–46, doi:10.1016/j.renene.2014.01.020. 7

Lilly, D. K. (1962), On the numerical simulation of buoyant convection, Tellus, 14, 148–
172, doi:10.1111/j.2153-3490.1962.tb00128.x. 23

Lilly, D. K. (1966), On the application of the eddy viscosity concept in the inertial
sub-range of turbulence, doi:10.5065/D67H1GGQ. 23

162 Bibliography

Johnson, H. K., J. Højstrup, H. J. Vested, and S. E. Larsen (1998), On the dependence
of sea surface roughness on wind waves, Journal of Physical Oceanography, 28, 1702–
1716, doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2. 1

Jonkman, J., S. Butterfield, W. Musial, and G. Scott (2009), Definition of a 5-MW
reference wind turbine for offshore system development, doi:10.2172/947422. 30, 33

Keane, A. (2021), Advancement of an analytical double-gaussian full wind turbine wake
model, Renewable Energy, 171, 687–708, doi:10.1016/j.renene.2021.02.078. 22

Keane, A., P. E. O. Aguirre, H. Ferchland, P. Clive, and D. Gallacher (2016), An an-
alytical model for a full wind turbine wake, Journal of Physics: Conference Series,
753 (3), 032,039, doi:10.1088/1742-6596/753/3/032039. 21, 22

Kettle, A. J. (2014), Unexpected vertical wind speed profiles in the boundary layer over
the southern North Sea, Journal of Wind Engineering and Industrial Aerodynamics,
134, 149–162, doi:10.1016/j.jweia.2014.07.012. 1, 11

Khan, M., Y. Odemark, and J. H. M. Fransson (2017), Effects of inflow conditions on
wind turbine performance and near wake structure, Open Journal of Fluid Dynamics,
07, 105–129, doi:10.4236/ojfd.2017.71008. 7

Krishnamurthy, R., J. Reuder, B. Svardal, H. J. Fernando, and J. B. Jakobsen (2017),
Offshore wind turbine wake characteristics using scanning Doppler lidar, Energy Pro-
cedia, 137, 428–442, doi:10.1016/j.egypro.2017.10.367. 13, 15

Kumer, V.-M., J. Reuder, B. Svardal, C. Sætre, and P. Eecen (2015), Characterisation
of single wind turbine wakes with static and scanning wintwex-w lidar data, Energy
Procedia, 80, 245–254, doi:10.1016/j.egypro.2015.11.428. 13, 15

Larsen, G. (1988), A simple wake calculation procedure, Risø-M, No. 2760, 58. 20

Larsen, G. C. (2009), A simple stationary semi-analytical wake model, Tech. rep., Risø
National Laboratory for Sustainable Energy, Technical University of Denmark. Den-
mark. 20

Larsen, G. C., H. A. Madsen, F. Bingöl, J. Mann, S. Ott, J. N. Sørensen, V. Okulov,
N. Troldborg, M. Nielsen, K. Thomsen, T. J. Larsen, and R. Mikkelsen (2007), Dy-
namic Wake Meandering Modeling, June, 84 pp., Risø National Laboratory. 9

Larsen, G. C., H. A. Madsen, K. Thomsen, and T. J. Larsen (2008), Wake meandering:
a pragmatic approach, Wind Energy, 11, 377–395, doi:10.1002/we.267. 2, 9

Lignarolo, L., D. Ragni, C. Krishnaswami, Q. Chen, C. S. Ferreira, and G. van Bussel
(2014), Experimental analysis of the wake of a horizontal-axis wind-turbine model,
Renewable Energy, 70, 31–46, doi:10.1016/j.renene.2014.01.020. 7

Lilly, D. K. (1962), On the numerical simulation of buoyant convection, Tellus, 14, 148–
172, doi:10.1111/j.2153-3490.1962.tb00128.x. 23

Lilly, D. K. (1966), On the application of the eddy viscosity concept in the inertial
sub-range of turbulence, doi:10.5065/D67H1GGQ. 23

162Bibliography

Johnson,H.K.,J.Højstrup,H.J.Vested,andS.E.Larsen(1998),Onthedependence
ofseasurfaceroughnessonwindwaves,JournalofPhysicalOceanography,28,1702–
1716,doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2.1

Jonkman,J.,S.Butterfield,W.Musial,andG.Scott(2009),Definitionofa5-MW
referencewindturbineforoffshoresystemdevelopment,doi:10.2172/947422.30,33

Keane,A.(2021),Advancementofananalyticaldouble-gaussianfullwindturbinewake
model,RenewableEnergy,171,687–708,doi:10.1016/j.renene.2021.02.078.22

Keane,A.,P.E.O.Aguirre,H.Ferchland,P.Clive,andD.Gallacher(2016),Anan-
alyticalmodelforafullwindturbinewake,JournalofPhysics:ConferenceSeries,
753(3),032,039,doi:10.1088/1742-6596/753/3/032039.21,22

Kettle,A.J.(2014),Unexpectedverticalwindspeedprofilesintheboundarylayerover
thesouthernNorthSea,JournalofWindEngineeringandIndustrialAerodynamics,
134,149–162,doi:10.1016/j.jweia.2014.07.012.1,11

Khan,M.,Y.Odemark,andJ.H.M.Fransson(2017),Effectsofinflowconditionson
windturbineperformanceandnearwakestructure,OpenJournalofFluidDynamics,
07,105–129,doi:10.4236/ojfd.2017.71008.7

Krishnamurthy,R.,J.Reuder,B.Svardal,H.J.Fernando,andJ.B.Jakobsen(2017),
OffshorewindturbinewakecharacteristicsusingscanningDopplerlidar,EnergyPro-
cedia,137,428–442,doi:10.1016/j.egypro.2017.10.367.13,15

Kumer,V.-M.,J.Reuder,B.Svardal,C.Sætre,andP.Eecen(2015),Characterisation
ofsinglewindturbinewakeswithstaticandscanningwintwex-wlidardata,Energy
Procedia,80,245–254,doi:10.1016/j.egypro.2015.11.428.13,15

Larsen,G.(1988),Asimplewakecalculationprocedure,Risø-M,No.2760,58.20

Larsen,G.C.(2009),Asimplestationarysemi-analyticalwakemodel,Tech.rep.,Risø
NationalLaboratoryforSustainableEnergy,TechnicalUniversityofDenmark.Den-
mark.20

Larsen,G.C.,H.A.Madsen,F.Bingöl,J.Mann,S.Ott,J.N.Sørensen,V.Okulov,
N.Troldborg,M.Nielsen,K.Thomsen,T.J.Larsen,andR.Mikkelsen(2007),Dy-
namicWakeMeanderingModeling,June,84pp.,RisøNationalLaboratory.9

Larsen,G.C.,H.A.Madsen,K.Thomsen,andT.J.Larsen(2008),Wakemeandering:
apragmaticapproach,WindEnergy,11,377–395,doi:10.1002/we.267.2,9

Lignarolo,L.,D.Ragni,C.Krishnaswami,Q.Chen,C.S.Ferreira,andG.vanBussel
(2014),Experimentalanalysisofthewakeofahorizontal-axiswind-turbinemodel,
RenewableEnergy,70,31–46,doi:10.1016/j.renene.2014.01.020.7

Lilly,D.K.(1962),Onthenumericalsimulationofbuoyantconvection,Tellus,14,148–
172,doi:10.1111/j.2153-3490.1962.tb00128.x.23

Lilly,D.K.(1966),Ontheapplicationoftheeddyviscosityconceptintheinertial
sub-rangeofturbulence,doi:10.5065/D67H1GGQ.23

162Bibliography

Johnson,H.K.,J.Højstrup,H.J.Vested,andS.E.Larsen(1998),Onthedependence
ofseasurfaceroughnessonwindwaves,JournalofPhysicalOceanography,28,1702–
1716,doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2.1

Jonkman,J.,S.Butterfield,W.Musial,andG.Scott(2009),Definitionofa5-MW
referencewindturbineforoffshoresystemdevelopment,doi:10.2172/947422.30,33

Keane,A.(2021),Advancementofananalyticaldouble-gaussianfullwindturbinewake
model,RenewableEnergy,171,687–708,doi:10.1016/j.renene.2021.02.078.22

Keane,A.,P.E.O.Aguirre,H.Ferchland,P.Clive,andD.Gallacher(2016),Anan-
alyticalmodelforafullwindturbinewake,JournalofPhysics:ConferenceSeries,
753(3),032,039,doi:10.1088/1742-6596/753/3/032039.21,22

Kettle,A.J.(2014),Unexpectedverticalwindspeedprofilesintheboundarylayerover
thesouthernNorthSea,JournalofWindEngineeringandIndustrialAerodynamics,
134,149–162,doi:10.1016/j.jweia.2014.07.012.1,11

Khan,M.,Y.Odemark,andJ.H.M.Fransson(2017),Effectsofinflowconditionson
windturbineperformanceandnearwakestructure,OpenJournalofFluidDynamics,
07,105–129,doi:10.4236/ojfd.2017.71008.7

Krishnamurthy,R.,J.Reuder,B.Svardal,H.J.Fernando,andJ.B.Jakobsen(2017),
OffshorewindturbinewakecharacteristicsusingscanningDopplerlidar,EnergyPro-
cedia,137,428–442,doi:10.1016/j.egypro.2017.10.367.13,15

Kumer,V.-M.,J.Reuder,B.Svardal,C.Sætre,andP.Eecen(2015),Characterisation
ofsinglewindturbinewakeswithstaticandscanningwintwex-wlidardata,Energy
Procedia,80,245–254,doi:10.1016/j.egypro.2015.11.428.13,15

Larsen,G.(1988),Asimplewakecalculationprocedure,Risø-M,No.2760,58.20

Larsen,G.C.(2009),Asimplestationarysemi-analyticalwakemodel,Tech.rep.,Risø
NationalLaboratoryforSustainableEnergy,TechnicalUniversityofDenmark.Den-
mark.20

Larsen,G.C.,H.A.Madsen,F.Bingöl,J.Mann,S.Ott,J.N.Sørensen,V.Okulov,
N.Troldborg,M.Nielsen,K.Thomsen,T.J.Larsen,andR.Mikkelsen(2007),Dy-
namicWakeMeanderingModeling,June,84pp.,RisøNationalLaboratory.9

Larsen,G.C.,H.A.Madsen,K.Thomsen,andT.J.Larsen(2008),Wakemeandering:
apragmaticapproach,WindEnergy,11,377–395,doi:10.1002/we.267.2,9

Lignarolo,L.,D.Ragni,C.Krishnaswami,Q.Chen,C.S.Ferreira,andG.vanBussel
(2014),Experimentalanalysisofthewakeofahorizontal-axiswind-turbinemodel,
RenewableEnergy,70,31–46,doi:10.1016/j.renene.2014.01.020.7

Lilly,D.K.(1962),Onthenumericalsimulationofbuoyantconvection,Tellus,14,148–
172,doi:10.1111/j.2153-3490.1962.tb00128.x.23

Lilly,D.K.(1966),Ontheapplicationoftheeddyviscosityconceptintheinertial
sub-rangeofturbulence,doi:10.5065/D67H1GGQ.23

162Bibliography

Johnson,H.K.,J.Højstrup,H.J.Vested,andS.E.Larsen(1998),Onthedependence
ofseasurfaceroughnessonwindwaves,JournalofPhysicalOceanography,28,1702–
1716,doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2.1

Jonkman,J.,S.Butterfield,W.Musial,andG.Scott(2009),Definitionofa5-MW
referencewindturbineforoffshoresystemdevelopment,doi:10.2172/947422.30,33

Keane,A.(2021),Advancementofananalyticaldouble-gaussianfullwindturbinewake
model,RenewableEnergy,171,687–708,doi:10.1016/j.renene.2021.02.078.22

Keane,A.,P.E.O.Aguirre,H.Ferchland,P.Clive,andD.Gallacher(2016),Anan-
alyticalmodelforafullwindturbinewake,JournalofPhysics:ConferenceSeries,
753(3),032,039,doi:10.1088/1742-6596/753/3/032039.21,22

Kettle,A.J.(2014),Unexpectedverticalwindspeedprofilesintheboundarylayerover
thesouthernNorthSea,JournalofWindEngineeringandIndustrialAerodynamics,
134,149–162,doi:10.1016/j.jweia.2014.07.012.1,11

Khan,M.,Y.Odemark,andJ.H.M.Fransson(2017),Effectsofinflowconditionson
windturbineperformanceandnearwakestructure,OpenJournalofFluidDynamics,
07,105–129,doi:10.4236/ojfd.2017.71008.7

Krishnamurthy,R.,J.Reuder,B.Svardal,H.J.Fernando,andJ.B.Jakobsen(2017),
OffshorewindturbinewakecharacteristicsusingscanningDopplerlidar,EnergyPro-
cedia,137,428–442,doi:10.1016/j.egypro.2017.10.367.13,15

Kumer,V.-M.,J.Reuder,B.Svardal,C.Sætre,andP.Eecen(2015),Characterisation
ofsinglewindturbinewakeswithstaticandscanningwintwex-wlidardata,Energy
Procedia,80,245–254,doi:10.1016/j.egypro.2015.11.428.13,15

Larsen,G.(1988),Asimplewakecalculationprocedure,Risø-M,No.2760,58.20

Larsen,G.C.(2009),Asimplestationarysemi-analyticalwakemodel,Tech.rep.,Risø
NationalLaboratoryforSustainableEnergy,TechnicalUniversityofDenmark.Den-
mark.20

Larsen,G.C.,H.A.Madsen,F.Bingöl,J.Mann,S.Ott,J.N.Sørensen,V.Okulov,
N.Troldborg,M.Nielsen,K.Thomsen,T.J.Larsen,andR.Mikkelsen(2007),Dy-
namicWakeMeanderingModeling,June,84pp.,RisøNationalLaboratory.9

Larsen,G.C.,H.A.Madsen,K.Thomsen,andT.J.Larsen(2008),Wakemeandering:
apragmaticapproach,WindEnergy,11,377–395,doi:10.1002/we.267.2,9

Lignarolo,L.,D.Ragni,C.Krishnaswami,Q.Chen,C.S.Ferreira,andG.vanBussel
(2014),Experimentalanalysisofthewakeofahorizontal-axiswind-turbinemodel,
RenewableEnergy,70,31–46,doi:10.1016/j.renene.2014.01.020.7

Lilly,D.K.(1962),Onthenumericalsimulationofbuoyantconvection,Tellus,14,148–
172,doi:10.1111/j.2153-3490.1962.tb00128.x.23

Lilly,D.K.(1966),Ontheapplicationoftheeddyviscosityconceptintheinertial
sub-rangeofturbulence,doi:10.5065/D67H1GGQ.23

162Bibliography

Johnson,H.K.,J.Højstrup,H.J.Vested,andS.E.Larsen(1998),Onthedependence
ofseasurfaceroughnessonwindwaves,JournalofPhysicalOceanography,28,1702–
1716,doi:10.1175/1520-0485(1998)028<1702:OTDOSS>2.0.CO;2.1

Jonkman,J.,S.Butterfield,W.Musial,andG.Scott(2009),Definitionofa5-MW
referencewindturbineforoffshoresystemdevelopment,doi:10.2172/947422.30,33

Keane,A.(2021),Advancementofananalyticaldouble-gaussianfullwindturbinewake
model,RenewableEnergy,171,687–708,doi:10.1016/j.renene.2021.02.078.22

Keane,A.,P.E.O.Aguirre,H.Ferchland,P.Clive,andD.Gallacher(2016),Anan-
alyticalmodelforafullwindturbinewake,JournalofPhysics:ConferenceSeries,
753(3),032,039,doi:10.1088/1742-6596/753/3/032039.21,22

Kettle,A.J.(2014),Unexpectedverticalwindspeedprofilesintheboundarylayerover
thesouthernNorthSea,JournalofWindEngineeringandIndustrialAerodynamics,
134,149–162,doi:10.1016/j.jweia.2014.07.012.1,11

Khan,M.,Y.Odemark,andJ.H.M.Fransson(2017),Effectsofinflowconditionson
windturbineperformanceandnearwakestructure,OpenJournalofFluidDynamics,
07,105–129,doi:10.4236/ojfd.2017.71008.7

Krishnamurthy,R.,J.Reuder,B.Svardal,H.J.Fernando,andJ.B.Jakobsen(2017),
OffshorewindturbinewakecharacteristicsusingscanningDopplerlidar,EnergyPro-
cedia,137,428–442,doi:10.1016/j.egypro.2017.10.367.13,15

Kumer,V.-M.,J.Reuder,B.Svardal,C.Sætre,andP.Eecen(2015),Characterisation
ofsinglewindturbinewakeswithstaticandscanningwintwex-wlidardata,Energy
Procedia,80,245–254,doi:10.1016/j.egypro.2015.11.428.13,15

Larsen,G.(1988),Asimplewakecalculationprocedure,Risø-M,No.2760,58.20

Larsen,G.C.(2009),Asimplestationarysemi-analyticalwakemodel,Tech.rep.,Risø
NationalLaboratoryforSustainableEnergy,TechnicalUniversityofDenmark.Den-
mark.20

Larsen,G.C.,H.A.Madsen,F.Bingöl,J.Mann,S.Ott,J.N.Sørensen,V.Okulov,
N.Troldborg,M.Nielsen,K.Thomsen,T.J.Larsen,andR.Mikkelsen(2007),Dy-
namicWakeMeanderingModeling,June,84pp.,RisøNationalLaboratory.9

Larsen,G.C.,H.A.Madsen,K.Thomsen,andT.J.Larsen(2008),Wakemeandering:
apragmaticapproach,WindEnergy,11,377–395,doi:10.1002/we.267.2,9

Lignarolo,L.,D.Ragni,C.Krishnaswami,Q.Chen,C.S.Ferreira,andG.vanBussel
(2014),Experimentalanalysisofthewakeofahorizontal-axiswind-turbinemodel,
RenewableEnergy,70,31–46,doi:10.1016/j.renene.2014.01.020.7

Lilly,D.K.(1962),Onthenumericalsimulationofbuoyantconvection,Tellus,14,148–
172,doi:10.1111/j.2153-3490.1962.tb00128.x.23

Lilly,D.K.(1966),Ontheapplicationoftheeddyviscosityconceptintheinertial
sub-rangeofturbulence,doi:10.5065/D67H1GGQ.23



163

Lin, D., B. Khan, M. Katurji, L. Bird, R. Faria, and L. E. Revell (2021), WRF4PALM
v1.0: a mesoscale dynamical driver for the microscale PALM model system 6.0, Geo-
scientific Model Development, 14, 2503–2524, doi:10.5194/gmd-14-2503-2021. 28

Lundquist, J. K., J. D. Mirocha, and B. Kosović (2008), Nesting large-eddy simulations
within mesoscale simulations in WRF for wind energy applications, AGU Fall Meeting
Abstracts, p. 6. 13, 23

Ma, Y., C. L. Archer, and A. Vasel-Be-Hagh (2022), The jensen wind farm parameteri-
zation, Wind Energy Science, 7, 2407–2431, doi:10.5194/wes-7-2407-2022. 24

Mao, X., and J. N. Sørensen (2018), Far-wake meandering induced by atmospheric eddies
in flow past a wind turbine, Journal of Fluid Mechanics, 846, 190–209, doi:10.1017/
jfm.2018.275. 9

Maronga, B., M. Gryschka, R. Heinze, F. Hoffmann, F. Kanani-Sühring, M. Keck, K. Ke-
telsen, M. O. Letzel, M. Sühring, and S. Raasch (2015), The Parallelized Large-Eddy
Simulation Model (PALM) version 4.0 for atmospheric and oceanic flows: Model for-
mulation, recent developments, and future perspectives, Geoscientific Model Develop-
ment, 8 (8), 2515–2551, doi:10.5194/gmd-8-2515-2015. 24

Maronga, B., S. Banzhaf, C. Burmeister, T. Esch, R. Forkel, D. Fröhlich, V. Fuka, K. F.
Gehrke, J. Geletič, S. Giersch, T. Gronemeier, G. Groß, W. Heldens, A. Hellsten,
F. Hoffmann, A. Inagaki, E. Kadasch, F. Kanani-Sühring, K. Ketelsen, B. A. Khan,
C. Knigge, H. Knoop, P. Krč, M. Kurppa, H. Maamari, A. Matzarakis, M. Mauder,
M. Pallasch, D. Pavlik, J. Pfafferott, J. Resler, S. Rissmann, E. Russo, M. Salim,
M. Schrempf, J. Schwenkel, G. Seckmeyer, S. Schubert, M. Sühring, R. von Tils,
L. Vollmer, S. Ward, B. Witha, H. Wurps, J. Zeidler, and S. Raasch (2020), Overview
of the PALM model system 6.0, Geoscientific Model Development, 13, 1335–1372,
doi:10.5194/gmd-13-1335-2020. 24, 33

Martinez, L. A., C. Meneveau, and R. Stevens (2016), Wind farm large-eddy simulations
on very coarse grid resolutions using an actuator line model, in 34th Wind Energy
Symposium, American Institute of Aeronautics and Astronautics, Reston, Virginia,
doi:10.2514/6.2016-1261. 28, 30

Martinez-Tossas, L., S. Leonardi, M. Churchfield, and P. Moriarty (2012), A Comparison
of Actuator Disk and Actuator Line Wind Turbine Models and Best Practices for Their
Use, in 50th AIAA Aerospace Sciences Meeting including the New Horizons Forum and
Aerospace Exposition, American Institute of Aeronautics and Astronautics, Reston,
Virigina, doi:10.2514/6.2012-900. 29

Martínez-Tossas, L. A., M. J. Churchfield, and C. Meneveau (2015), Large eddy simu-
lation of wind turbine wakes: detailed comparisons of two codes focusing on effects of
numerics and subgrid modeling, Journal of Physics: Conference Series, 625, 012,024,
doi:10.1088/1742-6596/625/1/012024. 23

Martínez-Tossas, L. A., J. Annoni, P. A. Fleming, and M. J. Churchfield (2019), The
aerodynamics of the curled wake: a simplified model in view of flow control, Wind
Energy Science, 4, 127–138, doi:10.5194/wes-4-127-2019. 42

163

Lin,D.,B.Khan,M.Katurji,L.Bird,R.Faria,andL.E.Revell(2021),WRF4PALM
v1.0:amesoscaledynamicaldriverforthemicroscalePALMmodelsystem6.0,Geo-
scientificModelDevelopment,14,2503–2524,doi:10.5194/gmd-14-2503-2021.28

Lundquist,J.K.,J.D.Mirocha,andB.Kosović(2008),Nestinglarge-eddysimulations
withinmesoscalesimulationsinWRFforwindenergyapplications,AGUFallMeeting
Abstracts,p.6.13,23

Ma,Y.,C.L.Archer,andA.Vasel-Be-Hagh(2022),Thejensenwindfarmparameteri-
zation,WindEnergyScience,7,2407–2431,doi:10.5194/wes-7-2407-2022.24

Mao,X.,andJ.N.Sørensen(2018),Far-wakemeanderinginducedbyatmosphericeddies
inflowpastawindturbine,JournalofFluidMechanics,846,190–209,doi:10.1017/
jfm.2018.275.9

Maronga,B.,M.Gryschka,R.Heinze,F.Hoffmann,F.Kanani-Sühring,M.Keck,K.Ke-
telsen,M.O.Letzel,M.Sühring,andS.Raasch(2015),TheParallelizedLarge-Eddy
SimulationModel(PALM)version4.0foratmosphericandoceanicflows:Modelfor-
mulation,recentdevelopments,andfutureperspectives,GeoscientificModelDevelop-
ment,8(8),2515–2551,doi:10.5194/gmd-8-2515-2015.24

Maronga,B.,S.Banzhaf,C.Burmeister,T.Esch,R.Forkel,D.Fröhlich,V.Fuka,K.F.
Gehrke,J.Geletič,S.Giersch,T.Gronemeier,G.Groß,W.Heldens,A.Hellsten,
F.Hoffmann,A.Inagaki,E.Kadasch,F.Kanani-Sühring,K.Ketelsen,B.A.Khan,
C.Knigge,H.Knoop,P.Krč,M.Kurppa,H.Maamari,A.Matzarakis,M.Mauder,
M.Pallasch,D.Pavlik,J.Pfafferott,J.Resler,S.Rissmann,E.Russo,M.Salim,
M.Schrempf,J.Schwenkel,G.Seckmeyer,S.Schubert,M.Sühring,R.vonTils,
L.Vollmer,S.Ward,B.Witha,H.Wurps,J.Zeidler,andS.Raasch(2020),Overview
ofthePALMmodelsystem6.0,GeoscientificModelDevelopment,13,1335–1372,
doi:10.5194/gmd-13-1335-2020.24,33

Martinez,L.A.,C.Meneveau,andR.Stevens(2016),Windfarmlarge-eddysimulations
onverycoarsegridresolutionsusinganactuatorlinemodel,in34thWindEnergy
Symposium,AmericanInstituteofAeronauticsandAstronautics,Reston,Virginia,
doi:10.2514/6.2016-1261.28,30

Martinez-Tossas,L.,S.Leonardi,M.Churchfield,andP.Moriarty(2012),AComparison
ofActuatorDiskandActuatorLineWindTurbineModelsandBestPracticesforTheir
Use,in50thAIAAAerospaceSciencesMeetingincludingtheNewHorizonsForumand
AerospaceExposition,AmericanInstituteofAeronauticsandAstronautics,Reston,
Virigina,doi:10.2514/6.2012-900.29

Martínez-Tossas,L.A.,M.J.Churchfield,andC.Meneveau(2015),Largeeddysimu-
lationofwindturbinewakes:detailedcomparisonsoftwocodesfocusingoneffectsof
numericsandsubgridmodeling,JournalofPhysics:ConferenceSeries,625,012,024,
doi:10.1088/1742-6596/625/1/012024.23

Martínez-Tossas,L.A.,J.Annoni,P.A.Fleming,andM.J.Churchfield(2019),The
aerodynamicsofthecurledwake:asimplifiedmodelinviewofflowcontrol,Wind
EnergyScience,4,127–138,doi:10.5194/wes-4-127-2019.42

163

Lin,D.,B.Khan,M.Katurji,L.Bird,R.Faria,andL.E.Revell(2021),WRF4PALM
v1.0:amesoscaledynamicaldriverforthemicroscalePALMmodelsystem6.0,Geo-
scientificModelDevelopment,14,2503–2524,doi:10.5194/gmd-14-2503-2021.28

Lundquist,J.K.,J.D.Mirocha,andB.Kosović(2008),Nestinglarge-eddysimulations
withinmesoscalesimulationsinWRFforwindenergyapplications,AGUFallMeeting
Abstracts,p.6.13,23

Ma,Y.,C.L.Archer,andA.Vasel-Be-Hagh(2022),Thejensenwindfarmparameteri-
zation,WindEnergyScience,7,2407–2431,doi:10.5194/wes-7-2407-2022.24

Mao,X.,andJ.N.Sørensen(2018),Far-wakemeanderinginducedbyatmosphericeddies
inflowpastawindturbine,JournalofFluidMechanics,846,190–209,doi:10.1017/
jfm.2018.275.9

Maronga,B.,M.Gryschka,R.Heinze,F.Hoffmann,F.Kanani-Sühring,M.Keck,K.Ke-
telsen,M.O.Letzel,M.Sühring,andS.Raasch(2015),TheParallelizedLarge-Eddy
SimulationModel(PALM)version4.0foratmosphericandoceanicflows:Modelfor-
mulation,recentdevelopments,andfutureperspectives,GeoscientificModelDevelop-
ment,8(8),2515–2551,doi:10.5194/gmd-8-2515-2015.24

Maronga,B.,S.Banzhaf,C.Burmeister,T.Esch,R.Forkel,D.Fröhlich,V.Fuka,K.F.
Gehrke,J.Geletič,S.Giersch,T.Gronemeier,G.Groß,W.Heldens,A.Hellsten,
F.Hoffmann,A.Inagaki,E.Kadasch,F.Kanani-Sühring,K.Ketelsen,B.A.Khan,
C.Knigge,H.Knoop,P.Krč,M.Kurppa,H.Maamari,A.Matzarakis,M.Mauder,
M.Pallasch,D.Pavlik,J.Pfafferott,J.Resler,S.Rissmann,E.Russo,M.Salim,
M.Schrempf,J.Schwenkel,G.Seckmeyer,S.Schubert,M.Sühring,R.vonTils,
L.Vollmer,S.Ward,B.Witha,H.Wurps,J.Zeidler,andS.Raasch(2020),Overview
ofthePALMmodelsystem6.0,GeoscientificModelDevelopment,13,1335–1372,
doi:10.5194/gmd-13-1335-2020.24,33

Martinez,L.A.,C.Meneveau,andR.Stevens(2016),Windfarmlarge-eddysimulations
onverycoarsegridresolutionsusinganactuatorlinemodel,in34thWindEnergy
Symposium,AmericanInstituteofAeronauticsandAstronautics,Reston,Virginia,
doi:10.2514/6.2016-1261.28,30

Martinez-Tossas,L.,S.Leonardi,M.Churchfield,andP.Moriarty(2012),AComparison
ofActuatorDiskandActuatorLineWindTurbineModelsandBestPracticesforTheir
Use,in50thAIAAAerospaceSciencesMeetingincludingtheNewHorizonsForumand
AerospaceExposition,AmericanInstituteofAeronauticsandAstronautics,Reston,
Virigina,doi:10.2514/6.2012-900.29

Martínez-Tossas,L.A.,M.J.Churchfield,andC.Meneveau(2015),Largeeddysimu-
lationofwindturbinewakes:detailedcomparisonsoftwocodesfocusingoneffectsof
numericsandsubgridmodeling,JournalofPhysics:ConferenceSeries,625,012,024,
doi:10.1088/1742-6596/625/1/012024.23

Martínez-Tossas,L.A.,J.Annoni,P.A.Fleming,andM.J.Churchfield(2019),The
aerodynamicsofthecurledwake:asimplifiedmodelinviewofflowcontrol,Wind
EnergyScience,4,127–138,doi:10.5194/wes-4-127-2019.42

163

Lin, D., B. Khan, M. Katurji, L. Bird, R. Faria, and L. E. Revell (2021), WRF4PALM
v1.0: a mesoscale dynamical driver for the microscale PALM model system 6.0, Geo-
scientific Model Development, 14, 2503–2524, doi:10.5194/gmd-14-2503-2021. 28

Lundquist, J. K., J. D. Mirocha, and B. Kosović (2008), Nesting large-eddy simulations
within mesoscale simulations in WRF for wind energy applications, AGU Fall Meeting
Abstracts, p. 6. 13, 23

Ma, Y., C. L. Archer, and A. Vasel-Be-Hagh (2022), The jensen wind farm parameteri-
zation, Wind Energy Science, 7, 2407–2431, doi:10.5194/wes-7-2407-2022. 24

Mao, X., and J. N. Sørensen (2018), Far-wake meandering induced by atmospheric eddies
in flow past a wind turbine, Journal of Fluid Mechanics, 846, 190–209, doi:10.1017/
jfm.2018.275. 9

Maronga, B., M. Gryschka, R. Heinze, F. Hoffmann, F. Kanani-Sühring, M. Keck, K. Ke-
telsen, M. O. Letzel, M. Sühring, and S. Raasch (2015), The Parallelized Large-Eddy
Simulation Model (PALM) version 4.0 for atmospheric and oceanic flows: Model for-
mulation, recent developments, and future perspectives, Geoscientific Model Develop-
ment, 8 (8), 2515–2551, doi:10.5194/gmd-8-2515-2015. 24

Maronga, B., S. Banzhaf, C. Burmeister, T. Esch, R. Forkel, D. Fröhlich, V. Fuka, K. F.
Gehrke, J. Geletič, S. Giersch, T. Gronemeier, G. Groß, W. Heldens, A. Hellsten,
F. Hoffmann, A. Inagaki, E. Kadasch, F. Kanani-Sühring, K. Ketelsen, B. A. Khan,
C. Knigge, H. Knoop, P. Krč, M. Kurppa, H. Maamari, A. Matzarakis, M. Mauder,
M. Pallasch, D. Pavlik, J. Pfafferott, J. Resler, S. Rissmann, E. Russo, M. Salim,
M. Schrempf, J. Schwenkel, G. Seckmeyer, S. Schubert, M. Sühring, R. von Tils,
L. Vollmer, S. Ward, B. Witha, H. Wurps, J. Zeidler, and S. Raasch (2020), Overview
of the PALM model system 6.0, Geoscientific Model Development, 13, 1335–1372,
doi:10.5194/gmd-13-1335-2020. 24, 33

Martinez, L. A., C. Meneveau, and R. Stevens (2016), Wind farm large-eddy simulations
on very coarse grid resolutions using an actuator line model, in 34th Wind Energy
Symposium, American Institute of Aeronautics and Astronautics, Reston, Virginia,
doi:10.2514/6.2016-1261. 28, 30

Martinez-Tossas, L., S. Leonardi, M. Churchfield, and P. Moriarty (2012), A Comparison
of Actuator Disk and Actuator Line Wind Turbine Models and Best Practices for Their
Use, in 50th AIAA Aerospace Sciences Meeting including the New Horizons Forum and
Aerospace Exposition, American Institute of Aeronautics and Astronautics, Reston,
Virigina, doi:10.2514/6.2012-900. 29

Martínez-Tossas, L. A., M. J. Churchfield, and C. Meneveau (2015), Large eddy simu-
lation of wind turbine wakes: detailed comparisons of two codes focusing on effects of
numerics and subgrid modeling, Journal of Physics: Conference Series, 625, 012,024,
doi:10.1088/1742-6596/625/1/012024. 23

Martínez-Tossas, L. A., J. Annoni, P. A. Fleming, and M. J. Churchfield (2019), The
aerodynamics of the curled wake: a simplified model in view of flow control, Wind
Energy Science, 4, 127–138, doi:10.5194/wes-4-127-2019. 42

163

Lin, D., B. Khan, M. Katurji, L. Bird, R. Faria, and L. E. Revell (2021), WRF4PALM
v1.0: a mesoscale dynamical driver for the microscale PALM model system 6.0, Geo-
scientific Model Development, 14, 2503–2524, doi:10.5194/gmd-14-2503-2021. 28

Lundquist, J. K., J. D. Mirocha, and B. Kosović (2008), Nesting large-eddy simulations
within mesoscale simulations in WRF for wind energy applications, AGU Fall Meeting
Abstracts, p. 6. 13, 23

Ma, Y., C. L. Archer, and A. Vasel-Be-Hagh (2022), The jensen wind farm parameteri-
zation, Wind Energy Science, 7, 2407–2431, doi:10.5194/wes-7-2407-2022. 24

Mao, X., and J. N. Sørensen (2018), Far-wake meandering induced by atmospheric eddies
in flow past a wind turbine, Journal of Fluid Mechanics, 846, 190–209, doi:10.1017/
jfm.2018.275. 9

Maronga, B., M. Gryschka, R. Heinze, F. Hoffmann, F. Kanani-Sühring, M. Keck, K. Ke-
telsen, M. O. Letzel, M. Sühring, and S. Raasch (2015), The Parallelized Large-Eddy
Simulation Model (PALM) version 4.0 for atmospheric and oceanic flows: Model for-
mulation, recent developments, and future perspectives, Geoscientific Model Develop-
ment, 8 (8), 2515–2551, doi:10.5194/gmd-8-2515-2015. 24

Maronga, B., S. Banzhaf, C. Burmeister, T. Esch, R. Forkel, D. Fröhlich, V. Fuka, K. F.
Gehrke, J. Geletič, S. Giersch, T. Gronemeier, G. Groß, W. Heldens, A. Hellsten,
F. Hoffmann, A. Inagaki, E. Kadasch, F. Kanani-Sühring, K. Ketelsen, B. A. Khan,
C. Knigge, H. Knoop, P. Krč, M. Kurppa, H. Maamari, A. Matzarakis, M. Mauder,
M. Pallasch, D. Pavlik, J. Pfafferott, J. Resler, S. Rissmann, E. Russo, M. Salim,
M. Schrempf, J. Schwenkel, G. Seckmeyer, S. Schubert, M. Sühring, R. von Tils,
L. Vollmer, S. Ward, B. Witha, H. Wurps, J. Zeidler, and S. Raasch (2020), Overview
of the PALM model system 6.0, Geoscientific Model Development, 13, 1335–1372,
doi:10.5194/gmd-13-1335-2020. 24, 33

Martinez, L. A., C. Meneveau, and R. Stevens (2016), Wind farm large-eddy simulations
on very coarse grid resolutions using an actuator line model, in 34th Wind Energy
Symposium, American Institute of Aeronautics and Astronautics, Reston, Virginia,
doi:10.2514/6.2016-1261. 28, 30

Martinez-Tossas, L., S. Leonardi, M. Churchfield, and P. Moriarty (2012), A Comparison
of Actuator Disk and Actuator Line Wind Turbine Models and Best Practices for Their
Use, in 50th AIAA Aerospace Sciences Meeting including the New Horizons Forum and
Aerospace Exposition, American Institute of Aeronautics and Astronautics, Reston,
Virigina, doi:10.2514/6.2012-900. 29

Martínez-Tossas, L. A., M. J. Churchfield, and C. Meneveau (2015), Large eddy simu-
lation of wind turbine wakes: detailed comparisons of two codes focusing on effects of
numerics and subgrid modeling, Journal of Physics: Conference Series, 625, 012,024,
doi:10.1088/1742-6596/625/1/012024. 23

Martínez-Tossas, L. A., J. Annoni, P. A. Fleming, and M. J. Churchfield (2019), The
aerodynamics of the curled wake: a simplified model in view of flow control, Wind
Energy Science, 4, 127–138, doi:10.5194/wes-4-127-2019. 42

163

Lin,D.,B.Khan,M.Katurji,L.Bird,R.Faria,andL.E.Revell(2021),WRF4PALM
v1.0:amesoscaledynamicaldriverforthemicroscalePALMmodelsystem6.0,Geo-
scientificModelDevelopment,14,2503–2524,doi:10.5194/gmd-14-2503-2021.28

Lundquist,J.K.,J.D.Mirocha,andB.Kosović(2008),Nestinglarge-eddysimulations
withinmesoscalesimulationsinWRFforwindenergyapplications,AGUFallMeeting
Abstracts,p.6.13,23

Ma,Y.,C.L.Archer,andA.Vasel-Be-Hagh(2022),Thejensenwindfarmparameteri-
zation,WindEnergyScience,7,2407–2431,doi:10.5194/wes-7-2407-2022.24

Mao,X.,andJ.N.Sørensen(2018),Far-wakemeanderinginducedbyatmosphericeddies
inflowpastawindturbine,JournalofFluidMechanics,846,190–209,doi:10.1017/
jfm.2018.275.9

Maronga,B.,M.Gryschka,R.Heinze,F.Hoffmann,F.Kanani-Sühring,M.Keck,K.Ke-
telsen,M.O.Letzel,M.Sühring,andS.Raasch(2015),TheParallelizedLarge-Eddy
SimulationModel(PALM)version4.0foratmosphericandoceanicflows:Modelfor-
mulation,recentdevelopments,andfutureperspectives,GeoscientificModelDevelop-
ment,8(8),2515–2551,doi:10.5194/gmd-8-2515-2015.24

Maronga,B.,S.Banzhaf,C.Burmeister,T.Esch,R.Forkel,D.Fröhlich,V.Fuka,K.F.
Gehrke,J.Geletič,S.Giersch,T.Gronemeier,G.Groß,W.Heldens,A.Hellsten,
F.Hoffmann,A.Inagaki,E.Kadasch,F.Kanani-Sühring,K.Ketelsen,B.A.Khan,
C.Knigge,H.Knoop,P.Krč,M.Kurppa,H.Maamari,A.Matzarakis,M.Mauder,
M.Pallasch,D.Pavlik,J.Pfafferott,J.Resler,S.Rissmann,E.Russo,M.Salim,
M.Schrempf,J.Schwenkel,G.Seckmeyer,S.Schubert,M.Sühring,R.vonTils,
L.Vollmer,S.Ward,B.Witha,H.Wurps,J.Zeidler,andS.Raasch(2020),Overview
ofthePALMmodelsystem6.0,GeoscientificModelDevelopment,13,1335–1372,
doi:10.5194/gmd-13-1335-2020.24,33

Martinez,L.A.,C.Meneveau,andR.Stevens(2016),Windfarmlarge-eddysimulations
onverycoarsegridresolutionsusinganactuatorlinemodel,in34thWindEnergy
Symposium,AmericanInstituteofAeronauticsandAstronautics,Reston,Virginia,
doi:10.2514/6.2016-1261.28,30

Martinez-Tossas,L.,S.Leonardi,M.Churchfield,andP.Moriarty(2012),AComparison
ofActuatorDiskandActuatorLineWindTurbineModelsandBestPracticesforTheir
Use,in50thAIAAAerospaceSciencesMeetingincludingtheNewHorizonsForumand
AerospaceExposition,AmericanInstituteofAeronauticsandAstronautics,Reston,
Virigina,doi:10.2514/6.2012-900.29

Martínez-Tossas,L.A.,M.J.Churchfield,andC.Meneveau(2015),Largeeddysimu-
lationofwindturbinewakes:detailedcomparisonsoftwocodesfocusingoneffectsof
numericsandsubgridmodeling,JournalofPhysics:ConferenceSeries,625,012,024,
doi:10.1088/1742-6596/625/1/012024.23

Martínez-Tossas,L.A.,J.Annoni,P.A.Fleming,andM.J.Churchfield(2019),The
aerodynamicsofthecurledwake:asimplifiedmodelinviewofflowcontrol,Wind
EnergyScience,4,127–138,doi:10.5194/wes-4-127-2019.42

163

Lin,D.,B.Khan,M.Katurji,L.Bird,R.Faria,andL.E.Revell(2021),WRF4PALM
v1.0:amesoscaledynamicaldriverforthemicroscalePALMmodelsystem6.0,Geo-
scientificModelDevelopment,14,2503–2524,doi:10.5194/gmd-14-2503-2021.28

Lundquist,J.K.,J.D.Mirocha,andB.Kosović(2008),Nestinglarge-eddysimulations
withinmesoscalesimulationsinWRFforwindenergyapplications,AGUFallMeeting
Abstracts,p.6.13,23

Ma,Y.,C.L.Archer,andA.Vasel-Be-Hagh(2022),Thejensenwindfarmparameteri-
zation,WindEnergyScience,7,2407–2431,doi:10.5194/wes-7-2407-2022.24

Mao,X.,andJ.N.Sørensen(2018),Far-wakemeanderinginducedbyatmosphericeddies
inflowpastawindturbine,JournalofFluidMechanics,846,190–209,doi:10.1017/
jfm.2018.275.9

Maronga,B.,M.Gryschka,R.Heinze,F.Hoffmann,F.Kanani-Sühring,M.Keck,K.Ke-
telsen,M.O.Letzel,M.Sühring,andS.Raasch(2015),TheParallelizedLarge-Eddy
SimulationModel(PALM)version4.0foratmosphericandoceanicflows:Modelfor-
mulation,recentdevelopments,andfutureperspectives,GeoscientificModelDevelop-
ment,8(8),2515–2551,doi:10.5194/gmd-8-2515-2015.24

Maronga,B.,S.Banzhaf,C.Burmeister,T.Esch,R.Forkel,D.Fröhlich,V.Fuka,K.F.
Gehrke,J.Geletič,S.Giersch,T.Gronemeier,G.Groß,W.Heldens,A.Hellsten,
F.Hoffmann,A.Inagaki,E.Kadasch,F.Kanani-Sühring,K.Ketelsen,B.A.Khan,
C.Knigge,H.Knoop,P.Krč,M.Kurppa,H.Maamari,A.Matzarakis,M.Mauder,
M.Pallasch,D.Pavlik,J.Pfafferott,J.Resler,S.Rissmann,E.Russo,M.Salim,
M.Schrempf,J.Schwenkel,G.Seckmeyer,S.Schubert,M.Sühring,R.vonTils,
L.Vollmer,S.Ward,B.Witha,H.Wurps,J.Zeidler,andS.Raasch(2020),Overview
ofthePALMmodelsystem6.0,GeoscientificModelDevelopment,13,1335–1372,
doi:10.5194/gmd-13-1335-2020.24,33

Martinez,L.A.,C.Meneveau,andR.Stevens(2016),Windfarmlarge-eddysimulations
onverycoarsegridresolutionsusinganactuatorlinemodel,in34thWindEnergy
Symposium,AmericanInstituteofAeronauticsandAstronautics,Reston,Virginia,
doi:10.2514/6.2016-1261.28,30

Martinez-Tossas,L.,S.Leonardi,M.Churchfield,andP.Moriarty(2012),AComparison
ofActuatorDiskandActuatorLineWindTurbineModelsandBestPracticesforTheir
Use,in50thAIAAAerospaceSciencesMeetingincludingtheNewHorizonsForumand
AerospaceExposition,AmericanInstituteofAeronauticsandAstronautics,Reston,
Virigina,doi:10.2514/6.2012-900.29

Martínez-Tossas,L.A.,M.J.Churchfield,andC.Meneveau(2015),Largeeddysimu-
lationofwindturbinewakes:detailedcomparisonsoftwocodesfocusingoneffectsof
numericsandsubgridmodeling,JournalofPhysics:ConferenceSeries,625,012,024,
doi:10.1088/1742-6596/625/1/012024.23

Martínez-Tossas,L.A.,J.Annoni,P.A.Fleming,andM.J.Churchfield(2019),The
aerodynamicsofthecurledwake:asimplifiedmodelinviewofflowcontrol,Wind
EnergyScience,4,127–138,doi:10.5194/wes-4-127-2019.42

163

Lin,D.,B.Khan,M.Katurji,L.Bird,R.Faria,andL.E.Revell(2021),WRF4PALM
v1.0:amesoscaledynamicaldriverforthemicroscalePALMmodelsystem6.0,Geo-
scientificModelDevelopment,14,2503–2524,doi:10.5194/gmd-14-2503-2021.28

Lundquist,J.K.,J.D.Mirocha,andB.Kosović(2008),Nestinglarge-eddysimulations
withinmesoscalesimulationsinWRFforwindenergyapplications,AGUFallMeeting
Abstracts,p.6.13,23

Ma,Y.,C.L.Archer,andA.Vasel-Be-Hagh(2022),Thejensenwindfarmparameteri-
zation,WindEnergyScience,7,2407–2431,doi:10.5194/wes-7-2407-2022.24

Mao,X.,andJ.N.Sørensen(2018),Far-wakemeanderinginducedbyatmosphericeddies
inflowpastawindturbine,JournalofFluidMechanics,846,190–209,doi:10.1017/
jfm.2018.275.9

Maronga,B.,M.Gryschka,R.Heinze,F.Hoffmann,F.Kanani-Sühring,M.Keck,K.Ke-
telsen,M.O.Letzel,M.Sühring,andS.Raasch(2015),TheParallelizedLarge-Eddy
SimulationModel(PALM)version4.0foratmosphericandoceanicflows:Modelfor-
mulation,recentdevelopments,andfutureperspectives,GeoscientificModelDevelop-
ment,8(8),2515–2551,doi:10.5194/gmd-8-2515-2015.24

Maronga,B.,S.Banzhaf,C.Burmeister,T.Esch,R.Forkel,D.Fröhlich,V.Fuka,K.F.
Gehrke,J.Geletič,S.Giersch,T.Gronemeier,G.Groß,W.Heldens,A.Hellsten,
F.Hoffmann,A.Inagaki,E.Kadasch,F.Kanani-Sühring,K.Ketelsen,B.A.Khan,
C.Knigge,H.Knoop,P.Krč,M.Kurppa,H.Maamari,A.Matzarakis,M.Mauder,
M.Pallasch,D.Pavlik,J.Pfafferott,J.Resler,S.Rissmann,E.Russo,M.Salim,
M.Schrempf,J.Schwenkel,G.Seckmeyer,S.Schubert,M.Sühring,R.vonTils,
L.Vollmer,S.Ward,B.Witha,H.Wurps,J.Zeidler,andS.Raasch(2020),Overview
ofthePALMmodelsystem6.0,GeoscientificModelDevelopment,13,1335–1372,
doi:10.5194/gmd-13-1335-2020.24,33

Martinez,L.A.,C.Meneveau,andR.Stevens(2016),Windfarmlarge-eddysimulations
onverycoarsegridresolutionsusinganactuatorlinemodel,in34thWindEnergy
Symposium,AmericanInstituteofAeronauticsandAstronautics,Reston,Virginia,
doi:10.2514/6.2016-1261.28,30

Martinez-Tossas,L.,S.Leonardi,M.Churchfield,andP.Moriarty(2012),AComparison
ofActuatorDiskandActuatorLineWindTurbineModelsandBestPracticesforTheir
Use,in50thAIAAAerospaceSciencesMeetingincludingtheNewHorizonsForumand
AerospaceExposition,AmericanInstituteofAeronauticsandAstronautics,Reston,
Virigina,doi:10.2514/6.2012-900.29

Martínez-Tossas,L.A.,M.J.Churchfield,andC.Meneveau(2015),Largeeddysimu-
lationofwindturbinewakes:detailedcomparisonsoftwocodesfocusingoneffectsof
numericsandsubgridmodeling,JournalofPhysics:ConferenceSeries,625,012,024,
doi:10.1088/1742-6596/625/1/012024.23

Martínez-Tossas,L.A.,J.Annoni,P.A.Fleming,andM.J.Churchfield(2019),The
aerodynamicsofthecurledwake:asimplifiedmodelinviewofflowcontrol,Wind
EnergyScience,4,127–138,doi:10.5194/wes-4-127-2019.42

163

Lin,D.,B.Khan,M.Katurji,L.Bird,R.Faria,andL.E.Revell(2021),WRF4PALM
v1.0:amesoscaledynamicaldriverforthemicroscalePALMmodelsystem6.0,Geo-
scientificModelDevelopment,14,2503–2524,doi:10.5194/gmd-14-2503-2021.28

Lundquist,J.K.,J.D.Mirocha,andB.Kosović(2008),Nestinglarge-eddysimulations
withinmesoscalesimulationsinWRFforwindenergyapplications,AGUFallMeeting
Abstracts,p.6.13,23

Ma,Y.,C.L.Archer,andA.Vasel-Be-Hagh(2022),Thejensenwindfarmparameteri-
zation,WindEnergyScience,7,2407–2431,doi:10.5194/wes-7-2407-2022.24

Mao,X.,andJ.N.Sørensen(2018),Far-wakemeanderinginducedbyatmosphericeddies
inflowpastawindturbine,JournalofFluidMechanics,846,190–209,doi:10.1017/
jfm.2018.275.9

Maronga,B.,M.Gryschka,R.Heinze,F.Hoffmann,F.Kanani-Sühring,M.Keck,K.Ke-
telsen,M.O.Letzel,M.Sühring,andS.Raasch(2015),TheParallelizedLarge-Eddy
SimulationModel(PALM)version4.0foratmosphericandoceanicflows:Modelfor-
mulation,recentdevelopments,andfutureperspectives,GeoscientificModelDevelop-
ment,8(8),2515–2551,doi:10.5194/gmd-8-2515-2015.24

Maronga,B.,S.Banzhaf,C.Burmeister,T.Esch,R.Forkel,D.Fröhlich,V.Fuka,K.F.
Gehrke,J.Geletič,S.Giersch,T.Gronemeier,G.Groß,W.Heldens,A.Hellsten,
F.Hoffmann,A.Inagaki,E.Kadasch,F.Kanani-Sühring,K.Ketelsen,B.A.Khan,
C.Knigge,H.Knoop,P.Krč,M.Kurppa,H.Maamari,A.Matzarakis,M.Mauder,
M.Pallasch,D.Pavlik,J.Pfafferott,J.Resler,S.Rissmann,E.Russo,M.Salim,
M.Schrempf,J.Schwenkel,G.Seckmeyer,S.Schubert,M.Sühring,R.vonTils,
L.Vollmer,S.Ward,B.Witha,H.Wurps,J.Zeidler,andS.Raasch(2020),Overview
ofthePALMmodelsystem6.0,GeoscientificModelDevelopment,13,1335–1372,
doi:10.5194/gmd-13-1335-2020.24,33

Martinez,L.A.,C.Meneveau,andR.Stevens(2016),Windfarmlarge-eddysimulations
onverycoarsegridresolutionsusinganactuatorlinemodel,in34thWindEnergy
Symposium,AmericanInstituteofAeronauticsandAstronautics,Reston,Virginia,
doi:10.2514/6.2016-1261.28,30

Martinez-Tossas,L.,S.Leonardi,M.Churchfield,andP.Moriarty(2012),AComparison
ofActuatorDiskandActuatorLineWindTurbineModelsandBestPracticesforTheir
Use,in50thAIAAAerospaceSciencesMeetingincludingtheNewHorizonsForumand
AerospaceExposition,AmericanInstituteofAeronauticsandAstronautics,Reston,
Virigina,doi:10.2514/6.2012-900.29

Martínez-Tossas,L.A.,M.J.Churchfield,andC.Meneveau(2015),Largeeddysimu-
lationofwindturbinewakes:detailedcomparisonsoftwocodesfocusingoneffectsof
numericsandsubgridmodeling,JournalofPhysics:ConferenceSeries,625,012,024,
doi:10.1088/1742-6596/625/1/012024.23

Martínez-Tossas,L.A.,J.Annoni,P.A.Fleming,andM.J.Churchfield(2019),The
aerodynamicsofthecurledwake:asimplifiedmodelinviewofflowcontrol,Wind
EnergyScience,4,127–138,doi:10.5194/wes-4-127-2019.42



164 Bibliography

Martínez-Tossas, L. A., J. King, E. Quon, C. J. Bay, R. Mudafort, N. Hamilton, M. F.
Howland, and P. A. Fleming (2021), The curled wake model: a three-dimensional and
extremely fast steady-state wake solver for wind plant flows, Wind Energy Science, 6,
555–570, doi:10.5194/wes-6-555-2021. 42

Medici, D., S. Ivanell, J. Dahlberg, and P. H. Alfredsson (2011), The upstream flow of a
wind turbine: blockage effect, Wind Energy, 14, 691–697, doi:10.1002/we.451. 7

Michalakes, J., J. Dudhia, D. Gill, T. Henderson, J. Klemp, W. Skamarock, and W. Wang
(2005), The weather research and forecast model: Software architecture and per-
formance, Use of High Performance Computing in Meteorology, pp. 156–168, doi:
10.1142/9789812701831_0012. 24

Mirocha, J. D., D. A. Rajewski, N. Marjanovic, J. K. Lundquist, B. Kosović, C. Draxl,
and M. J. Churchfield (2015), Investigating wind turbine impacts on near-wake flow
using profiling lidar data and large-eddy simulations with an actuator disk model,
Journal of Renewable and Sustainable Energy, 7, 43,143, doi:10.1063/1.4928873. 13,
24

Moeng, C.-H., and J. C. Wyngaard (1988), Spectral analysis of large-eddy simulations of
the convective boundary layer, Journal of the Atmospheric Sciences, 45, 3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2. 25

Moens, M., N. Coudou, and C. Philippe (2019), A numerical study of correlations
between wake meandering and loads within a wind farm, Journal of Physics: Confer-
ence Series, 1256, 012,012, doi:10.1088/1742-6596/1256/1/012012. 9

Møller, M., P. Domagalski, and L. R. Sætran (2020), Comparing abnormalities in onshore
and offshore vertical wind profiles, Wind Energy Science, 5, 391–411, doi:10.5194/wes-
5-391-2020. 4

Moriarty, P. J., and A. C. Hansen (2005), AeroDyn theory manual, Tech. rep., National
Renewable Energy Lab. 29

Motta, M., R. J. Barthelmie, and P. Vølund (2005), The influence of non-logarithmic
wind speed profiles on potential power output at danish offshore sites, Wind Energy,
8, 219–236, doi:10.1002/we.146. 11, 12

Newman, J. F., P. M. Klein, S. Wharton, A. Sathe, T. A. Bonin, P. B. Chilson, and
A. Muschinski (2016), Evaluation of three lidar scanning strategies for turbulence
measurements, Atmospheric Measurement Techniques, 9 (5), 1993–2013, doi:10.5194/
amt-9-1993-2016. 13

Niayifar, A., and F. Porté-Agel (2015), A new analytical model for wind farm power
prediction, Journal of Physics: Conference Series, 625, 012,039, doi:10.1088/1742-
6596/625/1/012039. 38

Niayifar, A., and F. Porté-Agel (2016), Analytical modeling of wind farms: A new
approach for power prediction, Energies, 9 (9), 1–13, doi:10.3390/en9090741. 20

164Bibliography

Martínez-Tossas,L.A.,J.King,E.Quon,C.J.Bay,R.Mudafort,N.Hamilton,M.F.
Howland,andP.A.Fleming(2021),Thecurledwakemodel:athree-dimensionaland
extremelyfaststeady-statewakesolverforwindplantflows,WindEnergyScience,6,
555–570,doi:10.5194/wes-6-555-2021.42

Medici,D.,S.Ivanell,J.Dahlberg,andP.H.Alfredsson(2011),Theupstreamflowofa
windturbine:blockageeffect,WindEnergy,14,691–697,doi:10.1002/we.451.7

Michalakes,J.,J.Dudhia,D.Gill,T.Henderson,J.Klemp,W.Skamarock,andW.Wang
(2005),Theweatherresearchandforecastmodel:Softwarearchitectureandper-
formance,UseofHighPerformanceComputinginMeteorology,pp.156–168,doi:
10.1142/9789812701831_0012.24

Mirocha,J.D.,D.A.Rajewski,N.Marjanovic,J.K.Lundquist,B.Kosović,C.Draxl,
andM.J.Churchfield(2015),Investigatingwindturbineimpactsonnear-wakeflow
usingprofilinglidardataandlarge-eddysimulationswithanactuatordiskmodel,
JournalofRenewableandSustainableEnergy,7,43,143,doi:10.1063/1.4928873.13,
24

Moeng,C.-H.,andJ.C.Wyngaard(1988),Spectralanalysisoflarge-eddysimulationsof
theconvectiveboundarylayer,JournaloftheAtmosphericSciences,45,3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2.25

Moens,M.,N.Coudou,andC.Philippe(2019),Anumericalstudyofcorrelations
betweenwakemeanderingandloadswithinawindfarm,JournalofPhysics:Confer-
enceSeries,1256,012,012,doi:10.1088/1742-6596/1256/1/012012.9

Møller,M.,P.Domagalski,andL.R.Sætran(2020),Comparingabnormalitiesinonshore
andoffshoreverticalwindprofiles,WindEnergyScience,5,391–411,doi:10.5194/wes-
5-391-2020.4

Moriarty,P.J.,andA.C.Hansen(2005),AeroDyntheorymanual,Tech.rep.,National
RenewableEnergyLab.29

Motta,M.,R.J.Barthelmie,andP.Vølund(2005),Theinfluenceofnon-logarithmic
windspeedprofilesonpotentialpoweroutputatdanishoffshoresites,WindEnergy,
8,219–236,doi:10.1002/we.146.11,12

Newman,J.F.,P.M.Klein,S.Wharton,A.Sathe,T.A.Bonin,P.B.Chilson,and
A.Muschinski(2016),Evaluationofthreelidarscanningstrategiesforturbulence
measurements,AtmosphericMeasurementTechniques,9(5),1993–2013,doi:10.5194/
amt-9-1993-2016.13

Niayifar,A.,andF.Porté-Agel(2015),Anewanalyticalmodelforwindfarmpower
prediction,JournalofPhysics:ConferenceSeries,625,012,039,doi:10.1088/1742-
6596/625/1/012039.38

Niayifar,A.,andF.Porté-Agel(2016),Analyticalmodelingofwindfarms:Anew
approachforpowerprediction,Energies,9(9),1–13,doi:10.3390/en9090741.20

164Bibliography

Martínez-Tossas,L.A.,J.King,E.Quon,C.J.Bay,R.Mudafort,N.Hamilton,M.F.
Howland,andP.A.Fleming(2021),Thecurledwakemodel:athree-dimensionaland
extremelyfaststeady-statewakesolverforwindplantflows,WindEnergyScience,6,
555–570,doi:10.5194/wes-6-555-2021.42

Medici,D.,S.Ivanell,J.Dahlberg,andP.H.Alfredsson(2011),Theupstreamflowofa
windturbine:blockageeffect,WindEnergy,14,691–697,doi:10.1002/we.451.7

Michalakes,J.,J.Dudhia,D.Gill,T.Henderson,J.Klemp,W.Skamarock,andW.Wang
(2005),Theweatherresearchandforecastmodel:Softwarearchitectureandper-
formance,UseofHighPerformanceComputinginMeteorology,pp.156–168,doi:
10.1142/9789812701831_0012.24

Mirocha,J.D.,D.A.Rajewski,N.Marjanovic,J.K.Lundquist,B.Kosović,C.Draxl,
andM.J.Churchfield(2015),Investigatingwindturbineimpactsonnear-wakeflow
usingprofilinglidardataandlarge-eddysimulationswithanactuatordiskmodel,
JournalofRenewableandSustainableEnergy,7,43,143,doi:10.1063/1.4928873.13,
24

Moeng,C.-H.,andJ.C.Wyngaard(1988),Spectralanalysisoflarge-eddysimulationsof
theconvectiveboundarylayer,JournaloftheAtmosphericSciences,45,3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2.25

Moens,M.,N.Coudou,andC.Philippe(2019),Anumericalstudyofcorrelations
betweenwakemeanderingandloadswithinawindfarm,JournalofPhysics:Confer-
enceSeries,1256,012,012,doi:10.1088/1742-6596/1256/1/012012.9

Møller,M.,P.Domagalski,andL.R.Sætran(2020),Comparingabnormalitiesinonshore
andoffshoreverticalwindprofiles,WindEnergyScience,5,391–411,doi:10.5194/wes-
5-391-2020.4

Moriarty,P.J.,andA.C.Hansen(2005),AeroDyntheorymanual,Tech.rep.,National
RenewableEnergyLab.29

Motta,M.,R.J.Barthelmie,andP.Vølund(2005),Theinfluenceofnon-logarithmic
windspeedprofilesonpotentialpoweroutputatdanishoffshoresites,WindEnergy,
8,219–236,doi:10.1002/we.146.11,12

Newman,J.F.,P.M.Klein,S.Wharton,A.Sathe,T.A.Bonin,P.B.Chilson,and
A.Muschinski(2016),Evaluationofthreelidarscanningstrategiesforturbulence
measurements,AtmosphericMeasurementTechniques,9(5),1993–2013,doi:10.5194/
amt-9-1993-2016.13

Niayifar,A.,andF.Porté-Agel(2015),Anewanalyticalmodelforwindfarmpower
prediction,JournalofPhysics:ConferenceSeries,625,012,039,doi:10.1088/1742-
6596/625/1/012039.38

Niayifar,A.,andF.Porté-Agel(2016),Analyticalmodelingofwindfarms:Anew
approachforpowerprediction,Energies,9(9),1–13,doi:10.3390/en9090741.20

164 Bibliography

Martínez-Tossas, L. A., J. King, E. Quon, C. J. Bay, R. Mudafort, N. Hamilton, M. F.
Howland, and P. A. Fleming (2021), The curled wake model: a three-dimensional and
extremely fast steady-state wake solver for wind plant flows, Wind Energy Science, 6,
555–570, doi:10.5194/wes-6-555-2021. 42

Medici, D., S. Ivanell, J. Dahlberg, and P. H. Alfredsson (2011), The upstream flow of a
wind turbine: blockage effect, Wind Energy, 14, 691–697, doi:10.1002/we.451. 7

Michalakes, J., J. Dudhia, D. Gill, T. Henderson, J. Klemp, W. Skamarock, and W. Wang
(2005), The weather research and forecast model: Software architecture and per-
formance, Use of High Performance Computing in Meteorology, pp. 156–168, doi:
10.1142/9789812701831_0012. 24

Mirocha, J. D., D. A. Rajewski, N. Marjanovic, J. K. Lundquist, B. Kosović, C. Draxl,
and M. J. Churchfield (2015), Investigating wind turbine impacts on near-wake flow
using profiling lidar data and large-eddy simulations with an actuator disk model,
Journal of Renewable and Sustainable Energy, 7, 43,143, doi:10.1063/1.4928873. 13,
24

Moeng, C.-H., and J. C. Wyngaard (1988), Spectral analysis of large-eddy simulations of
the convective boundary layer, Journal of the Atmospheric Sciences, 45, 3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2. 25

Moens, M., N. Coudou, and C. Philippe (2019), A numerical study of correlations
between wake meandering and loads within a wind farm, Journal of Physics: Confer-
ence Series, 1256, 012,012, doi:10.1088/1742-6596/1256/1/012012. 9

Møller, M., P. Domagalski, and L. R. Sætran (2020), Comparing abnormalities in onshore
and offshore vertical wind profiles, Wind Energy Science, 5, 391–411, doi:10.5194/wes-
5-391-2020. 4

Moriarty, P. J., and A. C. Hansen (2005), AeroDyn theory manual, Tech. rep., National
Renewable Energy Lab. 29

Motta, M., R. J. Barthelmie, and P. Vølund (2005), The influence of non-logarithmic
wind speed profiles on potential power output at danish offshore sites, Wind Energy,
8, 219–236, doi:10.1002/we.146. 11, 12

Newman, J. F., P. M. Klein, S. Wharton, A. Sathe, T. A. Bonin, P. B. Chilson, and
A. Muschinski (2016), Evaluation of three lidar scanning strategies for turbulence
measurements, Atmospheric Measurement Techniques, 9 (5), 1993–2013, doi:10.5194/
amt-9-1993-2016. 13

Niayifar, A., and F. Porté-Agel (2015), A new analytical model for wind farm power
prediction, Journal of Physics: Conference Series, 625, 012,039, doi:10.1088/1742-
6596/625/1/012039. 38

Niayifar, A., and F. Porté-Agel (2016), Analytical modeling of wind farms: A new
approach for power prediction, Energies, 9 (9), 1–13, doi:10.3390/en9090741. 20

164 Bibliography

Martínez-Tossas, L. A., J. King, E. Quon, C. J. Bay, R. Mudafort, N. Hamilton, M. F.
Howland, and P. A. Fleming (2021), The curled wake model: a three-dimensional and
extremely fast steady-state wake solver for wind plant flows, Wind Energy Science, 6,
555–570, doi:10.5194/wes-6-555-2021. 42

Medici, D., S. Ivanell, J. Dahlberg, and P. H. Alfredsson (2011), The upstream flow of a
wind turbine: blockage effect, Wind Energy, 14, 691–697, doi:10.1002/we.451. 7

Michalakes, J., J. Dudhia, D. Gill, T. Henderson, J. Klemp, W. Skamarock, and W. Wang
(2005), The weather research and forecast model: Software architecture and per-
formance, Use of High Performance Computing in Meteorology, pp. 156–168, doi:
10.1142/9789812701831_0012. 24

Mirocha, J. D., D. A. Rajewski, N. Marjanovic, J. K. Lundquist, B. Kosović, C. Draxl,
and M. J. Churchfield (2015), Investigating wind turbine impacts on near-wake flow
using profiling lidar data and large-eddy simulations with an actuator disk model,
Journal of Renewable and Sustainable Energy, 7, 43,143, doi:10.1063/1.4928873. 13,
24

Moeng, C.-H., and J. C. Wyngaard (1988), Spectral analysis of large-eddy simulations of
the convective boundary layer, Journal of the Atmospheric Sciences, 45, 3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2. 25

Moens, M., N. Coudou, and C. Philippe (2019), A numerical study of correlations
between wake meandering and loads within a wind farm, Journal of Physics: Confer-
ence Series, 1256, 012,012, doi:10.1088/1742-6596/1256/1/012012. 9

Møller, M., P. Domagalski, and L. R. Sætran (2020), Comparing abnormalities in onshore
and offshore vertical wind profiles, Wind Energy Science, 5, 391–411, doi:10.5194/wes-
5-391-2020. 4

Moriarty, P. J., and A. C. Hansen (2005), AeroDyn theory manual, Tech. rep., National
Renewable Energy Lab. 29

Motta, M., R. J. Barthelmie, and P. Vølund (2005), The influence of non-logarithmic
wind speed profiles on potential power output at danish offshore sites, Wind Energy,
8, 219–236, doi:10.1002/we.146. 11, 12

Newman, J. F., P. M. Klein, S. Wharton, A. Sathe, T. A. Bonin, P. B. Chilson, and
A. Muschinski (2016), Evaluation of three lidar scanning strategies for turbulence
measurements, Atmospheric Measurement Techniques, 9 (5), 1993–2013, doi:10.5194/
amt-9-1993-2016. 13

Niayifar, A., and F. Porté-Agel (2015), A new analytical model for wind farm power
prediction, Journal of Physics: Conference Series, 625, 012,039, doi:10.1088/1742-
6596/625/1/012039. 38

Niayifar, A., and F. Porté-Agel (2016), Analytical modeling of wind farms: A new
approach for power prediction, Energies, 9 (9), 1–13, doi:10.3390/en9090741. 20

164Bibliography

Martínez-Tossas,L.A.,J.King,E.Quon,C.J.Bay,R.Mudafort,N.Hamilton,M.F.
Howland,andP.A.Fleming(2021),Thecurledwakemodel:athree-dimensionaland
extremelyfaststeady-statewakesolverforwindplantflows,WindEnergyScience,6,
555–570,doi:10.5194/wes-6-555-2021.42

Medici,D.,S.Ivanell,J.Dahlberg,andP.H.Alfredsson(2011),Theupstreamflowofa
windturbine:blockageeffect,WindEnergy,14,691–697,doi:10.1002/we.451.7

Michalakes,J.,J.Dudhia,D.Gill,T.Henderson,J.Klemp,W.Skamarock,andW.Wang
(2005),Theweatherresearchandforecastmodel:Softwarearchitectureandper-
formance,UseofHighPerformanceComputinginMeteorology,pp.156–168,doi:
10.1142/9789812701831_0012.24

Mirocha,J.D.,D.A.Rajewski,N.Marjanovic,J.K.Lundquist,B.Kosović,C.Draxl,
andM.J.Churchfield(2015),Investigatingwindturbineimpactsonnear-wakeflow
usingprofilinglidardataandlarge-eddysimulationswithanactuatordiskmodel,
JournalofRenewableandSustainableEnergy,7,43,143,doi:10.1063/1.4928873.13,
24

Moeng,C.-H.,andJ.C.Wyngaard(1988),Spectralanalysisoflarge-eddysimulationsof
theconvectiveboundarylayer,JournaloftheAtmosphericSciences,45,3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2.25

Moens,M.,N.Coudou,andC.Philippe(2019),Anumericalstudyofcorrelations
betweenwakemeanderingandloadswithinawindfarm,JournalofPhysics:Confer-
enceSeries,1256,012,012,doi:10.1088/1742-6596/1256/1/012012.9

Møller,M.,P.Domagalski,andL.R.Sætran(2020),Comparingabnormalitiesinonshore
andoffshoreverticalwindprofiles,WindEnergyScience,5,391–411,doi:10.5194/wes-
5-391-2020.4

Moriarty,P.J.,andA.C.Hansen(2005),AeroDyntheorymanual,Tech.rep.,National
RenewableEnergyLab.29

Motta,M.,R.J.Barthelmie,andP.Vølund(2005),Theinfluenceofnon-logarithmic
windspeedprofilesonpotentialpoweroutputatdanishoffshoresites,WindEnergy,
8,219–236,doi:10.1002/we.146.11,12

Newman,J.F.,P.M.Klein,S.Wharton,A.Sathe,T.A.Bonin,P.B.Chilson,and
A.Muschinski(2016),Evaluationofthreelidarscanningstrategiesforturbulence
measurements,AtmosphericMeasurementTechniques,9(5),1993–2013,doi:10.5194/
amt-9-1993-2016.13

Niayifar,A.,andF.Porté-Agel(2015),Anewanalyticalmodelforwindfarmpower
prediction,JournalofPhysics:ConferenceSeries,625,012,039,doi:10.1088/1742-
6596/625/1/012039.38

Niayifar,A.,andF.Porté-Agel(2016),Analyticalmodelingofwindfarms:Anew
approachforpowerprediction,Energies,9(9),1–13,doi:10.3390/en9090741.20

164Bibliography

Martínez-Tossas,L.A.,J.King,E.Quon,C.J.Bay,R.Mudafort,N.Hamilton,M.F.
Howland,andP.A.Fleming(2021),Thecurledwakemodel:athree-dimensionaland
extremelyfaststeady-statewakesolverforwindplantflows,WindEnergyScience,6,
555–570,doi:10.5194/wes-6-555-2021.42

Medici,D.,S.Ivanell,J.Dahlberg,andP.H.Alfredsson(2011),Theupstreamflowofa
windturbine:blockageeffect,WindEnergy,14,691–697,doi:10.1002/we.451.7

Michalakes,J.,J.Dudhia,D.Gill,T.Henderson,J.Klemp,W.Skamarock,andW.Wang
(2005),Theweatherresearchandforecastmodel:Softwarearchitectureandper-
formance,UseofHighPerformanceComputinginMeteorology,pp.156–168,doi:
10.1142/9789812701831_0012.24

Mirocha,J.D.,D.A.Rajewski,N.Marjanovic,J.K.Lundquist,B.Kosović,C.Draxl,
andM.J.Churchfield(2015),Investigatingwindturbineimpactsonnear-wakeflow
usingprofilinglidardataandlarge-eddysimulationswithanactuatordiskmodel,
JournalofRenewableandSustainableEnergy,7,43,143,doi:10.1063/1.4928873.13,
24

Moeng,C.-H.,andJ.C.Wyngaard(1988),Spectralanalysisoflarge-eddysimulationsof
theconvectiveboundarylayer,JournaloftheAtmosphericSciences,45,3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2.25

Moens,M.,N.Coudou,andC.Philippe(2019),Anumericalstudyofcorrelations
betweenwakemeanderingandloadswithinawindfarm,JournalofPhysics:Confer-
enceSeries,1256,012,012,doi:10.1088/1742-6596/1256/1/012012.9

Møller,M.,P.Domagalski,andL.R.Sætran(2020),Comparingabnormalitiesinonshore
andoffshoreverticalwindprofiles,WindEnergyScience,5,391–411,doi:10.5194/wes-
5-391-2020.4

Moriarty,P.J.,andA.C.Hansen(2005),AeroDyntheorymanual,Tech.rep.,National
RenewableEnergyLab.29

Motta,M.,R.J.Barthelmie,andP.Vølund(2005),Theinfluenceofnon-logarithmic
windspeedprofilesonpotentialpoweroutputatdanishoffshoresites,WindEnergy,
8,219–236,doi:10.1002/we.146.11,12

Newman,J.F.,P.M.Klein,S.Wharton,A.Sathe,T.A.Bonin,P.B.Chilson,and
A.Muschinski(2016),Evaluationofthreelidarscanningstrategiesforturbulence
measurements,AtmosphericMeasurementTechniques,9(5),1993–2013,doi:10.5194/
amt-9-1993-2016.13

Niayifar,A.,andF.Porté-Agel(2015),Anewanalyticalmodelforwindfarmpower
prediction,JournalofPhysics:ConferenceSeries,625,012,039,doi:10.1088/1742-
6596/625/1/012039.38

Niayifar,A.,andF.Porté-Agel(2016),Analyticalmodelingofwindfarms:Anew
approachforpowerprediction,Energies,9(9),1–13,doi:10.3390/en9090741.20

164Bibliography

Martínez-Tossas,L.A.,J.King,E.Quon,C.J.Bay,R.Mudafort,N.Hamilton,M.F.
Howland,andP.A.Fleming(2021),Thecurledwakemodel:athree-dimensionaland
extremelyfaststeady-statewakesolverforwindplantflows,WindEnergyScience,6,
555–570,doi:10.5194/wes-6-555-2021.42

Medici,D.,S.Ivanell,J.Dahlberg,andP.H.Alfredsson(2011),Theupstreamflowofa
windturbine:blockageeffect,WindEnergy,14,691–697,doi:10.1002/we.451.7

Michalakes,J.,J.Dudhia,D.Gill,T.Henderson,J.Klemp,W.Skamarock,andW.Wang
(2005),Theweatherresearchandforecastmodel:Softwarearchitectureandper-
formance,UseofHighPerformanceComputinginMeteorology,pp.156–168,doi:
10.1142/9789812701831_0012.24

Mirocha,J.D.,D.A.Rajewski,N.Marjanovic,J.K.Lundquist,B.Kosović,C.Draxl,
andM.J.Churchfield(2015),Investigatingwindturbineimpactsonnear-wakeflow
usingprofilinglidardataandlarge-eddysimulationswithanactuatordiskmodel,
JournalofRenewableandSustainableEnergy,7,43,143,doi:10.1063/1.4928873.13,
24

Moeng,C.-H.,andJ.C.Wyngaard(1988),Spectralanalysisoflarge-eddysimulationsof
theconvectiveboundarylayer,JournaloftheAtmosphericSciences,45,3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2.25

Moens,M.,N.Coudou,andC.Philippe(2019),Anumericalstudyofcorrelations
betweenwakemeanderingandloadswithinawindfarm,JournalofPhysics:Confer-
enceSeries,1256,012,012,doi:10.1088/1742-6596/1256/1/012012.9

Møller,M.,P.Domagalski,andL.R.Sætran(2020),Comparingabnormalitiesinonshore
andoffshoreverticalwindprofiles,WindEnergyScience,5,391–411,doi:10.5194/wes-
5-391-2020.4

Moriarty,P.J.,andA.C.Hansen(2005),AeroDyntheorymanual,Tech.rep.,National
RenewableEnergyLab.29

Motta,M.,R.J.Barthelmie,andP.Vølund(2005),Theinfluenceofnon-logarithmic
windspeedprofilesonpotentialpoweroutputatdanishoffshoresites,WindEnergy,
8,219–236,doi:10.1002/we.146.11,12

Newman,J.F.,P.M.Klein,S.Wharton,A.Sathe,T.A.Bonin,P.B.Chilson,and
A.Muschinski(2016),Evaluationofthreelidarscanningstrategiesforturbulence
measurements,AtmosphericMeasurementTechniques,9(5),1993–2013,doi:10.5194/
amt-9-1993-2016.13

Niayifar,A.,andF.Porté-Agel(2015),Anewanalyticalmodelforwindfarmpower
prediction,JournalofPhysics:ConferenceSeries,625,012,039,doi:10.1088/1742-
6596/625/1/012039.38

Niayifar,A.,andF.Porté-Agel(2016),Analyticalmodelingofwindfarms:Anew
approachforpowerprediction,Energies,9(9),1–13,doi:10.3390/en9090741.20

164Bibliography

Martínez-Tossas,L.A.,J.King,E.Quon,C.J.Bay,R.Mudafort,N.Hamilton,M.F.
Howland,andP.A.Fleming(2021),Thecurledwakemodel:athree-dimensionaland
extremelyfaststeady-statewakesolverforwindplantflows,WindEnergyScience,6,
555–570,doi:10.5194/wes-6-555-2021.42

Medici,D.,S.Ivanell,J.Dahlberg,andP.H.Alfredsson(2011),Theupstreamflowofa
windturbine:blockageeffect,WindEnergy,14,691–697,doi:10.1002/we.451.7

Michalakes,J.,J.Dudhia,D.Gill,T.Henderson,J.Klemp,W.Skamarock,andW.Wang
(2005),Theweatherresearchandforecastmodel:Softwarearchitectureandper-
formance,UseofHighPerformanceComputinginMeteorology,pp.156–168,doi:
10.1142/9789812701831_0012.24

Mirocha,J.D.,D.A.Rajewski,N.Marjanovic,J.K.Lundquist,B.Kosović,C.Draxl,
andM.J.Churchfield(2015),Investigatingwindturbineimpactsonnear-wakeflow
usingprofilinglidardataandlarge-eddysimulationswithanactuatordiskmodel,
JournalofRenewableandSustainableEnergy,7,43,143,doi:10.1063/1.4928873.13,
24

Moeng,C.-H.,andJ.C.Wyngaard(1988),Spectralanalysisoflarge-eddysimulationsof
theconvectiveboundarylayer,JournaloftheAtmosphericSciences,45,3573–3587,
doi:10.1175/1520-0469(1988)045<3573:SAOLES>2.0.CO;2.25

Moens,M.,N.Coudou,andC.Philippe(2019),Anumericalstudyofcorrelations
betweenwakemeanderingandloadswithinawindfarm,JournalofPhysics:Confer-
enceSeries,1256,012,012,doi:10.1088/1742-6596/1256/1/012012.9

Møller,M.,P.Domagalski,andL.R.Sætran(2020),Comparingabnormalitiesinonshore
andoffshoreverticalwindprofiles,WindEnergyScience,5,391–411,doi:10.5194/wes-
5-391-2020.4

Moriarty,P.J.,andA.C.Hansen(2005),AeroDyntheorymanual,Tech.rep.,National
RenewableEnergyLab.29

Motta,M.,R.J.Barthelmie,andP.Vølund(2005),Theinfluenceofnon-logarithmic
windspeedprofilesonpotentialpoweroutputatdanishoffshoresites,WindEnergy,
8,219–236,doi:10.1002/we.146.11,12

Newman,J.F.,P.M.Klein,S.Wharton,A.Sathe,T.A.Bonin,P.B.Chilson,and
A.Muschinski(2016),Evaluationofthreelidarscanningstrategiesforturbulence
measurements,AtmosphericMeasurementTechniques,9(5),1993–2013,doi:10.5194/
amt-9-1993-2016.13

Niayifar,A.,andF.Porté-Agel(2015),Anewanalyticalmodelforwindfarmpower
prediction,JournalofPhysics:ConferenceSeries,625,012,039,doi:10.1088/1742-
6596/625/1/012039.38

Niayifar,A.,andF.Porté-Agel(2016),Analyticalmodelingofwindfarms:Anew
approachforpowerprediction,Energies,9(9),1–13,doi:10.3390/en9090741.20



165

Nielsen, M., H. Ejsing Jørgensen, and S. Frandsen (2009), Wind and wake models for
IEC 61400-1 site assessment, in EWEC 2009 Proceedings online, EWEC, european
Wind Energy Conference and Exhibition, EWEC 2009 ; Conference date: 16-03-2009
Through 19-03-2009. 19

Nijhuis, A. O., O. Krasnov, C. Unal, H. Russchenberg, and A. Yarovoy (2014), Outlook
for a new wind field retrieval technique: The 4D-Var wind retrieval, 2014 International
Radar Conference, pp. 1–6, doi:10.1109/RADAR.2014.7060421. 14

Nunalee, C. G., and S. Basu (2014), Mesoscale modeling of coastal low-level jets: im-
plications for offshore wind resource estimation, Wind Energy, 17, 1199–1216, doi:
10.1002/we.1628. 4

Nybø, A., F. G. Nielsen, and J. Reuder (2019), Processing of sonic anemometer measure-
ments for offshore wind turbine applications, Journal of Physics: Conference Series,
1356, 012,006, doi:10.1088/1742-6596/1356/1/012006. 32

Nybø, A., F. G. Nielsen, J. Reuder, M. J. Churchfield, and M. Godvik (2020), Evaluation
of different wind fields for the investigation of the dynamic response of offshore wind
turbines, Wind Energy, 23 (9), 1810–1830, doi:10.1002/we.2518. 12, 32

Nygaard, N. G., L. Poulsen, E. Svensson, and J. G. Pedersen (2022), Large-scale bench-
marking of wake models for offshore wind farms, Journal of Physics: Conference
Series, 2265, 022,008, doi:10.1088/1742-6596/2265/2/022008. 18

Peña, A., S.-E. Gryning, and J. Mann (2010), On the length-scale of the wind profile,
Quarterly Journal of the Royal Meteorological Society, 136 (653), 2119–2131, doi:10.
1002/qj.714. xiii, 11

Peña, A., P. Réthoré, and M. P. Laan (2016), On the application of the Jensen wake
model using a turbulence-dependent wake decay coefficient: the Sexbierum case, Wind
Energy, 19, 763–776, doi:10.1002/we.1863. 19

Pitt, D., and D. Peters (1981), Theoretical prediction of dynamic-in ow derivatives,
Vertica, 5. 29

Platis, A., S. K. Siedersleben, J. Bange, A. Lampert, K. Bärfuss, R. Hankers, B. Cañadil-
las, R. Foreman, J. Schulz-Stellenfleth, B. Djath, T. Neumann, and S. Emeis (2018),
First in situ evidence of wakes in the far field behind offshore wind farms, Scientific
Reports, 8 (1), 1–10, doi:10.1038/s41598-018-20389-y. 3, 12

Porté-Agel, F., Y.-T. Wu, H. Lu, and R. J. Conzemius (2011), Large-eddy simulation
of atmospheric boundary layer flow through wind turbines and wind farms, Journal
of Wind Engineering and Industrial Aerodynamics, 99 (4), 154–168, doi:10.1016/J.
JWEIA.2011.01.011. 30

Quon, E. W., P. Doubrawa, and M. Debnath (2020), Comparison of rotor wake iden-
tification and characterization methods for the analysis of wake dynamics and evo-
lution, Journal of Physics: Conference Series, 1452, 012,070, doi:10.1088/1742-
6596/1452/1/012070. 14

165

Nielsen,M.,H.EjsingJørgensen,andS.Frandsen(2009),Windandwakemodelsfor
IEC61400-1siteassessment,inEWEC2009Proceedingsonline,EWEC,european
WindEnergyConferenceandExhibition,EWEC2009;Conferencedate:16-03-2009
Through19-03-2009.19

Nijhuis,A.O.,O.Krasnov,C.Unal,H.Russchenberg,andA.Yarovoy(2014),Outlook
foranewwindfieldretrievaltechnique:The4D-Varwindretrieval,2014International
RadarConference,pp.1–6,doi:10.1109/RADAR.2014.7060421.14

Nunalee,C.G.,andS.Basu(2014),Mesoscalemodelingofcoastallow-leveljets:im-
plicationsforoffshorewindresourceestimation,WindEnergy,17,1199–1216,doi:
10.1002/we.1628.4

Nybø,A.,F.G.Nielsen,andJ.Reuder(2019),Processingofsonicanemometermeasure-
mentsforoffshorewindturbineapplications,JournalofPhysics:ConferenceSeries,
1356,012,006,doi:10.1088/1742-6596/1356/1/012006.32

Nybø,A.,F.G.Nielsen,J.Reuder,M.J.Churchfield,andM.Godvik(2020),Evaluation
ofdifferentwindfieldsfortheinvestigationofthedynamicresponseofoffshorewind
turbines,WindEnergy,23(9),1810–1830,doi:10.1002/we.2518.12,32

Nygaard,N.G.,L.Poulsen,E.Svensson,andJ.G.Pedersen(2022),Large-scalebench-
markingofwakemodelsforoffshorewindfarms,JournalofPhysics:Conference
Series,2265,022,008,doi:10.1088/1742-6596/2265/2/022008.18

Peña,A.,S.-E.Gryning,andJ.Mann(2010),Onthelength-scaleofthewindprofile,
QuarterlyJournaloftheRoyalMeteorologicalSociety,136(653),2119–2131,doi:10.
1002/qj.714.xiii,11

Peña,A.,P.Réthoré,andM.P.Laan(2016),OntheapplicationoftheJensenwake
modelusingaturbulence-dependentwakedecaycoefficient:theSexbierumcase,Wind
Energy,19,763–776,doi:10.1002/we.1863.19

Pitt,D.,andD.Peters(1981),Theoreticalpredictionofdynamic-inowderivatives,
Vertica,5.29

Platis,A.,S.K.Siedersleben,J.Bange,A.Lampert,K.Bärfuss,R.Hankers,B.Cañadil-
las,R.Foreman,J.Schulz-Stellenfleth,B.Djath,T.Neumann,andS.Emeis(2018),
Firstinsituevidenceofwakesinthefarfieldbehindoffshorewindfarms,Scientific
Reports,8(1),1–10,doi:10.1038/s41598-018-20389-y.3,12

Porté-Agel,F.,Y.-T.Wu,H.Lu,andR.J.Conzemius(2011),Large-eddysimulation
ofatmosphericboundarylayerflowthroughwindturbinesandwindfarms,Journal
ofWindEngineeringandIndustrialAerodynamics,99(4),154–168,doi:10.1016/J.
JWEIA.2011.01.011.30

Quon,E.W.,P.Doubrawa,andM.Debnath(2020),Comparisonofrotorwakeiden-
tificationandcharacterizationmethodsfortheanalysisofwakedynamicsandevo-
lution,JournalofPhysics:ConferenceSeries,1452,012,070,doi:10.1088/1742-
6596/1452/1/012070.14

165

Nielsen,M.,H.EjsingJørgensen,andS.Frandsen(2009),Windandwakemodelsfor
IEC61400-1siteassessment,inEWEC2009Proceedingsonline,EWEC,european
WindEnergyConferenceandExhibition,EWEC2009;Conferencedate:16-03-2009
Through19-03-2009.19

Nijhuis,A.O.,O.Krasnov,C.Unal,H.Russchenberg,andA.Yarovoy(2014),Outlook
foranewwindfieldretrievaltechnique:The4D-Varwindretrieval,2014International
RadarConference,pp.1–6,doi:10.1109/RADAR.2014.7060421.14

Nunalee,C.G.,andS.Basu(2014),Mesoscalemodelingofcoastallow-leveljets:im-
plicationsforoffshorewindresourceestimation,WindEnergy,17,1199–1216,doi:
10.1002/we.1628.4

Nybø,A.,F.G.Nielsen,andJ.Reuder(2019),Processingofsonicanemometermeasure-
mentsforoffshorewindturbineapplications,JournalofPhysics:ConferenceSeries,
1356,012,006,doi:10.1088/1742-6596/1356/1/012006.32

Nybø,A.,F.G.Nielsen,J.Reuder,M.J.Churchfield,andM.Godvik(2020),Evaluation
ofdifferentwindfieldsfortheinvestigationofthedynamicresponseofoffshorewind
turbines,WindEnergy,23(9),1810–1830,doi:10.1002/we.2518.12,32

Nygaard,N.G.,L.Poulsen,E.Svensson,andJ.G.Pedersen(2022),Large-scalebench-
markingofwakemodelsforoffshorewindfarms,JournalofPhysics:Conference
Series,2265,022,008,doi:10.1088/1742-6596/2265/2/022008.18

Peña,A.,S.-E.Gryning,andJ.Mann(2010),Onthelength-scaleofthewindprofile,
QuarterlyJournaloftheRoyalMeteorologicalSociety,136(653),2119–2131,doi:10.
1002/qj.714.xiii,11

Peña,A.,P.Réthoré,andM.P.Laan(2016),OntheapplicationoftheJensenwake
modelusingaturbulence-dependentwakedecaycoefficient:theSexbierumcase,Wind
Energy,19,763–776,doi:10.1002/we.1863.19

Pitt,D.,andD.Peters(1981),Theoreticalpredictionofdynamic-inowderivatives,
Vertica,5.29

Platis,A.,S.K.Siedersleben,J.Bange,A.Lampert,K.Bärfuss,R.Hankers,B.Cañadil-
las,R.Foreman,J.Schulz-Stellenfleth,B.Djath,T.Neumann,andS.Emeis(2018),
Firstinsituevidenceofwakesinthefarfieldbehindoffshorewindfarms,Scientific
Reports,8(1),1–10,doi:10.1038/s41598-018-20389-y.3,12

Porté-Agel,F.,Y.-T.Wu,H.Lu,andR.J.Conzemius(2011),Large-eddysimulation
ofatmosphericboundarylayerflowthroughwindturbinesandwindfarms,Journal
ofWindEngineeringandIndustrialAerodynamics,99(4),154–168,doi:10.1016/J.
JWEIA.2011.01.011.30

Quon,E.W.,P.Doubrawa,andM.Debnath(2020),Comparisonofrotorwakeiden-
tificationandcharacterizationmethodsfortheanalysisofwakedynamicsandevo-
lution,JournalofPhysics:ConferenceSeries,1452,012,070,doi:10.1088/1742-
6596/1452/1/012070.14

165

Nielsen, M., H. Ejsing Jørgensen, and S. Frandsen (2009), Wind and wake models for
IEC 61400-1 site assessment, in EWEC 2009 Proceedings online, EWEC, european
Wind Energy Conference and Exhibition, EWEC 2009 ; Conference date: 16-03-2009
Through 19-03-2009. 19

Nijhuis, A. O., O. Krasnov, C. Unal, H. Russchenberg, and A. Yarovoy (2014), Outlook
for a new wind field retrieval technique: The 4D-Var wind retrieval, 2014 International
Radar Conference, pp. 1–6, doi:10.1109/RADAR.2014.7060421. 14

Nunalee, C. G., and S. Basu (2014), Mesoscale modeling of coastal low-level jets: im-
plications for offshore wind resource estimation, Wind Energy, 17, 1199–1216, doi:
10.1002/we.1628. 4

Nybø, A., F. G. Nielsen, and J. Reuder (2019), Processing of sonic anemometer measure-
ments for offshore wind turbine applications, Journal of Physics: Conference Series,
1356, 012,006, doi:10.1088/1742-6596/1356/1/012006. 32

Nybø, A., F. G. Nielsen, J. Reuder, M. J. Churchfield, and M. Godvik (2020), Evaluation
of different wind fields for the investigation of the dynamic response of offshore wind
turbines, Wind Energy, 23 (9), 1810–1830, doi:10.1002/we.2518. 12, 32

Nygaard, N. G., L. Poulsen, E. Svensson, and J. G. Pedersen (2022), Large-scale bench-
marking of wake models for offshore wind farms, Journal of Physics: Conference
Series, 2265, 022,008, doi:10.1088/1742-6596/2265/2/022008. 18

Peña, A., S.-E. Gryning, and J. Mann (2010), On the length-scale of the wind profile,
Quarterly Journal of the Royal Meteorological Society, 136 (653), 2119–2131, doi:10.
1002/qj.714. xiii, 11

Peña, A., P. Réthoré, and M. P. Laan (2016), On the application of the Jensen wake
model using a turbulence-dependent wake decay coefficient: the Sexbierum case, Wind
Energy, 19, 763–776, doi:10.1002/we.1863. 19

Pitt, D., and D. Peters (1981), Theoretical prediction of dynamic-in ow derivatives,
Vertica, 5. 29

Platis, A., S. K. Siedersleben, J. Bange, A. Lampert, K. Bärfuss, R. Hankers, B. Cañadil-
las, R. Foreman, J. Schulz-Stellenfleth, B. Djath, T. Neumann, and S. Emeis (2018),
First in situ evidence of wakes in the far field behind offshore wind farms, Scientific
Reports, 8 (1), 1–10, doi:10.1038/s41598-018-20389-y. 3, 12

Porté-Agel, F., Y.-T. Wu, H. Lu, and R. J. Conzemius (2011), Large-eddy simulation
of atmospheric boundary layer flow through wind turbines and wind farms, Journal
of Wind Engineering and Industrial Aerodynamics, 99 (4), 154–168, doi:10.1016/J.
JWEIA.2011.01.011. 30

Quon, E. W., P. Doubrawa, and M. Debnath (2020), Comparison of rotor wake iden-
tification and characterization methods for the analysis of wake dynamics and evo-
lution, Journal of Physics: Conference Series, 1452, 012,070, doi:10.1088/1742-
6596/1452/1/012070. 14

165

Nielsen, M., H. Ejsing Jørgensen, and S. Frandsen (2009), Wind and wake models for
IEC 61400-1 site assessment, in EWEC 2009 Proceedings online, EWEC, european
Wind Energy Conference and Exhibition, EWEC 2009 ; Conference date: 16-03-2009
Through 19-03-2009. 19

Nijhuis, A. O., O. Krasnov, C. Unal, H. Russchenberg, and A. Yarovoy (2014), Outlook
for a new wind field retrieval technique: The 4D-Var wind retrieval, 2014 International
Radar Conference, pp. 1–6, doi:10.1109/RADAR.2014.7060421. 14

Nunalee, C. G., and S. Basu (2014), Mesoscale modeling of coastal low-level jets: im-
plications for offshore wind resource estimation, Wind Energy, 17, 1199–1216, doi:
10.1002/we.1628. 4

Nybø, A., F. G. Nielsen, and J. Reuder (2019), Processing of sonic anemometer measure-
ments for offshore wind turbine applications, Journal of Physics: Conference Series,
1356, 012,006, doi:10.1088/1742-6596/1356/1/012006. 32

Nybø, A., F. G. Nielsen, J. Reuder, M. J. Churchfield, and M. Godvik (2020), Evaluation
of different wind fields for the investigation of the dynamic response of offshore wind
turbines, Wind Energy, 23 (9), 1810–1830, doi:10.1002/we.2518. 12, 32

Nygaard, N. G., L. Poulsen, E. Svensson, and J. G. Pedersen (2022), Large-scale bench-
marking of wake models for offshore wind farms, Journal of Physics: Conference
Series, 2265, 022,008, doi:10.1088/1742-6596/2265/2/022008. 18

Peña, A., S.-E. Gryning, and J. Mann (2010), On the length-scale of the wind profile,
Quarterly Journal of the Royal Meteorological Society, 136 (653), 2119–2131, doi:10.
1002/qj.714. xiii, 11

Peña, A., P. Réthoré, and M. P. Laan (2016), On the application of the Jensen wake
model using a turbulence-dependent wake decay coefficient: the Sexbierum case, Wind
Energy, 19, 763–776, doi:10.1002/we.1863. 19

Pitt, D., and D. Peters (1981), Theoretical prediction of dynamic-in ow derivatives,
Vertica, 5. 29

Platis, A., S. K. Siedersleben, J. Bange, A. Lampert, K. Bärfuss, R. Hankers, B. Cañadil-
las, R. Foreman, J. Schulz-Stellenfleth, B. Djath, T. Neumann, and S. Emeis (2018),
First in situ evidence of wakes in the far field behind offshore wind farms, Scientific
Reports, 8 (1), 1–10, doi:10.1038/s41598-018-20389-y. 3, 12

Porté-Agel, F., Y.-T. Wu, H. Lu, and R. J. Conzemius (2011), Large-eddy simulation
of atmospheric boundary layer flow through wind turbines and wind farms, Journal
of Wind Engineering and Industrial Aerodynamics, 99 (4), 154–168, doi:10.1016/J.
JWEIA.2011.01.011. 30

Quon, E. W., P. Doubrawa, and M. Debnath (2020), Comparison of rotor wake iden-
tification and characterization methods for the analysis of wake dynamics and evo-
lution, Journal of Physics: Conference Series, 1452, 012,070, doi:10.1088/1742-
6596/1452/1/012070. 14

165

Nielsen,M.,H.EjsingJørgensen,andS.Frandsen(2009),Windandwakemodelsfor
IEC61400-1siteassessment,inEWEC2009Proceedingsonline,EWEC,european
WindEnergyConferenceandExhibition,EWEC2009;Conferencedate:16-03-2009
Through19-03-2009.19

Nijhuis,A.O.,O.Krasnov,C.Unal,H.Russchenberg,andA.Yarovoy(2014),Outlook
foranewwindfieldretrievaltechnique:The4D-Varwindretrieval,2014International
RadarConference,pp.1–6,doi:10.1109/RADAR.2014.7060421.14

Nunalee,C.G.,andS.Basu(2014),Mesoscalemodelingofcoastallow-leveljets:im-
plicationsforoffshorewindresourceestimation,WindEnergy,17,1199–1216,doi:
10.1002/we.1628.4

Nybø,A.,F.G.Nielsen,andJ.Reuder(2019),Processingofsonicanemometermeasure-
mentsforoffshorewindturbineapplications,JournalofPhysics:ConferenceSeries,
1356,012,006,doi:10.1088/1742-6596/1356/1/012006.32

Nybø,A.,F.G.Nielsen,J.Reuder,M.J.Churchfield,andM.Godvik(2020),Evaluation
ofdifferentwindfieldsfortheinvestigationofthedynamicresponseofoffshorewind
turbines,WindEnergy,23(9),1810–1830,doi:10.1002/we.2518.12,32

Nygaard,N.G.,L.Poulsen,E.Svensson,andJ.G.Pedersen(2022),Large-scalebench-
markingofwakemodelsforoffshorewindfarms,JournalofPhysics:Conference
Series,2265,022,008,doi:10.1088/1742-6596/2265/2/022008.18

Peña,A.,S.-E.Gryning,andJ.Mann(2010),Onthelength-scaleofthewindprofile,
QuarterlyJournaloftheRoyalMeteorologicalSociety,136(653),2119–2131,doi:10.
1002/qj.714.xiii,11

Peña,A.,P.Réthoré,andM.P.Laan(2016),OntheapplicationoftheJensenwake
modelusingaturbulence-dependentwakedecaycoefficient:theSexbierumcase,Wind
Energy,19,763–776,doi:10.1002/we.1863.19

Pitt,D.,andD.Peters(1981),Theoreticalpredictionofdynamic-inowderivatives,
Vertica,5.29

Platis,A.,S.K.Siedersleben,J.Bange,A.Lampert,K.Bärfuss,R.Hankers,B.Cañadil-
las,R.Foreman,J.Schulz-Stellenfleth,B.Djath,T.Neumann,andS.Emeis(2018),
Firstinsituevidenceofwakesinthefarfieldbehindoffshorewindfarms,Scientific
Reports,8(1),1–10,doi:10.1038/s41598-018-20389-y.3,12

Porté-Agel,F.,Y.-T.Wu,H.Lu,andR.J.Conzemius(2011),Large-eddysimulation
ofatmosphericboundarylayerflowthroughwindturbinesandwindfarms,Journal
ofWindEngineeringandIndustrialAerodynamics,99(4),154–168,doi:10.1016/J.
JWEIA.2011.01.011.30

Quon,E.W.,P.Doubrawa,andM.Debnath(2020),Comparisonofrotorwakeiden-
tificationandcharacterizationmethodsfortheanalysisofwakedynamicsandevo-
lution,JournalofPhysics:ConferenceSeries,1452,012,070,doi:10.1088/1742-
6596/1452/1/012070.14

165

Nielsen,M.,H.EjsingJørgensen,andS.Frandsen(2009),Windandwakemodelsfor
IEC61400-1siteassessment,inEWEC2009Proceedingsonline,EWEC,european
WindEnergyConferenceandExhibition,EWEC2009;Conferencedate:16-03-2009
Through19-03-2009.19

Nijhuis,A.O.,O.Krasnov,C.Unal,H.Russchenberg,andA.Yarovoy(2014),Outlook
foranewwindfieldretrievaltechnique:The4D-Varwindretrieval,2014International
RadarConference,pp.1–6,doi:10.1109/RADAR.2014.7060421.14

Nunalee,C.G.,andS.Basu(2014),Mesoscalemodelingofcoastallow-leveljets:im-
plicationsforoffshorewindresourceestimation,WindEnergy,17,1199–1216,doi:
10.1002/we.1628.4

Nybø,A.,F.G.Nielsen,andJ.Reuder(2019),Processingofsonicanemometermeasure-
mentsforoffshorewindturbineapplications,JournalofPhysics:ConferenceSeries,
1356,012,006,doi:10.1088/1742-6596/1356/1/012006.32

Nybø,A.,F.G.Nielsen,J.Reuder,M.J.Churchfield,andM.Godvik(2020),Evaluation
ofdifferentwindfieldsfortheinvestigationofthedynamicresponseofoffshorewind
turbines,WindEnergy,23(9),1810–1830,doi:10.1002/we.2518.12,32

Nygaard,N.G.,L.Poulsen,E.Svensson,andJ.G.Pedersen(2022),Large-scalebench-
markingofwakemodelsforoffshorewindfarms,JournalofPhysics:Conference
Series,2265,022,008,doi:10.1088/1742-6596/2265/2/022008.18

Peña,A.,S.-E.Gryning,andJ.Mann(2010),Onthelength-scaleofthewindprofile,
QuarterlyJournaloftheRoyalMeteorologicalSociety,136(653),2119–2131,doi:10.
1002/qj.714.xiii,11

Peña,A.,P.Réthoré,andM.P.Laan(2016),OntheapplicationoftheJensenwake
modelusingaturbulence-dependentwakedecaycoefficient:theSexbierumcase,Wind
Energy,19,763–776,doi:10.1002/we.1863.19

Pitt,D.,andD.Peters(1981),Theoreticalpredictionofdynamic-inowderivatives,
Vertica,5.29

Platis,A.,S.K.Siedersleben,J.Bange,A.Lampert,K.Bärfuss,R.Hankers,B.Cañadil-
las,R.Foreman,J.Schulz-Stellenfleth,B.Djath,T.Neumann,andS.Emeis(2018),
Firstinsituevidenceofwakesinthefarfieldbehindoffshorewindfarms,Scientific
Reports,8(1),1–10,doi:10.1038/s41598-018-20389-y.3,12

Porté-Agel,F.,Y.-T.Wu,H.Lu,andR.J.Conzemius(2011),Large-eddysimulation
ofatmosphericboundarylayerflowthroughwindturbinesandwindfarms,Journal
ofWindEngineeringandIndustrialAerodynamics,99(4),154–168,doi:10.1016/J.
JWEIA.2011.01.011.30

Quon,E.W.,P.Doubrawa,andM.Debnath(2020),Comparisonofrotorwakeiden-
tificationandcharacterizationmethodsfortheanalysisofwakedynamicsandevo-
lution,JournalofPhysics:ConferenceSeries,1452,012,070,doi:10.1088/1742-
6596/1452/1/012070.14

165

Nielsen,M.,H.EjsingJørgensen,andS.Frandsen(2009),Windandwakemodelsfor
IEC61400-1siteassessment,inEWEC2009Proceedingsonline,EWEC,european
WindEnergyConferenceandExhibition,EWEC2009;Conferencedate:16-03-2009
Through19-03-2009.19

Nijhuis,A.O.,O.Krasnov,C.Unal,H.Russchenberg,andA.Yarovoy(2014),Outlook
foranewwindfieldretrievaltechnique:The4D-Varwindretrieval,2014International
RadarConference,pp.1–6,doi:10.1109/RADAR.2014.7060421.14

Nunalee,C.G.,andS.Basu(2014),Mesoscalemodelingofcoastallow-leveljets:im-
plicationsforoffshorewindresourceestimation,WindEnergy,17,1199–1216,doi:
10.1002/we.1628.4

Nybø,A.,F.G.Nielsen,andJ.Reuder(2019),Processingofsonicanemometermeasure-
mentsforoffshorewindturbineapplications,JournalofPhysics:ConferenceSeries,
1356,012,006,doi:10.1088/1742-6596/1356/1/012006.32

Nybø,A.,F.G.Nielsen,J.Reuder,M.J.Churchfield,andM.Godvik(2020),Evaluation
ofdifferentwindfieldsfortheinvestigationofthedynamicresponseofoffshorewind
turbines,WindEnergy,23(9),1810–1830,doi:10.1002/we.2518.12,32

Nygaard,N.G.,L.Poulsen,E.Svensson,andJ.G.Pedersen(2022),Large-scalebench-
markingofwakemodelsforoffshorewindfarms,JournalofPhysics:Conference
Series,2265,022,008,doi:10.1088/1742-6596/2265/2/022008.18

Peña,A.,S.-E.Gryning,andJ.Mann(2010),Onthelength-scaleofthewindprofile,
QuarterlyJournaloftheRoyalMeteorologicalSociety,136(653),2119–2131,doi:10.
1002/qj.714.xiii,11

Peña,A.,P.Réthoré,andM.P.Laan(2016),OntheapplicationoftheJensenwake
modelusingaturbulence-dependentwakedecaycoefficient:theSexbierumcase,Wind
Energy,19,763–776,doi:10.1002/we.1863.19

Pitt,D.,andD.Peters(1981),Theoreticalpredictionofdynamic-inowderivatives,
Vertica,5.29

Platis,A.,S.K.Siedersleben,J.Bange,A.Lampert,K.Bärfuss,R.Hankers,B.Cañadil-
las,R.Foreman,J.Schulz-Stellenfleth,B.Djath,T.Neumann,andS.Emeis(2018),
Firstinsituevidenceofwakesinthefarfieldbehindoffshorewindfarms,Scientific
Reports,8(1),1–10,doi:10.1038/s41598-018-20389-y.3,12

Porté-Agel,F.,Y.-T.Wu,H.Lu,andR.J.Conzemius(2011),Large-eddysimulation
ofatmosphericboundarylayerflowthroughwindturbinesandwindfarms,Journal
ofWindEngineeringandIndustrialAerodynamics,99(4),154–168,doi:10.1016/J.
JWEIA.2011.01.011.30

Quon,E.W.,P.Doubrawa,andM.Debnath(2020),Comparisonofrotorwakeiden-
tificationandcharacterizationmethodsfortheanalysisofwakedynamicsandevo-
lution,JournalofPhysics:ConferenceSeries,1452,012,070,doi:10.1088/1742-
6596/1452/1/012070.14

165

Nielsen,M.,H.EjsingJørgensen,andS.Frandsen(2009),Windandwakemodelsfor
IEC61400-1siteassessment,inEWEC2009Proceedingsonline,EWEC,european
WindEnergyConferenceandExhibition,EWEC2009;Conferencedate:16-03-2009
Through19-03-2009.19

Nijhuis,A.O.,O.Krasnov,C.Unal,H.Russchenberg,andA.Yarovoy(2014),Outlook
foranewwindfieldretrievaltechnique:The4D-Varwindretrieval,2014International
RadarConference,pp.1–6,doi:10.1109/RADAR.2014.7060421.14

Nunalee,C.G.,andS.Basu(2014),Mesoscalemodelingofcoastallow-leveljets:im-
plicationsforoffshorewindresourceestimation,WindEnergy,17,1199–1216,doi:
10.1002/we.1628.4

Nybø,A.,F.G.Nielsen,andJ.Reuder(2019),Processingofsonicanemometermeasure-
mentsforoffshorewindturbineapplications,JournalofPhysics:ConferenceSeries,
1356,012,006,doi:10.1088/1742-6596/1356/1/012006.32

Nybø,A.,F.G.Nielsen,J.Reuder,M.J.Churchfield,andM.Godvik(2020),Evaluation
ofdifferentwindfieldsfortheinvestigationofthedynamicresponseofoffshorewind
turbines,WindEnergy,23(9),1810–1830,doi:10.1002/we.2518.12,32

Nygaard,N.G.,L.Poulsen,E.Svensson,andJ.G.Pedersen(2022),Large-scalebench-
markingofwakemodelsforoffshorewindfarms,JournalofPhysics:Conference
Series,2265,022,008,doi:10.1088/1742-6596/2265/2/022008.18

Peña,A.,S.-E.Gryning,andJ.Mann(2010),Onthelength-scaleofthewindprofile,
QuarterlyJournaloftheRoyalMeteorologicalSociety,136(653),2119–2131,doi:10.
1002/qj.714.xiii,11

Peña,A.,P.Réthoré,andM.P.Laan(2016),OntheapplicationoftheJensenwake
modelusingaturbulence-dependentwakedecaycoefficient:theSexbierumcase,Wind
Energy,19,763–776,doi:10.1002/we.1863.19

Pitt,D.,andD.Peters(1981),Theoreticalpredictionofdynamic-inowderivatives,
Vertica,5.29

Platis,A.,S.K.Siedersleben,J.Bange,A.Lampert,K.Bärfuss,R.Hankers,B.Cañadil-
las,R.Foreman,J.Schulz-Stellenfleth,B.Djath,T.Neumann,andS.Emeis(2018),
Firstinsituevidenceofwakesinthefarfieldbehindoffshorewindfarms,Scientific
Reports,8(1),1–10,doi:10.1038/s41598-018-20389-y.3,12

Porté-Agel,F.,Y.-T.Wu,H.Lu,andR.J.Conzemius(2011),Large-eddysimulation
ofatmosphericboundarylayerflowthroughwindturbinesandwindfarms,Journal
ofWindEngineeringandIndustrialAerodynamics,99(4),154–168,doi:10.1016/J.
JWEIA.2011.01.011.30

Quon,E.W.,P.Doubrawa,andM.Debnath(2020),Comparisonofrotorwakeiden-
tificationandcharacterizationmethodsfortheanalysisofwakedynamicsandevo-
lution,JournalofPhysics:ConferenceSeries,1452,012,070,doi:10.1088/1742-
6596/1452/1/012070.14



166 Bibliography

Rahlves, C., F. Beyrich, and S. Raasch (2022), Scan strategies for wind profiling with
Doppler lidar – a large-eddy simulation (LES)-based evaluation, Atmospheric Mea-
surement Techniques, 15, 2839–2856, doi:10.5194/amt-15-2839-2022. 4

Rankine, W. J. M. (1865), On the mechanical principles of the action of propellers,
Transactions of the Institution of Naval Architects, 6, 13–39. 29

Réthoré, P. E., P. Van Der Laan, N. Troldborg, F. Zahle, and N. N. Sørensen (2014),
Verification and validation of an actuator disc model, Wind Energy, 17 (6), 919–937,
doi:10.1002/we.1607. 29

Rodrigo, J. S., E. Cantero, B. García, F. Borbón, U. Irigoyen, S. Lozano, P. M. Fernande,
and R. A. Chávez (2015), Atmospheric stability assessment for the characterization
of offshore wind conditions, Journal of Physics: Conference Series, 625, 012,044, doi:
10.1088/1742-6596/625/1/012044. 11

Saiki, E. M., C.-H. Moeng, and P. P. Sullivan (2000), Large-eddy simulation of the
stably stratified planetary boundary layer, Boundary-Layer Meteorology, 95, 1–30,
doi:10.1023/A:1002428223156. 25

Sathe, A., S.-E. Gryning, and A. Peña (2011), Comparison of the atmospheric stability
and wind profiles at two wind farm sites over a long marine fetch in the North Sea,
Wind Energy, 14 (6), 767–780, doi:10.1002/we.456. 11

Sathe, A., J. Mann, T. Barlas, W. Bierbooms, and G. van Bussel (2013), Influence
of atmospheric stability on wind turbine loads, Wind Energy, 16, 1013–1032, doi:
10.1002/we.1528. 12

Schmidt, H., and U. Schumann (1989), Coherent structure of the convective boundary
layer derived from large-eddy simulations, Journal of Fluid Mechanics, 200, 511–562,
doi:10.1017/S0022112089000753. 11

Schreiber, J., A. Balbaa, and C. L. Bottasso (2019), Brief communication: A double
Gaussian wake model, Wind Energy Science Discussions, pp. 1–13, doi:10.5194/wes-
2019-52. 21, 22

Shen, W., J. Sørensen, and J. Zhang (2007), Actuator surface model for wind turbine
flow computations, in Proceedings of European Wind Energy Conference 2007. 30

Shen, W. Z., R. Mikkelsen, J. N. Sørensen, and C. Bak (2005a), Tip loss corrections for
wind turbine computations, Wind Energy, 8, 457–475, doi:10.1002/we.153. 29

Shen, W. Z., J. N. Sørensen, and R. Mikkelsen (2005b), Tip loss correction for actua-
tor/Navier–Stokes computations, Journal of Solar Energy Engineering, 127, 209–213,
doi:10.1115/1.1850488. 29

Sherry, M., J. Sheridan, and D. L. Jacono (2013), Characterisation of a horizontal axis
wind turbine’s tip and root vortices, Experiments in Fluids, 54, 1417, doi:10.1007/
s00348-012-1417-y. 7

166Bibliography

Rahlves,C.,F.Beyrich,andS.Raasch(2022),Scanstrategiesforwindprofilingwith
Dopplerlidar–alarge-eddysimulation(LES)-basedevaluation,AtmosphericMea-
surementTechniques,15,2839–2856,doi:10.5194/amt-15-2839-2022.4

Rankine,W.J.M.(1865),Onthemechanicalprinciplesoftheactionofpropellers,
TransactionsoftheInstitutionofNavalArchitects,6,13–39.29

Réthoré,P.E.,P.VanDerLaan,N.Troldborg,F.Zahle,andN.N.Sørensen(2014),
Verificationandvalidationofanactuatordiscmodel,WindEnergy,17(6),919–937,
doi:10.1002/we.1607.29

Rodrigo,J.S.,E.Cantero,B.García,F.Borbón,U.Irigoyen,S.Lozano,P.M.Fernande,
andR.A.Chávez(2015),Atmosphericstabilityassessmentforthecharacterization
ofoffshorewindconditions,JournalofPhysics:ConferenceSeries,625,012,044,doi:
10.1088/1742-6596/625/1/012044.11

Saiki,E.M.,C.-H.Moeng,andP.P.Sullivan(2000),Large-eddysimulationofthe
stablystratifiedplanetaryboundarylayer,Boundary-LayerMeteorology,95,1–30,
doi:10.1023/A:1002428223156.25

Sathe,A.,S.-E.Gryning,andA.Peña(2011),Comparisonoftheatmosphericstability
andwindprofilesattwowindfarmsitesoveralongmarinefetchintheNorthSea,
WindEnergy,14(6),767–780,doi:10.1002/we.456.11

Sathe,A.,J.Mann,T.Barlas,W.Bierbooms,andG.vanBussel(2013),Influence
ofatmosphericstabilityonwindturbineloads,WindEnergy,16,1013–1032,doi:
10.1002/we.1528.12

Schmidt,H.,andU.Schumann(1989),Coherentstructureoftheconvectiveboundary
layerderivedfromlarge-eddysimulations,JournalofFluidMechanics,200,511–562,
doi:10.1017/S0022112089000753.11

Schreiber,J.,A.Balbaa,andC.L.Bottasso(2019),Briefcommunication:Adouble
Gaussianwakemodel,WindEnergyScienceDiscussions,pp.1–13,doi:10.5194/wes-
2019-52.21,22

Shen,W.,J.Sørensen,andJ.Zhang(2007),Actuatorsurfacemodelforwindturbine
flowcomputations,inProceedingsofEuropeanWindEnergyConference2007.30

Shen,W.Z.,R.Mikkelsen,J.N.Sørensen,andC.Bak(2005a),Tiplosscorrectionsfor
windturbinecomputations,WindEnergy,8,457–475,doi:10.1002/we.153.29

Shen,W.Z.,J.N.Sørensen,andR.Mikkelsen(2005b),Tiplosscorrectionforactua-
tor/Navier–Stokescomputations,JournalofSolarEnergyEngineering,127,209–213,
doi:10.1115/1.1850488.29

Sherry,M.,J.Sheridan,andD.L.Jacono(2013),Characterisationofahorizontalaxis
windturbine’stipandrootvortices,ExperimentsinFluids,54,1417,doi:10.1007/
s00348-012-1417-y.7

166Bibliography

Rahlves,C.,F.Beyrich,andS.Raasch(2022),Scanstrategiesforwindprofilingwith
Dopplerlidar–alarge-eddysimulation(LES)-basedevaluation,AtmosphericMea-
surementTechniques,15,2839–2856,doi:10.5194/amt-15-2839-2022.4

Rankine,W.J.M.(1865),Onthemechanicalprinciplesoftheactionofpropellers,
TransactionsoftheInstitutionofNavalArchitects,6,13–39.29

Réthoré,P.E.,P.VanDerLaan,N.Troldborg,F.Zahle,andN.N.Sørensen(2014),
Verificationandvalidationofanactuatordiscmodel,WindEnergy,17(6),919–937,
doi:10.1002/we.1607.29

Rodrigo,J.S.,E.Cantero,B.García,F.Borbón,U.Irigoyen,S.Lozano,P.M.Fernande,
andR.A.Chávez(2015),Atmosphericstabilityassessmentforthecharacterization
ofoffshorewindconditions,JournalofPhysics:ConferenceSeries,625,012,044,doi:
10.1088/1742-6596/625/1/012044.11

Saiki,E.M.,C.-H.Moeng,andP.P.Sullivan(2000),Large-eddysimulationofthe
stablystratifiedplanetaryboundarylayer,Boundary-LayerMeteorology,95,1–30,
doi:10.1023/A:1002428223156.25

Sathe,A.,S.-E.Gryning,andA.Peña(2011),Comparisonoftheatmosphericstability
andwindprofilesattwowindfarmsitesoveralongmarinefetchintheNorthSea,
WindEnergy,14(6),767–780,doi:10.1002/we.456.11

Sathe,A.,J.Mann,T.Barlas,W.Bierbooms,andG.vanBussel(2013),Influence
ofatmosphericstabilityonwindturbineloads,WindEnergy,16,1013–1032,doi:
10.1002/we.1528.12

Schmidt,H.,andU.Schumann(1989),Coherentstructureoftheconvectiveboundary
layerderivedfromlarge-eddysimulations,JournalofFluidMechanics,200,511–562,
doi:10.1017/S0022112089000753.11

Schreiber,J.,A.Balbaa,andC.L.Bottasso(2019),Briefcommunication:Adouble
Gaussianwakemodel,WindEnergyScienceDiscussions,pp.1–13,doi:10.5194/wes-
2019-52.21,22

Shen,W.,J.Sørensen,andJ.Zhang(2007),Actuatorsurfacemodelforwindturbine
flowcomputations,inProceedingsofEuropeanWindEnergyConference2007.30

Shen,W.Z.,R.Mikkelsen,J.N.Sørensen,andC.Bak(2005a),Tiplosscorrectionsfor
windturbinecomputations,WindEnergy,8,457–475,doi:10.1002/we.153.29

Shen,W.Z.,J.N.Sørensen,andR.Mikkelsen(2005b),Tiplosscorrectionforactua-
tor/Navier–Stokescomputations,JournalofSolarEnergyEngineering,127,209–213,
doi:10.1115/1.1850488.29

Sherry,M.,J.Sheridan,andD.L.Jacono(2013),Characterisationofahorizontalaxis
windturbine’stipandrootvortices,ExperimentsinFluids,54,1417,doi:10.1007/
s00348-012-1417-y.7

166 Bibliography

Rahlves, C., F. Beyrich, and S. Raasch (2022), Scan strategies for wind profiling with
Doppler lidar – a large-eddy simulation (LES)-based evaluation, Atmospheric Mea-
surement Techniques, 15, 2839–2856, doi:10.5194/amt-15-2839-2022. 4

Rankine, W. J. M. (1865), On the mechanical principles of the action of propellers,
Transactions of the Institution of Naval Architects, 6, 13–39. 29

Réthoré, P. E., P. Van Der Laan, N. Troldborg, F. Zahle, and N. N. Sørensen (2014),
Verification and validation of an actuator disc model, Wind Energy, 17 (6), 919–937,
doi:10.1002/we.1607. 29

Rodrigo, J. S., E. Cantero, B. García, F. Borbón, U. Irigoyen, S. Lozano, P. M. Fernande,
and R. A. Chávez (2015), Atmospheric stability assessment for the characterization
of offshore wind conditions, Journal of Physics: Conference Series, 625, 012,044, doi:
10.1088/1742-6596/625/1/012044. 11

Saiki, E. M., C.-H. Moeng, and P. P. Sullivan (2000), Large-eddy simulation of the
stably stratified planetary boundary layer, Boundary-Layer Meteorology, 95, 1–30,
doi:10.1023/A:1002428223156. 25

Sathe, A., S.-E. Gryning, and A. Peña (2011), Comparison of the atmospheric stability
and wind profiles at two wind farm sites over a long marine fetch in the North Sea,
Wind Energy, 14 (6), 767–780, doi:10.1002/we.456. 11

Sathe, A., J. Mann, T. Barlas, W. Bierbooms, and G. van Bussel (2013), Influence
of atmospheric stability on wind turbine loads, Wind Energy, 16, 1013–1032, doi:
10.1002/we.1528. 12

Schmidt, H., and U. Schumann (1989), Coherent structure of the convective boundary
layer derived from large-eddy simulations, Journal of Fluid Mechanics, 200, 511–562,
doi:10.1017/S0022112089000753. 11

Schreiber, J., A. Balbaa, and C. L. Bottasso (2019), Brief communication: A double
Gaussian wake model, Wind Energy Science Discussions, pp. 1–13, doi:10.5194/wes-
2019-52. 21, 22

Shen, W., J. Sørensen, and J. Zhang (2007), Actuator surface model for wind turbine
flow computations, in Proceedings of European Wind Energy Conference 2007. 30

Shen, W. Z., R. Mikkelsen, J. N. Sørensen, and C. Bak (2005a), Tip loss corrections for
wind turbine computations, Wind Energy, 8, 457–475, doi:10.1002/we.153. 29

Shen, W. Z., J. N. Sørensen, and R. Mikkelsen (2005b), Tip loss correction for actua-
tor/Navier–Stokes computations, Journal of Solar Energy Engineering, 127, 209–213,
doi:10.1115/1.1850488. 29

Sherry, M., J. Sheridan, and D. L. Jacono (2013), Characterisation of a horizontal axis
wind turbine’s tip and root vortices, Experiments in Fluids, 54, 1417, doi:10.1007/
s00348-012-1417-y. 7

166 Bibliography

Rahlves, C., F. Beyrich, and S. Raasch (2022), Scan strategies for wind profiling with
Doppler lidar – a large-eddy simulation (LES)-based evaluation, Atmospheric Mea-
surement Techniques, 15, 2839–2856, doi:10.5194/amt-15-2839-2022. 4

Rankine, W. J. M. (1865), On the mechanical principles of the action of propellers,
Transactions of the Institution of Naval Architects, 6, 13–39. 29

Réthoré, P. E., P. Van Der Laan, N. Troldborg, F. Zahle, and N. N. Sørensen (2014),
Verification and validation of an actuator disc model, Wind Energy, 17 (6), 919–937,
doi:10.1002/we.1607. 29

Rodrigo, J. S., E. Cantero, B. García, F. Borbón, U. Irigoyen, S. Lozano, P. M. Fernande,
and R. A. Chávez (2015), Atmospheric stability assessment for the characterization
of offshore wind conditions, Journal of Physics: Conference Series, 625, 012,044, doi:
10.1088/1742-6596/625/1/012044. 11

Saiki, E. M., C.-H. Moeng, and P. P. Sullivan (2000), Large-eddy simulation of the
stably stratified planetary boundary layer, Boundary-Layer Meteorology, 95, 1–30,
doi:10.1023/A:1002428223156. 25

Sathe, A., S.-E. Gryning, and A. Peña (2011), Comparison of the atmospheric stability
and wind profiles at two wind farm sites over a long marine fetch in the North Sea,
Wind Energy, 14 (6), 767–780, doi:10.1002/we.456. 11

Sathe, A., J. Mann, T. Barlas, W. Bierbooms, and G. van Bussel (2013), Influence
of atmospheric stability on wind turbine loads, Wind Energy, 16, 1013–1032, doi:
10.1002/we.1528. 12

Schmidt, H., and U. Schumann (1989), Coherent structure of the convective boundary
layer derived from large-eddy simulations, Journal of Fluid Mechanics, 200, 511–562,
doi:10.1017/S0022112089000753. 11

Schreiber, J., A. Balbaa, and C. L. Bottasso (2019), Brief communication: A double
Gaussian wake model, Wind Energy Science Discussions, pp. 1–13, doi:10.5194/wes-
2019-52. 21, 22

Shen, W., J. Sørensen, and J. Zhang (2007), Actuator surface model for wind turbine
flow computations, in Proceedings of European Wind Energy Conference 2007. 30

Shen, W. Z., R. Mikkelsen, J. N. Sørensen, and C. Bak (2005a), Tip loss corrections for
wind turbine computations, Wind Energy, 8, 457–475, doi:10.1002/we.153. 29

Shen, W. Z., J. N. Sørensen, and R. Mikkelsen (2005b), Tip loss correction for actua-
tor/Navier–Stokes computations, Journal of Solar Energy Engineering, 127, 209–213,
doi:10.1115/1.1850488. 29

Sherry, M., J. Sheridan, and D. L. Jacono (2013), Characterisation of a horizontal axis
wind turbine’s tip and root vortices, Experiments in Fluids, 54, 1417, doi:10.1007/
s00348-012-1417-y. 7

166Bibliography

Rahlves,C.,F.Beyrich,andS.Raasch(2022),Scanstrategiesforwindprofilingwith
Dopplerlidar–alarge-eddysimulation(LES)-basedevaluation,AtmosphericMea-
surementTechniques,15,2839–2856,doi:10.5194/amt-15-2839-2022.4

Rankine,W.J.M.(1865),Onthemechanicalprinciplesoftheactionofpropellers,
TransactionsoftheInstitutionofNavalArchitects,6,13–39.29

Réthoré,P.E.,P.VanDerLaan,N.Troldborg,F.Zahle,andN.N.Sørensen(2014),
Verificationandvalidationofanactuatordiscmodel,WindEnergy,17(6),919–937,
doi:10.1002/we.1607.29

Rodrigo,J.S.,E.Cantero,B.García,F.Borbón,U.Irigoyen,S.Lozano,P.M.Fernande,
andR.A.Chávez(2015),Atmosphericstabilityassessmentforthecharacterization
ofoffshorewindconditions,JournalofPhysics:ConferenceSeries,625,012,044,doi:
10.1088/1742-6596/625/1/012044.11

Saiki,E.M.,C.-H.Moeng,andP.P.Sullivan(2000),Large-eddysimulationofthe
stablystratifiedplanetaryboundarylayer,Boundary-LayerMeteorology,95,1–30,
doi:10.1023/A:1002428223156.25

Sathe,A.,S.-E.Gryning,andA.Peña(2011),Comparisonoftheatmosphericstability
andwindprofilesattwowindfarmsitesoveralongmarinefetchintheNorthSea,
WindEnergy,14(6),767–780,doi:10.1002/we.456.11

Sathe,A.,J.Mann,T.Barlas,W.Bierbooms,andG.vanBussel(2013),Influence
ofatmosphericstabilityonwindturbineloads,WindEnergy,16,1013–1032,doi:
10.1002/we.1528.12

Schmidt,H.,andU.Schumann(1989),Coherentstructureoftheconvectiveboundary
layerderivedfromlarge-eddysimulations,JournalofFluidMechanics,200,511–562,
doi:10.1017/S0022112089000753.11

Schreiber,J.,A.Balbaa,andC.L.Bottasso(2019),Briefcommunication:Adouble
Gaussianwakemodel,WindEnergyScienceDiscussions,pp.1–13,doi:10.5194/wes-
2019-52.21,22

Shen,W.,J.Sørensen,andJ.Zhang(2007),Actuatorsurfacemodelforwindturbine
flowcomputations,inProceedingsofEuropeanWindEnergyConference2007.30

Shen,W.Z.,R.Mikkelsen,J.N.Sørensen,andC.Bak(2005a),Tiplosscorrectionsfor
windturbinecomputations,WindEnergy,8,457–475,doi:10.1002/we.153.29

Shen,W.Z.,J.N.Sørensen,andR.Mikkelsen(2005b),Tiplosscorrectionforactua-
tor/Navier–Stokescomputations,JournalofSolarEnergyEngineering,127,209–213,
doi:10.1115/1.1850488.29

Sherry,M.,J.Sheridan,andD.L.Jacono(2013),Characterisationofahorizontalaxis
windturbine’stipandrootvortices,ExperimentsinFluids,54,1417,doi:10.1007/
s00348-012-1417-y.7

166Bibliography

Rahlves,C.,F.Beyrich,andS.Raasch(2022),Scanstrategiesforwindprofilingwith
Dopplerlidar–alarge-eddysimulation(LES)-basedevaluation,AtmosphericMea-
surementTechniques,15,2839–2856,doi:10.5194/amt-15-2839-2022.4

Rankine,W.J.M.(1865),Onthemechanicalprinciplesoftheactionofpropellers,
TransactionsoftheInstitutionofNavalArchitects,6,13–39.29

Réthoré,P.E.,P.VanDerLaan,N.Troldborg,F.Zahle,andN.N.Sørensen(2014),
Verificationandvalidationofanactuatordiscmodel,WindEnergy,17(6),919–937,
doi:10.1002/we.1607.29

Rodrigo,J.S.,E.Cantero,B.García,F.Borbón,U.Irigoyen,S.Lozano,P.M.Fernande,
andR.A.Chávez(2015),Atmosphericstabilityassessmentforthecharacterization
ofoffshorewindconditions,JournalofPhysics:ConferenceSeries,625,012,044,doi:
10.1088/1742-6596/625/1/012044.11

Saiki,E.M.,C.-H.Moeng,andP.P.Sullivan(2000),Large-eddysimulationofthe
stablystratifiedplanetaryboundarylayer,Boundary-LayerMeteorology,95,1–30,
doi:10.1023/A:1002428223156.25

Sathe,A.,S.-E.Gryning,andA.Peña(2011),Comparisonoftheatmosphericstability
andwindprofilesattwowindfarmsitesoveralongmarinefetchintheNorthSea,
WindEnergy,14(6),767–780,doi:10.1002/we.456.11

Sathe,A.,J.Mann,T.Barlas,W.Bierbooms,andG.vanBussel(2013),Influence
ofatmosphericstabilityonwindturbineloads,WindEnergy,16,1013–1032,doi:
10.1002/we.1528.12

Schmidt,H.,andU.Schumann(1989),Coherentstructureoftheconvectiveboundary
layerderivedfromlarge-eddysimulations,JournalofFluidMechanics,200,511–562,
doi:10.1017/S0022112089000753.11

Schreiber,J.,A.Balbaa,andC.L.Bottasso(2019),Briefcommunication:Adouble
Gaussianwakemodel,WindEnergyScienceDiscussions,pp.1–13,doi:10.5194/wes-
2019-52.21,22

Shen,W.,J.Sørensen,andJ.Zhang(2007),Actuatorsurfacemodelforwindturbine
flowcomputations,inProceedingsofEuropeanWindEnergyConference2007.30

Shen,W.Z.,R.Mikkelsen,J.N.Sørensen,andC.Bak(2005a),Tiplosscorrectionsfor
windturbinecomputations,WindEnergy,8,457–475,doi:10.1002/we.153.29

Shen,W.Z.,J.N.Sørensen,andR.Mikkelsen(2005b),Tiplosscorrectionforactua-
tor/Navier–Stokescomputations,JournalofSolarEnergyEngineering,127,209–213,
doi:10.1115/1.1850488.29

Sherry,M.,J.Sheridan,andD.L.Jacono(2013),Characterisationofahorizontalaxis
windturbine’stipandrootvortices,ExperimentsinFluids,54,1417,doi:10.1007/
s00348-012-1417-y.7

166Bibliography

Rahlves,C.,F.Beyrich,andS.Raasch(2022),Scanstrategiesforwindprofilingwith
Dopplerlidar–alarge-eddysimulation(LES)-basedevaluation,AtmosphericMea-
surementTechniques,15,2839–2856,doi:10.5194/amt-15-2839-2022.4

Rankine,W.J.M.(1865),Onthemechanicalprinciplesoftheactionofpropellers,
TransactionsoftheInstitutionofNavalArchitects,6,13–39.29

Réthoré,P.E.,P.VanDerLaan,N.Troldborg,F.Zahle,andN.N.Sørensen(2014),
Verificationandvalidationofanactuatordiscmodel,WindEnergy,17(6),919–937,
doi:10.1002/we.1607.29

Rodrigo,J.S.,E.Cantero,B.García,F.Borbón,U.Irigoyen,S.Lozano,P.M.Fernande,
andR.A.Chávez(2015),Atmosphericstabilityassessmentforthecharacterization
ofoffshorewindconditions,JournalofPhysics:ConferenceSeries,625,012,044,doi:
10.1088/1742-6596/625/1/012044.11

Saiki,E.M.,C.-H.Moeng,andP.P.Sullivan(2000),Large-eddysimulationofthe
stablystratifiedplanetaryboundarylayer,Boundary-LayerMeteorology,95,1–30,
doi:10.1023/A:1002428223156.25

Sathe,A.,S.-E.Gryning,andA.Peña(2011),Comparisonoftheatmosphericstability
andwindprofilesattwowindfarmsitesoveralongmarinefetchintheNorthSea,
WindEnergy,14(6),767–780,doi:10.1002/we.456.11

Sathe,A.,J.Mann,T.Barlas,W.Bierbooms,andG.vanBussel(2013),Influence
ofatmosphericstabilityonwindturbineloads,WindEnergy,16,1013–1032,doi:
10.1002/we.1528.12

Schmidt,H.,andU.Schumann(1989),Coherentstructureoftheconvectiveboundary
layerderivedfromlarge-eddysimulations,JournalofFluidMechanics,200,511–562,
doi:10.1017/S0022112089000753.11

Schreiber,J.,A.Balbaa,andC.L.Bottasso(2019),Briefcommunication:Adouble
Gaussianwakemodel,WindEnergyScienceDiscussions,pp.1–13,doi:10.5194/wes-
2019-52.21,22

Shen,W.,J.Sørensen,andJ.Zhang(2007),Actuatorsurfacemodelforwindturbine
flowcomputations,inProceedingsofEuropeanWindEnergyConference2007.30

Shen,W.Z.,R.Mikkelsen,J.N.Sørensen,andC.Bak(2005a),Tiplosscorrectionsfor
windturbinecomputations,WindEnergy,8,457–475,doi:10.1002/we.153.29

Shen,W.Z.,J.N.Sørensen,andR.Mikkelsen(2005b),Tiplosscorrectionforactua-
tor/Navier–Stokescomputations,JournalofSolarEnergyEngineering,127,209–213,
doi:10.1115/1.1850488.29

Sherry,M.,J.Sheridan,andD.L.Jacono(2013),Characterisationofahorizontalaxis
windturbine’stipandrootvortices,ExperimentsinFluids,54,1417,doi:10.1007/
s00348-012-1417-y.7

166Bibliography

Rahlves,C.,F.Beyrich,andS.Raasch(2022),Scanstrategiesforwindprofilingwith
Dopplerlidar–alarge-eddysimulation(LES)-basedevaluation,AtmosphericMea-
surementTechniques,15,2839–2856,doi:10.5194/amt-15-2839-2022.4

Rankine,W.J.M.(1865),Onthemechanicalprinciplesoftheactionofpropellers,
TransactionsoftheInstitutionofNavalArchitects,6,13–39.29

Réthoré,P.E.,P.VanDerLaan,N.Troldborg,F.Zahle,andN.N.Sørensen(2014),
Verificationandvalidationofanactuatordiscmodel,WindEnergy,17(6),919–937,
doi:10.1002/we.1607.29

Rodrigo,J.S.,E.Cantero,B.García,F.Borbón,U.Irigoyen,S.Lozano,P.M.Fernande,
andR.A.Chávez(2015),Atmosphericstabilityassessmentforthecharacterization
ofoffshorewindconditions,JournalofPhysics:ConferenceSeries,625,012,044,doi:
10.1088/1742-6596/625/1/012044.11

Saiki,E.M.,C.-H.Moeng,andP.P.Sullivan(2000),Large-eddysimulationofthe
stablystratifiedplanetaryboundarylayer,Boundary-LayerMeteorology,95,1–30,
doi:10.1023/A:1002428223156.25

Sathe,A.,S.-E.Gryning,andA.Peña(2011),Comparisonoftheatmosphericstability
andwindprofilesattwowindfarmsitesoveralongmarinefetchintheNorthSea,
WindEnergy,14(6),767–780,doi:10.1002/we.456.11

Sathe,A.,J.Mann,T.Barlas,W.Bierbooms,andG.vanBussel(2013),Influence
ofatmosphericstabilityonwindturbineloads,WindEnergy,16,1013–1032,doi:
10.1002/we.1528.12

Schmidt,H.,andU.Schumann(1989),Coherentstructureoftheconvectiveboundary
layerderivedfromlarge-eddysimulations,JournalofFluidMechanics,200,511–562,
doi:10.1017/S0022112089000753.11

Schreiber,J.,A.Balbaa,andC.L.Bottasso(2019),Briefcommunication:Adouble
Gaussianwakemodel,WindEnergyScienceDiscussions,pp.1–13,doi:10.5194/wes-
2019-52.21,22

Shen,W.,J.Sørensen,andJ.Zhang(2007),Actuatorsurfacemodelforwindturbine
flowcomputations,inProceedingsofEuropeanWindEnergyConference2007.30

Shen,W.Z.,R.Mikkelsen,J.N.Sørensen,andC.Bak(2005a),Tiplosscorrectionsfor
windturbinecomputations,WindEnergy,8,457–475,doi:10.1002/we.153.29

Shen,W.Z.,J.N.Sørensen,andR.Mikkelsen(2005b),Tiplosscorrectionforactua-
tor/Navier–Stokescomputations,JournalofSolarEnergyEngineering,127,209–213,
doi:10.1115/1.1850488.29

Sherry,M.,J.Sheridan,andD.L.Jacono(2013),Characterisationofahorizontalaxis
windturbine’stipandrootvortices,ExperimentsinFluids,54,1417,doi:10.1007/
s00348-012-1417-y.7



167

Simley, E., N. Angelou, T. Mikkelsen, M. Sjöholm, J. Mann, and L. Y. Pao (2016),
Characterization of wind velocities in the upstream induction zone of a wind turbine
using scanning continuous-wave lidars, Journal of Renewable and Sustainable Energy,
8, 13,301, doi:10.1063/1.4940025. 7

Smagorinsky, J. (1963), General circulation experiments with the primitive equa-
tions, Monthly Weather Review, 91, 99–164, doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2. 23

Smedman, A.-S., H. Bergström, and U. Högström (1995), Spectra, variances and length
scales in a marine stable boundary layer dominated by a low level jet, Boundary-Layer
Meteorology, 76, 211–232, doi:10.1007/BF00709352. 12

Snel, H., and J. G. Schepers (1995), Joint investigation of dynamic inflow effects and
implementation of an engineering method, Tech. rep., Netherlands Energy Research
Foundation (ECN). 28

Sørensen, N. N., J. A. Michelsen, and S. Schreck (2002), Navier–Stokes predictions of
the NREL phase VI rotor in the NASA Ames 80 ft x 120 ft wind tunnel, Wind Energy,
5, 151–169, doi:10.1002/we.64. 22

Spalart, P. R. (2009), Detached-eddy simulation, Annual Review of Fluid Mechanics, 41,
181–202, doi:10.1146/annurev.fluid.010908.165130. 24

Späth, F., A. Behrendt, W. A. Brewer, D. Lange, C. Senff, D. D. Turner, T. J. Wagner,
and V. Wulfmeyer (2022), Simultaneous observations of surface layer profiles of humid-
ity, temperature, and wind using scanning lidar instruments, Journal of Geophysical
Research: Atmospheres, 127, e2021JD035,697, doi:10.1029/2021JD035697. 13

Stevens, R. J., D. F. Gayme, and C. Meneveau (2016), Effects of turbine spacing on
the power output of extended wind-farms, Wind Energy, 19, 359–370, doi:10.1002/we.
1835. 3

Stull, R. (1988), An Introduction to Boundary Layer Meteorology, Atmospheric and
Oceanographic Sciences Library, Springer Netherlands, doi:10.1007/978-94-009-3027-
8. 10, 11

Tao, S., Q. Xu, A. Feijóo, G. Zheng, and J. Zhou (2020), Nonuniform wind farm layout
optimization: A state-of-the-art review, Energy, 209, 118,339, doi:10.1016/j.energy.
2020.118339. 3, 18

The Offshore Boundary-Layer Observatory (OBLO) (2015), The Offshoe Boundary-
Layer Experiment at Fino1 (OBLEX-F1), https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/, accessed: 24-11-2023. 31

Troldborg, N., F. Zahle, P.-E. Réthoré, and N. N. Sørensen (2015), Comparison of wind
turbine wake properties in non-sheared inflow predicted by different computational
fluid dynamics rotor models, Wind Energy, 18 (7), 1239–1250, doi:10.1002/we.1757.
29

167

Simley,E.,N.Angelou,T.Mikkelsen,M.Sjöholm,J.Mann,andL.Y.Pao(2016),
Characterizationofwindvelocitiesintheupstreaminductionzoneofawindturbine
usingscanningcontinuous-wavelidars,JournalofRenewableandSustainableEnergy,
8,13,301,doi:10.1063/1.4940025.7

Smagorinsky,J.(1963),Generalcirculationexperimentswiththeprimitiveequa-
tions,MonthlyWeatherReview,91,99–164,doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2.23

Smedman,A.-S.,H.Bergström,andU.Högström(1995),Spectra,variancesandlength
scalesinamarinestableboundarylayerdominatedbyalowleveljet,Boundary-Layer
Meteorology,76,211–232,doi:10.1007/BF00709352.12

Snel,H.,andJ.G.Schepers(1995),Jointinvestigationofdynamicinfloweffectsand
implementationofanengineeringmethod,Tech.rep.,NetherlandsEnergyResearch
Foundation(ECN).28

Sørensen,N.N.,J.A.Michelsen,andS.Schreck(2002),Navier–Stokespredictionsof
theNRELphaseVIrotorintheNASAAmes80ftx120ftwindtunnel,WindEnergy,
5,151–169,doi:10.1002/we.64.22

Spalart,P.R.(2009),Detached-eddysimulation,AnnualReviewofFluidMechanics,41,
181–202,doi:10.1146/annurev.fluid.010908.165130.24

Späth,F.,A.Behrendt,W.A.Brewer,D.Lange,C.Senff,D.D.Turner,T.J.Wagner,
andV.Wulfmeyer(2022),Simultaneousobservationsofsurfacelayerprofilesofhumid-
ity,temperature,andwindusingscanninglidarinstruments,JournalofGeophysical
Research:Atmospheres,127,e2021JD035,697,doi:10.1029/2021JD035697.13

Stevens,R.J.,D.F.Gayme,andC.Meneveau(2016),Effectsofturbinespacingon
thepoweroutputofextendedwind-farms,WindEnergy,19,359–370,doi:10.1002/we.
1835.3

Stull,R.(1988),AnIntroductiontoBoundaryLayerMeteorology,Atmosphericand
OceanographicSciencesLibrary,SpringerNetherlands,doi:10.1007/978-94-009-3027-
8.10,11

Tao,S.,Q.Xu,A.Feijóo,G.Zheng,andJ.Zhou(2020),Nonuniformwindfarmlayout
optimization:Astate-of-the-artreview,Energy,209,118,339,doi:10.1016/j.energy.
2020.118339.3,18

TheOffshoreBoundary-LayerObservatory(OBLO)(2015),TheOffshoeBoundary-
LayerExperimentatFino1(OBLEX-F1),https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/,accessed:24-11-2023.31

Troldborg,N.,F.Zahle,P.-E.Réthoré,andN.N.Sørensen(2015),Comparisonofwind
turbinewakepropertiesinnon-shearedinflowpredictedbydifferentcomputational
fluiddynamicsrotormodels,WindEnergy,18(7),1239–1250,doi:10.1002/we.1757.
29

167

Simley,E.,N.Angelou,T.Mikkelsen,M.Sjöholm,J.Mann,andL.Y.Pao(2016),
Characterizationofwindvelocitiesintheupstreaminductionzoneofawindturbine
usingscanningcontinuous-wavelidars,JournalofRenewableandSustainableEnergy,
8,13,301,doi:10.1063/1.4940025.7

Smagorinsky,J.(1963),Generalcirculationexperimentswiththeprimitiveequa-
tions,MonthlyWeatherReview,91,99–164,doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2.23

Smedman,A.-S.,H.Bergström,andU.Högström(1995),Spectra,variancesandlength
scalesinamarinestableboundarylayerdominatedbyalowleveljet,Boundary-Layer
Meteorology,76,211–232,doi:10.1007/BF00709352.12

Snel,H.,andJ.G.Schepers(1995),Jointinvestigationofdynamicinfloweffectsand
implementationofanengineeringmethod,Tech.rep.,NetherlandsEnergyResearch
Foundation(ECN).28

Sørensen,N.N.,J.A.Michelsen,andS.Schreck(2002),Navier–Stokespredictionsof
theNRELphaseVIrotorintheNASAAmes80ftx120ftwindtunnel,WindEnergy,
5,151–169,doi:10.1002/we.64.22

Spalart,P.R.(2009),Detached-eddysimulation,AnnualReviewofFluidMechanics,41,
181–202,doi:10.1146/annurev.fluid.010908.165130.24

Späth,F.,A.Behrendt,W.A.Brewer,D.Lange,C.Senff,D.D.Turner,T.J.Wagner,
andV.Wulfmeyer(2022),Simultaneousobservationsofsurfacelayerprofilesofhumid-
ity,temperature,andwindusingscanninglidarinstruments,JournalofGeophysical
Research:Atmospheres,127,e2021JD035,697,doi:10.1029/2021JD035697.13

Stevens,R.J.,D.F.Gayme,andC.Meneveau(2016),Effectsofturbinespacingon
thepoweroutputofextendedwind-farms,WindEnergy,19,359–370,doi:10.1002/we.
1835.3

Stull,R.(1988),AnIntroductiontoBoundaryLayerMeteorology,Atmosphericand
OceanographicSciencesLibrary,SpringerNetherlands,doi:10.1007/978-94-009-3027-
8.10,11

Tao,S.,Q.Xu,A.Feijóo,G.Zheng,andJ.Zhou(2020),Nonuniformwindfarmlayout
optimization:Astate-of-the-artreview,Energy,209,118,339,doi:10.1016/j.energy.
2020.118339.3,18

TheOffshoreBoundary-LayerObservatory(OBLO)(2015),TheOffshoeBoundary-
LayerExperimentatFino1(OBLEX-F1),https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/,accessed:24-11-2023.31

Troldborg,N.,F.Zahle,P.-E.Réthoré,andN.N.Sørensen(2015),Comparisonofwind
turbinewakepropertiesinnon-shearedinflowpredictedbydifferentcomputational
fluiddynamicsrotormodels,WindEnergy,18(7),1239–1250,doi:10.1002/we.1757.
29

167

Simley, E., N. Angelou, T. Mikkelsen, M. Sjöholm, J. Mann, and L. Y. Pao (2016),
Characterization of wind velocities in the upstream induction zone of a wind turbine
using scanning continuous-wave lidars, Journal of Renewable and Sustainable Energy,
8, 13,301, doi:10.1063/1.4940025. 7

Smagorinsky, J. (1963), General circulation experiments with the primitive equa-
tions, Monthly Weather Review, 91, 99–164, doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2. 23

Smedman, A.-S., H. Bergström, and U. Högström (1995), Spectra, variances and length
scales in a marine stable boundary layer dominated by a low level jet, Boundary-Layer
Meteorology, 76, 211–232, doi:10.1007/BF00709352. 12

Snel, H., and J. G. Schepers (1995), Joint investigation of dynamic inflow effects and
implementation of an engineering method, Tech. rep., Netherlands Energy Research
Foundation (ECN). 28

Sørensen, N. N., J. A. Michelsen, and S. Schreck (2002), Navier–Stokes predictions of
the NREL phase VI rotor in the NASA Ames 80 ft x 120 ft wind tunnel, Wind Energy,
5, 151–169, doi:10.1002/we.64. 22

Spalart, P. R. (2009), Detached-eddy simulation, Annual Review of Fluid Mechanics, 41,
181–202, doi:10.1146/annurev.fluid.010908.165130. 24

Späth, F., A. Behrendt, W. A. Brewer, D. Lange, C. Senff, D. D. Turner, T. J. Wagner,
and V. Wulfmeyer (2022), Simultaneous observations of surface layer profiles of humid-
ity, temperature, and wind using scanning lidar instruments, Journal of Geophysical
Research: Atmospheres, 127, e2021JD035,697, doi:10.1029/2021JD035697. 13

Stevens, R. J., D. F. Gayme, and C. Meneveau (2016), Effects of turbine spacing on
the power output of extended wind-farms, Wind Energy, 19, 359–370, doi:10.1002/we.
1835. 3

Stull, R. (1988), An Introduction to Boundary Layer Meteorology, Atmospheric and
Oceanographic Sciences Library, Springer Netherlands, doi:10.1007/978-94-009-3027-
8. 10, 11

Tao, S., Q. Xu, A. Feijóo, G. Zheng, and J. Zhou (2020), Nonuniform wind farm layout
optimization: A state-of-the-art review, Energy, 209, 118,339, doi:10.1016/j.energy.
2020.118339. 3, 18

The Offshore Boundary-Layer Observatory (OBLO) (2015), The Offshoe Boundary-
Layer Experiment at Fino1 (OBLEX-F1), https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/, accessed: 24-11-2023. 31

Troldborg, N., F. Zahle, P.-E. Réthoré, and N. N. Sørensen (2015), Comparison of wind
turbine wake properties in non-sheared inflow predicted by different computational
fluid dynamics rotor models, Wind Energy, 18 (7), 1239–1250, doi:10.1002/we.1757.
29

167

Simley, E., N. Angelou, T. Mikkelsen, M. Sjöholm, J. Mann, and L. Y. Pao (2016),
Characterization of wind velocities in the upstream induction zone of a wind turbine
using scanning continuous-wave lidars, Journal of Renewable and Sustainable Energy,
8, 13,301, doi:10.1063/1.4940025. 7

Smagorinsky, J. (1963), General circulation experiments with the primitive equa-
tions, Monthly Weather Review, 91, 99–164, doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2. 23

Smedman, A.-S., H. Bergström, and U. Högström (1995), Spectra, variances and length
scales in a marine stable boundary layer dominated by a low level jet, Boundary-Layer
Meteorology, 76, 211–232, doi:10.1007/BF00709352. 12

Snel, H., and J. G. Schepers (1995), Joint investigation of dynamic inflow effects and
implementation of an engineering method, Tech. rep., Netherlands Energy Research
Foundation (ECN). 28

Sørensen, N. N., J. A. Michelsen, and S. Schreck (2002), Navier–Stokes predictions of
the NREL phase VI rotor in the NASA Ames 80 ft x 120 ft wind tunnel, Wind Energy,
5, 151–169, doi:10.1002/we.64. 22

Spalart, P. R. (2009), Detached-eddy simulation, Annual Review of Fluid Mechanics, 41,
181–202, doi:10.1146/annurev.fluid.010908.165130. 24

Späth, F., A. Behrendt, W. A. Brewer, D. Lange, C. Senff, D. D. Turner, T. J. Wagner,
and V. Wulfmeyer (2022), Simultaneous observations of surface layer profiles of humid-
ity, temperature, and wind using scanning lidar instruments, Journal of Geophysical
Research: Atmospheres, 127, e2021JD035,697, doi:10.1029/2021JD035697. 13

Stevens, R. J., D. F. Gayme, and C. Meneveau (2016), Effects of turbine spacing on
the power output of extended wind-farms, Wind Energy, 19, 359–370, doi:10.1002/we.
1835. 3

Stull, R. (1988), An Introduction to Boundary Layer Meteorology, Atmospheric and
Oceanographic Sciences Library, Springer Netherlands, doi:10.1007/978-94-009-3027-
8. 10, 11

Tao, S., Q. Xu, A. Feijóo, G. Zheng, and J. Zhou (2020), Nonuniform wind farm layout
optimization: A state-of-the-art review, Energy, 209, 118,339, doi:10.1016/j.energy.
2020.118339. 3, 18

The Offshore Boundary-Layer Observatory (OBLO) (2015), The Offshoe Boundary-
Layer Experiment at Fino1 (OBLEX-F1), https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/, accessed: 24-11-2023. 31

Troldborg, N., F. Zahle, P.-E. Réthoré, and N. N. Sørensen (2015), Comparison of wind
turbine wake properties in non-sheared inflow predicted by different computational
fluid dynamics rotor models, Wind Energy, 18 (7), 1239–1250, doi:10.1002/we.1757.
29

167

Simley,E.,N.Angelou,T.Mikkelsen,M.Sjöholm,J.Mann,andL.Y.Pao(2016),
Characterizationofwindvelocitiesintheupstreaminductionzoneofawindturbine
usingscanningcontinuous-wavelidars,JournalofRenewableandSustainableEnergy,
8,13,301,doi:10.1063/1.4940025.7

Smagorinsky,J.(1963),Generalcirculationexperimentswiththeprimitiveequa-
tions,MonthlyWeatherReview,91,99–164,doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2.23

Smedman,A.-S.,H.Bergström,andU.Högström(1995),Spectra,variancesandlength
scalesinamarinestableboundarylayerdominatedbyalowleveljet,Boundary-Layer
Meteorology,76,211–232,doi:10.1007/BF00709352.12

Snel,H.,andJ.G.Schepers(1995),Jointinvestigationofdynamicinfloweffectsand
implementationofanengineeringmethod,Tech.rep.,NetherlandsEnergyResearch
Foundation(ECN).28

Sørensen,N.N.,J.A.Michelsen,andS.Schreck(2002),Navier–Stokespredictionsof
theNRELphaseVIrotorintheNASAAmes80ftx120ftwindtunnel,WindEnergy,
5,151–169,doi:10.1002/we.64.22

Spalart,P.R.(2009),Detached-eddysimulation,AnnualReviewofFluidMechanics,41,
181–202,doi:10.1146/annurev.fluid.010908.165130.24

Späth,F.,A.Behrendt,W.A.Brewer,D.Lange,C.Senff,D.D.Turner,T.J.Wagner,
andV.Wulfmeyer(2022),Simultaneousobservationsofsurfacelayerprofilesofhumid-
ity,temperature,andwindusingscanninglidarinstruments,JournalofGeophysical
Research:Atmospheres,127,e2021JD035,697,doi:10.1029/2021JD035697.13

Stevens,R.J.,D.F.Gayme,andC.Meneveau(2016),Effectsofturbinespacingon
thepoweroutputofextendedwind-farms,WindEnergy,19,359–370,doi:10.1002/we.
1835.3

Stull,R.(1988),AnIntroductiontoBoundaryLayerMeteorology,Atmosphericand
OceanographicSciencesLibrary,SpringerNetherlands,doi:10.1007/978-94-009-3027-
8.10,11

Tao,S.,Q.Xu,A.Feijóo,G.Zheng,andJ.Zhou(2020),Nonuniformwindfarmlayout
optimization:Astate-of-the-artreview,Energy,209,118,339,doi:10.1016/j.energy.
2020.118339.3,18

TheOffshoreBoundary-LayerObservatory(OBLO)(2015),TheOffshoeBoundary-
LayerExperimentatFino1(OBLEX-F1),https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/,accessed:24-11-2023.31

Troldborg,N.,F.Zahle,P.-E.Réthoré,andN.N.Sørensen(2015),Comparisonofwind
turbinewakepropertiesinnon-shearedinflowpredictedbydifferentcomputational
fluiddynamicsrotormodels,WindEnergy,18(7),1239–1250,doi:10.1002/we.1757.
29

167

Simley,E.,N.Angelou,T.Mikkelsen,M.Sjöholm,J.Mann,andL.Y.Pao(2016),
Characterizationofwindvelocitiesintheupstreaminductionzoneofawindturbine
usingscanningcontinuous-wavelidars,JournalofRenewableandSustainableEnergy,
8,13,301,doi:10.1063/1.4940025.7

Smagorinsky,J.(1963),Generalcirculationexperimentswiththeprimitiveequa-
tions,MonthlyWeatherReview,91,99–164,doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2.23

Smedman,A.-S.,H.Bergström,andU.Högström(1995),Spectra,variancesandlength
scalesinamarinestableboundarylayerdominatedbyalowleveljet,Boundary-Layer
Meteorology,76,211–232,doi:10.1007/BF00709352.12

Snel,H.,andJ.G.Schepers(1995),Jointinvestigationofdynamicinfloweffectsand
implementationofanengineeringmethod,Tech.rep.,NetherlandsEnergyResearch
Foundation(ECN).28

Sørensen,N.N.,J.A.Michelsen,andS.Schreck(2002),Navier–Stokespredictionsof
theNRELphaseVIrotorintheNASAAmes80ftx120ftwindtunnel,WindEnergy,
5,151–169,doi:10.1002/we.64.22

Spalart,P.R.(2009),Detached-eddysimulation,AnnualReviewofFluidMechanics,41,
181–202,doi:10.1146/annurev.fluid.010908.165130.24

Späth,F.,A.Behrendt,W.A.Brewer,D.Lange,C.Senff,D.D.Turner,T.J.Wagner,
andV.Wulfmeyer(2022),Simultaneousobservationsofsurfacelayerprofilesofhumid-
ity,temperature,andwindusingscanninglidarinstruments,JournalofGeophysical
Research:Atmospheres,127,e2021JD035,697,doi:10.1029/2021JD035697.13

Stevens,R.J.,D.F.Gayme,andC.Meneveau(2016),Effectsofturbinespacingon
thepoweroutputofextendedwind-farms,WindEnergy,19,359–370,doi:10.1002/we.
1835.3

Stull,R.(1988),AnIntroductiontoBoundaryLayerMeteorology,Atmosphericand
OceanographicSciencesLibrary,SpringerNetherlands,doi:10.1007/978-94-009-3027-
8.10,11

Tao,S.,Q.Xu,A.Feijóo,G.Zheng,andJ.Zhou(2020),Nonuniformwindfarmlayout
optimization:Astate-of-the-artreview,Energy,209,118,339,doi:10.1016/j.energy.
2020.118339.3,18

TheOffshoreBoundary-LayerObservatory(OBLO)(2015),TheOffshoeBoundary-
LayerExperimentatFino1(OBLEX-F1),https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/,accessed:24-11-2023.31

Troldborg,N.,F.Zahle,P.-E.Réthoré,andN.N.Sørensen(2015),Comparisonofwind
turbinewakepropertiesinnon-shearedinflowpredictedbydifferentcomputational
fluiddynamicsrotormodels,WindEnergy,18(7),1239–1250,doi:10.1002/we.1757.
29

167

Simley,E.,N.Angelou,T.Mikkelsen,M.Sjöholm,J.Mann,andL.Y.Pao(2016),
Characterizationofwindvelocitiesintheupstreaminductionzoneofawindturbine
usingscanningcontinuous-wavelidars,JournalofRenewableandSustainableEnergy,
8,13,301,doi:10.1063/1.4940025.7

Smagorinsky,J.(1963),Generalcirculationexperimentswiththeprimitiveequa-
tions,MonthlyWeatherReview,91,99–164,doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2.23

Smedman,A.-S.,H.Bergström,andU.Högström(1995),Spectra,variancesandlength
scalesinamarinestableboundarylayerdominatedbyalowleveljet,Boundary-Layer
Meteorology,76,211–232,doi:10.1007/BF00709352.12

Snel,H.,andJ.G.Schepers(1995),Jointinvestigationofdynamicinfloweffectsand
implementationofanengineeringmethod,Tech.rep.,NetherlandsEnergyResearch
Foundation(ECN).28

Sørensen,N.N.,J.A.Michelsen,andS.Schreck(2002),Navier–Stokespredictionsof
theNRELphaseVIrotorintheNASAAmes80ftx120ftwindtunnel,WindEnergy,
5,151–169,doi:10.1002/we.64.22

Spalart,P.R.(2009),Detached-eddysimulation,AnnualReviewofFluidMechanics,41,
181–202,doi:10.1146/annurev.fluid.010908.165130.24

Späth,F.,A.Behrendt,W.A.Brewer,D.Lange,C.Senff,D.D.Turner,T.J.Wagner,
andV.Wulfmeyer(2022),Simultaneousobservationsofsurfacelayerprofilesofhumid-
ity,temperature,andwindusingscanninglidarinstruments,JournalofGeophysical
Research:Atmospheres,127,e2021JD035,697,doi:10.1029/2021JD035697.13

Stevens,R.J.,D.F.Gayme,andC.Meneveau(2016),Effectsofturbinespacingon
thepoweroutputofextendedwind-farms,WindEnergy,19,359–370,doi:10.1002/we.
1835.3

Stull,R.(1988),AnIntroductiontoBoundaryLayerMeteorology,Atmosphericand
OceanographicSciencesLibrary,SpringerNetherlands,doi:10.1007/978-94-009-3027-
8.10,11

Tao,S.,Q.Xu,A.Feijóo,G.Zheng,andJ.Zhou(2020),Nonuniformwindfarmlayout
optimization:Astate-of-the-artreview,Energy,209,118,339,doi:10.1016/j.energy.
2020.118339.3,18

TheOffshoreBoundary-LayerObservatory(OBLO)(2015),TheOffshoeBoundary-
LayerExperimentatFino1(OBLEX-F1),https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/,accessed:24-11-2023.31

Troldborg,N.,F.Zahle,P.-E.Réthoré,andN.N.Sørensen(2015),Comparisonofwind
turbinewakepropertiesinnon-shearedinflowpredictedbydifferentcomputational
fluiddynamicsrotormodels,WindEnergy,18(7),1239–1250,doi:10.1002/we.1757.
29

167

Simley,E.,N.Angelou,T.Mikkelsen,M.Sjöholm,J.Mann,andL.Y.Pao(2016),
Characterizationofwindvelocitiesintheupstreaminductionzoneofawindturbine
usingscanningcontinuous-wavelidars,JournalofRenewableandSustainableEnergy,
8,13,301,doi:10.1063/1.4940025.7

Smagorinsky,J.(1963),Generalcirculationexperimentswiththeprimitiveequa-
tions,MonthlyWeatherReview,91,99–164,doi:10.1175/1520-0493(1963)091<0099:
GCEWTP>2.3.CO;2.23

Smedman,A.-S.,H.Bergström,andU.Högström(1995),Spectra,variancesandlength
scalesinamarinestableboundarylayerdominatedbyalowleveljet,Boundary-Layer
Meteorology,76,211–232,doi:10.1007/BF00709352.12

Snel,H.,andJ.G.Schepers(1995),Jointinvestigationofdynamicinfloweffectsand
implementationofanengineeringmethod,Tech.rep.,NetherlandsEnergyResearch
Foundation(ECN).28

Sørensen,N.N.,J.A.Michelsen,andS.Schreck(2002),Navier–Stokespredictionsof
theNRELphaseVIrotorintheNASAAmes80ftx120ftwindtunnel,WindEnergy,
5,151–169,doi:10.1002/we.64.22

Spalart,P.R.(2009),Detached-eddysimulation,AnnualReviewofFluidMechanics,41,
181–202,doi:10.1146/annurev.fluid.010908.165130.24

Späth,F.,A.Behrendt,W.A.Brewer,D.Lange,C.Senff,D.D.Turner,T.J.Wagner,
andV.Wulfmeyer(2022),Simultaneousobservationsofsurfacelayerprofilesofhumid-
ity,temperature,andwindusingscanninglidarinstruments,JournalofGeophysical
Research:Atmospheres,127,e2021JD035,697,doi:10.1029/2021JD035697.13

Stevens,R.J.,D.F.Gayme,andC.Meneveau(2016),Effectsofturbinespacingon
thepoweroutputofextendedwind-farms,WindEnergy,19,359–370,doi:10.1002/we.
1835.3

Stull,R.(1988),AnIntroductiontoBoundaryLayerMeteorology,Atmosphericand
OceanographicSciencesLibrary,SpringerNetherlands,doi:10.1007/978-94-009-3027-
8.10,11

Tao,S.,Q.Xu,A.Feijóo,G.Zheng,andJ.Zhou(2020),Nonuniformwindfarmlayout
optimization:Astate-of-the-artreview,Energy,209,118,339,doi:10.1016/j.energy.
2020.118339.3,18

TheOffshoreBoundary-LayerObservatory(OBLO)(2015),TheOffshoeBoundary-
LayerExperimentatFino1(OBLEX-F1),https://oblo.w.uib.no/activities/
the-oblex-f1-measurment-campaign/,accessed:24-11-2023.31

Troldborg,N.,F.Zahle,P.-E.Réthoré,andN.N.Sørensen(2015),Comparisonofwind
turbinewakepropertiesinnon-shearedinflowpredictedbydifferentcomputational
fluiddynamicsrotormodels,WindEnergy,18(7),1239–1250,doi:10.1002/we.1757.
29



168 Bibliography

Trujillo, J. J., F. Bingöl, G. C. Larsen, J. Mann, and M. Kühn (2011), Light detection and
ranging measurements of wake dynamics. Part II: Two-dimensional scanning, Wind
Energy, 14 (1), 61–75, doi:10.1002/we.402. 13

Türk, M., and S. Emeis (2010), The dependence of offshore turbulence intensity on
wind speed, Journal of Wind Engineering and Industrial Aerodynamics, 98, 466–471,
doi:10.1016/j.jweia.2010.02.005. 12

van der Laan, M. P., and N. N. Sørensen (2017), Why the Coriolis force turns a wind
farm wake clockwise in the Northern Hemisphere, Wind Energy Science, 2, 285–294,
doi:10.5194/wes-2-285-2017. 8

Vermeer, L., J. Sørensen, and A. Crespo (2003), Wind turbine wake aerodynamics,
Progress in Aerospace Sciences, 39, 467–510, doi:10.1016/S0376-0421(03)00078-2. 8

Volker, P. J. H., J. Badger, A. N. Hahmann, and S. Ott (2015), The Explicit Wake
Parametrisation V1.0: a wind farm parametrisation in the mesoscale model WRF,
Geoscientific Model Development, 8 (11), 3715–3731, doi:10.5194/gmd-8-3715-2015.
24

Vollmer, L., G. Steinfeld, D. Heinemann, and M. Kühn (2016), Estimating the wake
deflection downstream of a wind turbine in different atmospheric stabilities: An LES
study, Wind Energy Science Discussions, pp. 1–23, doi:10.5194/wes-2016-4. 15

Vollmer, L., G. Steinfeld, and M. Kühn (2017), Transient LES of an offshore wind turbine,
Wind Energy Science Discussions, 2, 603–614, doi:10.5194/wes-2017-16. 28

Wagner, D., G. Steinfeld, B. Witha, H. Wurps, and J. Reuder (2019), Low level jets over
the southern North Sea, Meteorologische Zeitschrift, 28, 389–415, doi:10.1127/metz/
2019/0948. 4, 12, 28

Wang, H., and R. J. Barthelmie (2015), Wind turbine wake detection with a single
doppler wind lidar, Journal of Physics: Conference Series, 625, 012,017, doi:10.1088/
1742-6596/625/1/012017. 13

Werner, C. (2005), Doppler Wind Lidar, pp. 325–354, Springer New York, New York,
NY, doi:10.1007/0-387-25101-4_12. 13

Wharton, S., and J. K. Lundquist (2012), Assessing atmospheric stability and its impacts
on rotor-disk wind characteristics at an onshore wind farm, Wind Energy, 15 (4), 525–
546, doi:10.1002/we.483. 12

Wijk, A. V., A. Beljaars, A. Holtslag, and W. Turkenburg (1990), Evaluation of stability
corrections in wind speed profiles over the North Sea, Journal of Wind Engineering
and Industrial Aerodynamics, 33, 551–566, doi:10.1016/0167-6105(90)90007-Y. 11

Witha, B., G. Steinfeld, and D. Heinemann (2014), High-Resolution Offshore Wake Sim-
ulations with the LES Model PALM, pp. 175–181, Springer, Berlin, Heidelberg, doi:
10.1007/978-3-642-54696-9_26. 27, 28

168Bibliography

Trujillo,J.J.,F.Bingöl,G.C.Larsen,J.Mann,andM.Kühn(2011),Lightdetectionand
rangingmeasurementsofwakedynamics.PartII:Two-dimensionalscanning,Wind
Energy,14(1),61–75,doi:10.1002/we.402.13

Türk,M.,andS.Emeis(2010),Thedependenceofoffshoreturbulenceintensityon
windspeed,JournalofWindEngineeringandIndustrialAerodynamics,98,466–471,
doi:10.1016/j.jweia.2010.02.005.12

vanderLaan,M.P.,andN.N.Sørensen(2017),WhytheCoriolisforceturnsawind
farmwakeclockwiseintheNorthernHemisphere,WindEnergyScience,2,285–294,
doi:10.5194/wes-2-285-2017.8

Vermeer,L.,J.Sørensen,andA.Crespo(2003),Windturbinewakeaerodynamics,
ProgressinAerospaceSciences,39,467–510,doi:10.1016/S0376-0421(03)00078-2.8

Volker,P.J.H.,J.Badger,A.N.Hahmann,andS.Ott(2015),TheExplicitWake
ParametrisationV1.0:awindfarmparametrisationinthemesoscalemodelWRF,
GeoscientificModelDevelopment,8(11),3715–3731,doi:10.5194/gmd-8-3715-2015.
24

Vollmer,L.,G.Steinfeld,D.Heinemann,andM.Kühn(2016),Estimatingthewake
deflectiondownstreamofawindturbineindifferentatmosphericstabilities:AnLES
study,WindEnergyScienceDiscussions,pp.1–23,doi:10.5194/wes-2016-4.15

Vollmer,L.,G.Steinfeld,andM.Kühn(2017),TransientLESofanoffshorewindturbine,
WindEnergyScienceDiscussions,2,603–614,doi:10.5194/wes-2017-16.28

Wagner,D.,G.Steinfeld,B.Witha,H.Wurps,andJ.Reuder(2019),Lowleveljetsover
thesouthernNorthSea,MeteorologischeZeitschrift,28,389–415,doi:10.1127/metz/
2019/0948.4,12,28

Wang,H.,andR.J.Barthelmie(2015),Windturbinewakedetectionwithasingle
dopplerwindlidar,JournalofPhysics:ConferenceSeries,625,012,017,doi:10.1088/
1742-6596/625/1/012017.13

Werner,C.(2005),DopplerWindLidar,pp.325–354,SpringerNewYork,NewYork,
NY,doi:10.1007/0-387-25101-4_12.13

Wharton,S.,andJ.K.Lundquist(2012),Assessingatmosphericstabilityanditsimpacts
onrotor-diskwindcharacteristicsatanonshorewindfarm,WindEnergy,15(4),525–
546,doi:10.1002/we.483.12

Wijk,A.V.,A.Beljaars,A.Holtslag,andW.Turkenburg(1990),Evaluationofstability
correctionsinwindspeedprofilesovertheNorthSea,JournalofWindEngineering
andIndustrialAerodynamics,33,551–566,doi:10.1016/0167-6105(90)90007-Y.11

Witha,B.,G.Steinfeld,andD.Heinemann(2014),High-ResolutionOffshoreWakeSim-
ulationswiththeLESModelPALM,pp.175–181,Springer,Berlin,Heidelberg,doi:
10.1007/978-3-642-54696-9_26.27,28

168Bibliography

Trujillo,J.J.,F.Bingöl,G.C.Larsen,J.Mann,andM.Kühn(2011),Lightdetectionand
rangingmeasurementsofwakedynamics.PartII:Two-dimensionalscanning,Wind
Energy,14(1),61–75,doi:10.1002/we.402.13

Türk,M.,andS.Emeis(2010),Thedependenceofoffshoreturbulenceintensityon
windspeed,JournalofWindEngineeringandIndustrialAerodynamics,98,466–471,
doi:10.1016/j.jweia.2010.02.005.12

vanderLaan,M.P.,andN.N.Sørensen(2017),WhytheCoriolisforceturnsawind
farmwakeclockwiseintheNorthernHemisphere,WindEnergyScience,2,285–294,
doi:10.5194/wes-2-285-2017.8

Vermeer,L.,J.Sørensen,andA.Crespo(2003),Windturbinewakeaerodynamics,
ProgressinAerospaceSciences,39,467–510,doi:10.1016/S0376-0421(03)00078-2.8

Volker,P.J.H.,J.Badger,A.N.Hahmann,andS.Ott(2015),TheExplicitWake
ParametrisationV1.0:awindfarmparametrisationinthemesoscalemodelWRF,
GeoscientificModelDevelopment,8(11),3715–3731,doi:10.5194/gmd-8-3715-2015.
24

Vollmer,L.,G.Steinfeld,D.Heinemann,andM.Kühn(2016),Estimatingthewake
deflectiondownstreamofawindturbineindifferentatmosphericstabilities:AnLES
study,WindEnergyScienceDiscussions,pp.1–23,doi:10.5194/wes-2016-4.15

Vollmer,L.,G.Steinfeld,andM.Kühn(2017),TransientLESofanoffshorewindturbine,
WindEnergyScienceDiscussions,2,603–614,doi:10.5194/wes-2017-16.28

Wagner,D.,G.Steinfeld,B.Witha,H.Wurps,andJ.Reuder(2019),Lowleveljetsover
thesouthernNorthSea,MeteorologischeZeitschrift,28,389–415,doi:10.1127/metz/
2019/0948.4,12,28

Wang,H.,andR.J.Barthelmie(2015),Windturbinewakedetectionwithasingle
dopplerwindlidar,JournalofPhysics:ConferenceSeries,625,012,017,doi:10.1088/
1742-6596/625/1/012017.13

Werner,C.(2005),DopplerWindLidar,pp.325–354,SpringerNewYork,NewYork,
NY,doi:10.1007/0-387-25101-4_12.13

Wharton,S.,andJ.K.Lundquist(2012),Assessingatmosphericstabilityanditsimpacts
onrotor-diskwindcharacteristicsatanonshorewindfarm,WindEnergy,15(4),525–
546,doi:10.1002/we.483.12

Wijk,A.V.,A.Beljaars,A.Holtslag,andW.Turkenburg(1990),Evaluationofstability
correctionsinwindspeedprofilesovertheNorthSea,JournalofWindEngineering
andIndustrialAerodynamics,33,551–566,doi:10.1016/0167-6105(90)90007-Y.11

Witha,B.,G.Steinfeld,andD.Heinemann(2014),High-ResolutionOffshoreWakeSim-
ulationswiththeLESModelPALM,pp.175–181,Springer,Berlin,Heidelberg,doi:
10.1007/978-3-642-54696-9_26.27,28

168 Bibliography

Trujillo, J. J., F. Bingöl, G. C. Larsen, J. Mann, and M. Kühn (2011), Light detection and
ranging measurements of wake dynamics. Part II: Two-dimensional scanning, Wind
Energy, 14 (1), 61–75, doi:10.1002/we.402. 13

Türk, M., and S. Emeis (2010), The dependence of offshore turbulence intensity on
wind speed, Journal of Wind Engineering and Industrial Aerodynamics, 98, 466–471,
doi:10.1016/j.jweia.2010.02.005. 12

van der Laan, M. P., and N. N. Sørensen (2017), Why the Coriolis force turns a wind
farm wake clockwise in the Northern Hemisphere, Wind Energy Science, 2, 285–294,
doi:10.5194/wes-2-285-2017. 8

Vermeer, L., J. Sørensen, and A. Crespo (2003), Wind turbine wake aerodynamics,
Progress in Aerospace Sciences, 39, 467–510, doi:10.1016/S0376-0421(03)00078-2. 8

Volker, P. J. H., J. Badger, A. N. Hahmann, and S. Ott (2015), The Explicit Wake
Parametrisation V1.0: a wind farm parametrisation in the mesoscale model WRF,
Geoscientific Model Development, 8 (11), 3715–3731, doi:10.5194/gmd-8-3715-2015.
24

Vollmer, L., G. Steinfeld, D. Heinemann, and M. Kühn (2016), Estimating the wake
deflection downstream of a wind turbine in different atmospheric stabilities: An LES
study, Wind Energy Science Discussions, pp. 1–23, doi:10.5194/wes-2016-4. 15

Vollmer, L., G. Steinfeld, and M. Kühn (2017), Transient LES of an offshore wind turbine,
Wind Energy Science Discussions, 2, 603–614, doi:10.5194/wes-2017-16. 28

Wagner, D., G. Steinfeld, B. Witha, H. Wurps, and J. Reuder (2019), Low level jets over
the southern North Sea, Meteorologische Zeitschrift, 28, 389–415, doi:10.1127/metz/
2019/0948. 4, 12, 28

Wang, H., and R. J. Barthelmie (2015), Wind turbine wake detection with a single
doppler wind lidar, Journal of Physics: Conference Series, 625, 012,017, doi:10.1088/
1742-6596/625/1/012017. 13

Werner, C. (2005), Doppler Wind Lidar, pp. 325–354, Springer New York, New York,
NY, doi:10.1007/0-387-25101-4_12. 13

Wharton, S., and J. K. Lundquist (2012), Assessing atmospheric stability and its impacts
on rotor-disk wind characteristics at an onshore wind farm, Wind Energy, 15 (4), 525–
546, doi:10.1002/we.483. 12

Wijk, A. V., A. Beljaars, A. Holtslag, and W. Turkenburg (1990), Evaluation of stability
corrections in wind speed profiles over the North Sea, Journal of Wind Engineering
and Industrial Aerodynamics, 33, 551–566, doi:10.1016/0167-6105(90)90007-Y. 11

Witha, B., G. Steinfeld, and D. Heinemann (2014), High-Resolution Offshore Wake Sim-
ulations with the LES Model PALM, pp. 175–181, Springer, Berlin, Heidelberg, doi:
10.1007/978-3-642-54696-9_26. 27, 28

168 Bibliography

Trujillo, J. J., F. Bingöl, G. C. Larsen, J. Mann, and M. Kühn (2011), Light detection and
ranging measurements of wake dynamics. Part II: Two-dimensional scanning, Wind
Energy, 14 (1), 61–75, doi:10.1002/we.402. 13

Türk, M., and S. Emeis (2010), The dependence of offshore turbulence intensity on
wind speed, Journal of Wind Engineering and Industrial Aerodynamics, 98, 466–471,
doi:10.1016/j.jweia.2010.02.005. 12

van der Laan, M. P., and N. N. Sørensen (2017), Why the Coriolis force turns a wind
farm wake clockwise in the Northern Hemisphere, Wind Energy Science, 2, 285–294,
doi:10.5194/wes-2-285-2017. 8

Vermeer, L., J. Sørensen, and A. Crespo (2003), Wind turbine wake aerodynamics,
Progress in Aerospace Sciences, 39, 467–510, doi:10.1016/S0376-0421(03)00078-2. 8

Volker, P. J. H., J. Badger, A. N. Hahmann, and S. Ott (2015), The Explicit Wake
Parametrisation V1.0: a wind farm parametrisation in the mesoscale model WRF,
Geoscientific Model Development, 8 (11), 3715–3731, doi:10.5194/gmd-8-3715-2015.
24

Vollmer, L., G. Steinfeld, D. Heinemann, and M. Kühn (2016), Estimating the wake
deflection downstream of a wind turbine in different atmospheric stabilities: An LES
study, Wind Energy Science Discussions, pp. 1–23, doi:10.5194/wes-2016-4. 15

Vollmer, L., G. Steinfeld, and M. Kühn (2017), Transient LES of an offshore wind turbine,
Wind Energy Science Discussions, 2, 603–614, doi:10.5194/wes-2017-16. 28

Wagner, D., G. Steinfeld, B. Witha, H. Wurps, and J. Reuder (2019), Low level jets over
the southern North Sea, Meteorologische Zeitschrift, 28, 389–415, doi:10.1127/metz/
2019/0948. 4, 12, 28

Wang, H., and R. J. Barthelmie (2015), Wind turbine wake detection with a single
doppler wind lidar, Journal of Physics: Conference Series, 625, 012,017, doi:10.1088/
1742-6596/625/1/012017. 13

Werner, C. (2005), Doppler Wind Lidar, pp. 325–354, Springer New York, New York,
NY, doi:10.1007/0-387-25101-4_12. 13

Wharton, S., and J. K. Lundquist (2012), Assessing atmospheric stability and its impacts
on rotor-disk wind characteristics at an onshore wind farm, Wind Energy, 15 (4), 525–
546, doi:10.1002/we.483. 12

Wijk, A. V., A. Beljaars, A. Holtslag, and W. Turkenburg (1990), Evaluation of stability
corrections in wind speed profiles over the North Sea, Journal of Wind Engineering
and Industrial Aerodynamics, 33, 551–566, doi:10.1016/0167-6105(90)90007-Y. 11

Witha, B., G. Steinfeld, and D. Heinemann (2014), High-Resolution Offshore Wake Sim-
ulations with the LES Model PALM, pp. 175–181, Springer, Berlin, Heidelberg, doi:
10.1007/978-3-642-54696-9_26. 27, 28

168Bibliography

Trujillo,J.J.,F.Bingöl,G.C.Larsen,J.Mann,andM.Kühn(2011),Lightdetectionand
rangingmeasurementsofwakedynamics.PartII:Two-dimensionalscanning,Wind
Energy,14(1),61–75,doi:10.1002/we.402.13

Türk,M.,andS.Emeis(2010),Thedependenceofoffshoreturbulenceintensityon
windspeed,JournalofWindEngineeringandIndustrialAerodynamics,98,466–471,
doi:10.1016/j.jweia.2010.02.005.12

vanderLaan,M.P.,andN.N.Sørensen(2017),WhytheCoriolisforceturnsawind
farmwakeclockwiseintheNorthernHemisphere,WindEnergyScience,2,285–294,
doi:10.5194/wes-2-285-2017.8

Vermeer,L.,J.Sørensen,andA.Crespo(2003),Windturbinewakeaerodynamics,
ProgressinAerospaceSciences,39,467–510,doi:10.1016/S0376-0421(03)00078-2.8

Volker,P.J.H.,J.Badger,A.N.Hahmann,andS.Ott(2015),TheExplicitWake
ParametrisationV1.0:awindfarmparametrisationinthemesoscalemodelWRF,
GeoscientificModelDevelopment,8(11),3715–3731,doi:10.5194/gmd-8-3715-2015.
24

Vollmer,L.,G.Steinfeld,D.Heinemann,andM.Kühn(2016),Estimatingthewake
deflectiondownstreamofawindturbineindifferentatmosphericstabilities:AnLES
study,WindEnergyScienceDiscussions,pp.1–23,doi:10.5194/wes-2016-4.15

Vollmer,L.,G.Steinfeld,andM.Kühn(2017),TransientLESofanoffshorewindturbine,
WindEnergyScienceDiscussions,2,603–614,doi:10.5194/wes-2017-16.28

Wagner,D.,G.Steinfeld,B.Witha,H.Wurps,andJ.Reuder(2019),Lowleveljetsover
thesouthernNorthSea,MeteorologischeZeitschrift,28,389–415,doi:10.1127/metz/
2019/0948.4,12,28

Wang,H.,andR.J.Barthelmie(2015),Windturbinewakedetectionwithasingle
dopplerwindlidar,JournalofPhysics:ConferenceSeries,625,012,017,doi:10.1088/
1742-6596/625/1/012017.13

Werner,C.(2005),DopplerWindLidar,pp.325–354,SpringerNewYork,NewYork,
NY,doi:10.1007/0-387-25101-4_12.13

Wharton,S.,andJ.K.Lundquist(2012),Assessingatmosphericstabilityanditsimpacts
onrotor-diskwindcharacteristicsatanonshorewindfarm,WindEnergy,15(4),525–
546,doi:10.1002/we.483.12

Wijk,A.V.,A.Beljaars,A.Holtslag,andW.Turkenburg(1990),Evaluationofstability
correctionsinwindspeedprofilesovertheNorthSea,JournalofWindEngineering
andIndustrialAerodynamics,33,551–566,doi:10.1016/0167-6105(90)90007-Y.11

Witha,B.,G.Steinfeld,andD.Heinemann(2014),High-ResolutionOffshoreWakeSim-
ulationswiththeLESModelPALM,pp.175–181,Springer,Berlin,Heidelberg,doi:
10.1007/978-3-642-54696-9_26.27,28

168Bibliography

Trujillo,J.J.,F.Bingöl,G.C.Larsen,J.Mann,andM.Kühn(2011),Lightdetectionand
rangingmeasurementsofwakedynamics.PartII:Two-dimensionalscanning,Wind
Energy,14(1),61–75,doi:10.1002/we.402.13

Türk,M.,andS.Emeis(2010),Thedependenceofoffshoreturbulenceintensityon
windspeed,JournalofWindEngineeringandIndustrialAerodynamics,98,466–471,
doi:10.1016/j.jweia.2010.02.005.12

vanderLaan,M.P.,andN.N.Sørensen(2017),WhytheCoriolisforceturnsawind
farmwakeclockwiseintheNorthernHemisphere,WindEnergyScience,2,285–294,
doi:10.5194/wes-2-285-2017.8

Vermeer,L.,J.Sørensen,andA.Crespo(2003),Windturbinewakeaerodynamics,
ProgressinAerospaceSciences,39,467–510,doi:10.1016/S0376-0421(03)00078-2.8

Volker,P.J.H.,J.Badger,A.N.Hahmann,andS.Ott(2015),TheExplicitWake
ParametrisationV1.0:awindfarmparametrisationinthemesoscalemodelWRF,
GeoscientificModelDevelopment,8(11),3715–3731,doi:10.5194/gmd-8-3715-2015.
24

Vollmer,L.,G.Steinfeld,D.Heinemann,andM.Kühn(2016),Estimatingthewake
deflectiondownstreamofawindturbineindifferentatmosphericstabilities:AnLES
study,WindEnergyScienceDiscussions,pp.1–23,doi:10.5194/wes-2016-4.15

Vollmer,L.,G.Steinfeld,andM.Kühn(2017),TransientLESofanoffshorewindturbine,
WindEnergyScienceDiscussions,2,603–614,doi:10.5194/wes-2017-16.28

Wagner,D.,G.Steinfeld,B.Witha,H.Wurps,andJ.Reuder(2019),Lowleveljetsover
thesouthernNorthSea,MeteorologischeZeitschrift,28,389–415,doi:10.1127/metz/
2019/0948.4,12,28

Wang,H.,andR.J.Barthelmie(2015),Windturbinewakedetectionwithasingle
dopplerwindlidar,JournalofPhysics:ConferenceSeries,625,012,017,doi:10.1088/
1742-6596/625/1/012017.13

Werner,C.(2005),DopplerWindLidar,pp.325–354,SpringerNewYork,NewYork,
NY,doi:10.1007/0-387-25101-4_12.13

Wharton,S.,andJ.K.Lundquist(2012),Assessingatmosphericstabilityanditsimpacts
onrotor-diskwindcharacteristicsatanonshorewindfarm,WindEnergy,15(4),525–
546,doi:10.1002/we.483.12

Wijk,A.V.,A.Beljaars,A.Holtslag,andW.Turkenburg(1990),Evaluationofstability
correctionsinwindspeedprofilesovertheNorthSea,JournalofWindEngineering
andIndustrialAerodynamics,33,551–566,doi:10.1016/0167-6105(90)90007-Y.11

Witha,B.,G.Steinfeld,andD.Heinemann(2014),High-ResolutionOffshoreWakeSim-
ulationswiththeLESModelPALM,pp.175–181,Springer,Berlin,Heidelberg,doi:
10.1007/978-3-642-54696-9_26.27,28

168Bibliography

Trujillo,J.J.,F.Bingöl,G.C.Larsen,J.Mann,andM.Kühn(2011),Lightdetectionand
rangingmeasurementsofwakedynamics.PartII:Two-dimensionalscanning,Wind
Energy,14(1),61–75,doi:10.1002/we.402.13

Türk,M.,andS.Emeis(2010),Thedependenceofoffshoreturbulenceintensityon
windspeed,JournalofWindEngineeringandIndustrialAerodynamics,98,466–471,
doi:10.1016/j.jweia.2010.02.005.12

vanderLaan,M.P.,andN.N.Sørensen(2017),WhytheCoriolisforceturnsawind
farmwakeclockwiseintheNorthernHemisphere,WindEnergyScience,2,285–294,
doi:10.5194/wes-2-285-2017.8

Vermeer,L.,J.Sørensen,andA.Crespo(2003),Windturbinewakeaerodynamics,
ProgressinAerospaceSciences,39,467–510,doi:10.1016/S0376-0421(03)00078-2.8

Volker,P.J.H.,J.Badger,A.N.Hahmann,andS.Ott(2015),TheExplicitWake
ParametrisationV1.0:awindfarmparametrisationinthemesoscalemodelWRF,
GeoscientificModelDevelopment,8(11),3715–3731,doi:10.5194/gmd-8-3715-2015.
24

Vollmer,L.,G.Steinfeld,D.Heinemann,andM.Kühn(2016),Estimatingthewake
deflectiondownstreamofawindturbineindifferentatmosphericstabilities:AnLES
study,WindEnergyScienceDiscussions,pp.1–23,doi:10.5194/wes-2016-4.15

Vollmer,L.,G.Steinfeld,andM.Kühn(2017),TransientLESofanoffshorewindturbine,
WindEnergyScienceDiscussions,2,603–614,doi:10.5194/wes-2017-16.28

Wagner,D.,G.Steinfeld,B.Witha,H.Wurps,andJ.Reuder(2019),Lowleveljetsover
thesouthernNorthSea,MeteorologischeZeitschrift,28,389–415,doi:10.1127/metz/
2019/0948.4,12,28

Wang,H.,andR.J.Barthelmie(2015),Windturbinewakedetectionwithasingle
dopplerwindlidar,JournalofPhysics:ConferenceSeries,625,012,017,doi:10.1088/
1742-6596/625/1/012017.13

Werner,C.(2005),DopplerWindLidar,pp.325–354,SpringerNewYork,NewYork,
NY,doi:10.1007/0-387-25101-4_12.13

Wharton,S.,andJ.K.Lundquist(2012),Assessingatmosphericstabilityanditsimpacts
onrotor-diskwindcharacteristicsatanonshorewindfarm,WindEnergy,15(4),525–
546,doi:10.1002/we.483.12

Wijk,A.V.,A.Beljaars,A.Holtslag,andW.Turkenburg(1990),Evaluationofstability
correctionsinwindspeedprofilesovertheNorthSea,JournalofWindEngineering
andIndustrialAerodynamics,33,551–566,doi:10.1016/0167-6105(90)90007-Y.11

Witha,B.,G.Steinfeld,andD.Heinemann(2014),High-ResolutionOffshoreWakeSim-
ulationswiththeLESModelPALM,pp.175–181,Springer,Berlin,Heidelberg,doi:
10.1007/978-3-642-54696-9_26.27,28

168Bibliography

Trujillo,J.J.,F.Bingöl,G.C.Larsen,J.Mann,andM.Kühn(2011),Lightdetectionand
rangingmeasurementsofwakedynamics.PartII:Two-dimensionalscanning,Wind
Energy,14(1),61–75,doi:10.1002/we.402.13

Türk,M.,andS.Emeis(2010),Thedependenceofoffshoreturbulenceintensityon
windspeed,JournalofWindEngineeringandIndustrialAerodynamics,98,466–471,
doi:10.1016/j.jweia.2010.02.005.12

vanderLaan,M.P.,andN.N.Sørensen(2017),WhytheCoriolisforceturnsawind
farmwakeclockwiseintheNorthernHemisphere,WindEnergyScience,2,285–294,
doi:10.5194/wes-2-285-2017.8

Vermeer,L.,J.Sørensen,andA.Crespo(2003),Windturbinewakeaerodynamics,
ProgressinAerospaceSciences,39,467–510,doi:10.1016/S0376-0421(03)00078-2.8

Volker,P.J.H.,J.Badger,A.N.Hahmann,andS.Ott(2015),TheExplicitWake
ParametrisationV1.0:awindfarmparametrisationinthemesoscalemodelWRF,
GeoscientificModelDevelopment,8(11),3715–3731,doi:10.5194/gmd-8-3715-2015.
24

Vollmer,L.,G.Steinfeld,D.Heinemann,andM.Kühn(2016),Estimatingthewake
deflectiondownstreamofawindturbineindifferentatmosphericstabilities:AnLES
study,WindEnergyScienceDiscussions,pp.1–23,doi:10.5194/wes-2016-4.15

Vollmer,L.,G.Steinfeld,andM.Kühn(2017),TransientLESofanoffshorewindturbine,
WindEnergyScienceDiscussions,2,603–614,doi:10.5194/wes-2017-16.28

Wagner,D.,G.Steinfeld,B.Witha,H.Wurps,andJ.Reuder(2019),Lowleveljetsover
thesouthernNorthSea,MeteorologischeZeitschrift,28,389–415,doi:10.1127/metz/
2019/0948.4,12,28

Wang,H.,andR.J.Barthelmie(2015),Windturbinewakedetectionwithasingle
dopplerwindlidar,JournalofPhysics:ConferenceSeries,625,012,017,doi:10.1088/
1742-6596/625/1/012017.13

Werner,C.(2005),DopplerWindLidar,pp.325–354,SpringerNewYork,NewYork,
NY,doi:10.1007/0-387-25101-4_12.13

Wharton,S.,andJ.K.Lundquist(2012),Assessingatmosphericstabilityanditsimpacts
onrotor-diskwindcharacteristicsatanonshorewindfarm,WindEnergy,15(4),525–
546,doi:10.1002/we.483.12

Wijk,A.V.,A.Beljaars,A.Holtslag,andW.Turkenburg(1990),Evaluationofstability
correctionsinwindspeedprofilesovertheNorthSea,JournalofWindEngineering
andIndustrialAerodynamics,33,551–566,doi:10.1016/0167-6105(90)90007-Y.11

Witha,B.,G.Steinfeld,andD.Heinemann(2014),High-ResolutionOffshoreWakeSim-
ulationswiththeLESModelPALM,pp.175–181,Springer,Berlin,Heidelberg,doi:
10.1007/978-3-642-54696-9_26.27,28



169

Wu, Y.-T., and F. Porté-Agel (2011), Large-eddy simulation of wind-turbine wakes:
Evaluation of turbine parametrisations, Boundary-Layer Meteorology, 138 (3), 345–
366, doi:10.1007/s10546-010-9569-x. 30

Yan, C., and C. L. Archer (2018), Assessing compressibility effects on the perfor-
mance of large horizontal-axis wind turbines, Applied Energy, 212, 33–45, doi:
10.1016/j.apenergy.2017.12.020. 17

Yang, X., and F. Sotiropoulos (2018), A new class of actuator surface models for wind
turbines, Wind Energy, 21 (5), 285–302, doi:10.1002/we.2162. 28

Yang, X. I. A., and K. P. Griffin (2020), Grid-point and time-step requirements for
direct numerical simulation and large-eddy simulation, Physics of Fluids, 33, 15,108,
doi:10.1063/5.0036515. 22

Zhang, W., C. D. Markfort, and F. Porté-Agel (2012), Near-wake flow structure down-
wind of a wind turbine in a turbulent boundary layer, Experiments in Fluids, 52,
1219–1235, doi:10.1007/s00348-011-1250-8. 7

Zhang, W., C. D. Markfort, and F. Porté-Agel (2013), Wind-turbine wakes in a con-
vective boundary layer: A wind-tunnel study, Boundary-Layer Meteorology, 146 (2),
161–179, doi:10.1007/s10546-012-9751-4. 7, 12

169

Wu,Y.-T.,andF.Porté-Agel(2011),Large-eddysimulationofwind-turbinewakes:
Evaluationofturbineparametrisations,Boundary-LayerMeteorology,138(3),345–
366,doi:10.1007/s10546-010-9569-x.30

Yan,C.,andC.L.Archer(2018),Assessingcompressibilityeffectsontheperfor-
manceoflargehorizontal-axiswindturbines,AppliedEnergy,212,33–45,doi:
10.1016/j.apenergy.2017.12.020.17

Yang,X.,andF.Sotiropoulos(2018),Anewclassofactuatorsurfacemodelsforwind
turbines,WindEnergy,21(5),285–302,doi:10.1002/we.2162.28

Yang,X.I.A.,andK.P.Griffin(2020),Grid-pointandtime-steprequirementsfor
directnumericalsimulationandlarge-eddysimulation,PhysicsofFluids,33,15,108,
doi:10.1063/5.0036515.22

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2012),Near-wakeflowstructuredown-
windofawindturbineinaturbulentboundarylayer,ExperimentsinFluids,52,
1219–1235,doi:10.1007/s00348-011-1250-8.7

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2013),Wind-turbinewakesinacon-
vectiveboundarylayer:Awind-tunnelstudy,Boundary-LayerMeteorology,146(2),
161–179,doi:10.1007/s10546-012-9751-4.7,12

169

Wu,Y.-T.,andF.Porté-Agel(2011),Large-eddysimulationofwind-turbinewakes:
Evaluationofturbineparametrisations,Boundary-LayerMeteorology,138(3),345–
366,doi:10.1007/s10546-010-9569-x.30

Yan,C.,andC.L.Archer(2018),Assessingcompressibilityeffectsontheperfor-
manceoflargehorizontal-axiswindturbines,AppliedEnergy,212,33–45,doi:
10.1016/j.apenergy.2017.12.020.17

Yang,X.,andF.Sotiropoulos(2018),Anewclassofactuatorsurfacemodelsforwind
turbines,WindEnergy,21(5),285–302,doi:10.1002/we.2162.28

Yang,X.I.A.,andK.P.Griffin(2020),Grid-pointandtime-steprequirementsfor
directnumericalsimulationandlarge-eddysimulation,PhysicsofFluids,33,15,108,
doi:10.1063/5.0036515.22

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2012),Near-wakeflowstructuredown-
windofawindturbineinaturbulentboundarylayer,ExperimentsinFluids,52,
1219–1235,doi:10.1007/s00348-011-1250-8.7

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2013),Wind-turbinewakesinacon-
vectiveboundarylayer:Awind-tunnelstudy,Boundary-LayerMeteorology,146(2),
161–179,doi:10.1007/s10546-012-9751-4.7,12

169

Wu, Y.-T., and F. Porté-Agel (2011), Large-eddy simulation of wind-turbine wakes:
Evaluation of turbine parametrisations, Boundary-Layer Meteorology, 138 (3), 345–
366, doi:10.1007/s10546-010-9569-x. 30

Yan, C., and C. L. Archer (2018), Assessing compressibility effects on the perfor-
mance of large horizontal-axis wind turbines, Applied Energy, 212, 33–45, doi:
10.1016/j.apenergy.2017.12.020. 17

Yang, X., and F. Sotiropoulos (2018), A new class of actuator surface models for wind
turbines, Wind Energy, 21 (5), 285–302, doi:10.1002/we.2162. 28

Yang, X. I. A., and K. P. Griffin (2020), Grid-point and time-step requirements for
direct numerical simulation and large-eddy simulation, Physics of Fluids, 33, 15,108,
doi:10.1063/5.0036515. 22

Zhang, W., C. D. Markfort, and F. Porté-Agel (2012), Near-wake flow structure down-
wind of a wind turbine in a turbulent boundary layer, Experiments in Fluids, 52,
1219–1235, doi:10.1007/s00348-011-1250-8. 7

Zhang, W., C. D. Markfort, and F. Porté-Agel (2013), Wind-turbine wakes in a con-
vective boundary layer: A wind-tunnel study, Boundary-Layer Meteorology, 146 (2),
161–179, doi:10.1007/s10546-012-9751-4. 7, 12

169

Wu, Y.-T., and F. Porté-Agel (2011), Large-eddy simulation of wind-turbine wakes:
Evaluation of turbine parametrisations, Boundary-Layer Meteorology, 138 (3), 345–
366, doi:10.1007/s10546-010-9569-x. 30

Yan, C., and C. L. Archer (2018), Assessing compressibility effects on the perfor-
mance of large horizontal-axis wind turbines, Applied Energy, 212, 33–45, doi:
10.1016/j.apenergy.2017.12.020. 17

Yang, X., and F. Sotiropoulos (2018), A new class of actuator surface models for wind
turbines, Wind Energy, 21 (5), 285–302, doi:10.1002/we.2162. 28

Yang, X. I. A., and K. P. Griffin (2020), Grid-point and time-step requirements for
direct numerical simulation and large-eddy simulation, Physics of Fluids, 33, 15,108,
doi:10.1063/5.0036515. 22

Zhang, W., C. D. Markfort, and F. Porté-Agel (2012), Near-wake flow structure down-
wind of a wind turbine in a turbulent boundary layer, Experiments in Fluids, 52,
1219–1235, doi:10.1007/s00348-011-1250-8. 7

Zhang, W., C. D. Markfort, and F. Porté-Agel (2013), Wind-turbine wakes in a con-
vective boundary layer: A wind-tunnel study, Boundary-Layer Meteorology, 146 (2),
161–179, doi:10.1007/s10546-012-9751-4. 7, 12

169

Wu,Y.-T.,andF.Porté-Agel(2011),Large-eddysimulationofwind-turbinewakes:
Evaluationofturbineparametrisations,Boundary-LayerMeteorology,138(3),345–
366,doi:10.1007/s10546-010-9569-x.30

Yan,C.,andC.L.Archer(2018),Assessingcompressibilityeffectsontheperfor-
manceoflargehorizontal-axiswindturbines,AppliedEnergy,212,33–45,doi:
10.1016/j.apenergy.2017.12.020.17

Yang,X.,andF.Sotiropoulos(2018),Anewclassofactuatorsurfacemodelsforwind
turbines,WindEnergy,21(5),285–302,doi:10.1002/we.2162.28

Yang,X.I.A.,andK.P.Griffin(2020),Grid-pointandtime-steprequirementsfor
directnumericalsimulationandlarge-eddysimulation,PhysicsofFluids,33,15,108,
doi:10.1063/5.0036515.22

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2012),Near-wakeflowstructuredown-
windofawindturbineinaturbulentboundarylayer,ExperimentsinFluids,52,
1219–1235,doi:10.1007/s00348-011-1250-8.7

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2013),Wind-turbinewakesinacon-
vectiveboundarylayer:Awind-tunnelstudy,Boundary-LayerMeteorology,146(2),
161–179,doi:10.1007/s10546-012-9751-4.7,12

169

Wu,Y.-T.,andF.Porté-Agel(2011),Large-eddysimulationofwind-turbinewakes:
Evaluationofturbineparametrisations,Boundary-LayerMeteorology,138(3),345–
366,doi:10.1007/s10546-010-9569-x.30

Yan,C.,andC.L.Archer(2018),Assessingcompressibilityeffectsontheperfor-
manceoflargehorizontal-axiswindturbines,AppliedEnergy,212,33–45,doi:
10.1016/j.apenergy.2017.12.020.17

Yang,X.,andF.Sotiropoulos(2018),Anewclassofactuatorsurfacemodelsforwind
turbines,WindEnergy,21(5),285–302,doi:10.1002/we.2162.28

Yang,X.I.A.,andK.P.Griffin(2020),Grid-pointandtime-steprequirementsfor
directnumericalsimulationandlarge-eddysimulation,PhysicsofFluids,33,15,108,
doi:10.1063/5.0036515.22

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2012),Near-wakeflowstructuredown-
windofawindturbineinaturbulentboundarylayer,ExperimentsinFluids,52,
1219–1235,doi:10.1007/s00348-011-1250-8.7

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2013),Wind-turbinewakesinacon-
vectiveboundarylayer:Awind-tunnelstudy,Boundary-LayerMeteorology,146(2),
161–179,doi:10.1007/s10546-012-9751-4.7,12

169

Wu,Y.-T.,andF.Porté-Agel(2011),Large-eddysimulationofwind-turbinewakes:
Evaluationofturbineparametrisations,Boundary-LayerMeteorology,138(3),345–
366,doi:10.1007/s10546-010-9569-x.30

Yan,C.,andC.L.Archer(2018),Assessingcompressibilityeffectsontheperfor-
manceoflargehorizontal-axiswindturbines,AppliedEnergy,212,33–45,doi:
10.1016/j.apenergy.2017.12.020.17

Yang,X.,andF.Sotiropoulos(2018),Anewclassofactuatorsurfacemodelsforwind
turbines,WindEnergy,21(5),285–302,doi:10.1002/we.2162.28

Yang,X.I.A.,andK.P.Griffin(2020),Grid-pointandtime-steprequirementsfor
directnumericalsimulationandlarge-eddysimulation,PhysicsofFluids,33,15,108,
doi:10.1063/5.0036515.22

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2012),Near-wakeflowstructuredown-
windofawindturbineinaturbulentboundarylayer,ExperimentsinFluids,52,
1219–1235,doi:10.1007/s00348-011-1250-8.7

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2013),Wind-turbinewakesinacon-
vectiveboundarylayer:Awind-tunnelstudy,Boundary-LayerMeteorology,146(2),
161–179,doi:10.1007/s10546-012-9751-4.7,12

169

Wu,Y.-T.,andF.Porté-Agel(2011),Large-eddysimulationofwind-turbinewakes:
Evaluationofturbineparametrisations,Boundary-LayerMeteorology,138(3),345–
366,doi:10.1007/s10546-010-9569-x.30

Yan,C.,andC.L.Archer(2018),Assessingcompressibilityeffectsontheperfor-
manceoflargehorizontal-axiswindturbines,AppliedEnergy,212,33–45,doi:
10.1016/j.apenergy.2017.12.020.17

Yang,X.,andF.Sotiropoulos(2018),Anewclassofactuatorsurfacemodelsforwind
turbines,WindEnergy,21(5),285–302,doi:10.1002/we.2162.28

Yang,X.I.A.,andK.P.Griffin(2020),Grid-pointandtime-steprequirementsfor
directnumericalsimulationandlarge-eddysimulation,PhysicsofFluids,33,15,108,
doi:10.1063/5.0036515.22

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2012),Near-wakeflowstructuredown-
windofawindturbineinaturbulentboundarylayer,ExperimentsinFluids,52,
1219–1235,doi:10.1007/s00348-011-1250-8.7

Zhang,W.,C.D.Markfort,andF.Porté-Agel(2013),Wind-turbinewakesinacon-
vectiveboundarylayer:Awind-tunnelstudy,Boundary-LayerMeteorology,146(2),
161–179,doi:10.1007/s10546-012-9751-4.7,12





Graphic design: Com
m

unication Division, UiB  /  Print: Skipnes Kom
m

unikasjon AS

uib.no

ISBN: 9788230848937 (print)
9788230845813 (PDF)


	112625 Maria Krutova_Elektronisk
	112625 Maria Krutova_korrekturfil
	112625 Maria Krutova_innmat
	112625 Maria KrutovaElektronsk_bakside
	112625 Maria KrutovaElektronsk_bakside

