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Abstract: We present an algorithm for simultaneous retrieval of aerosol and marine parameters
in coastal waters. The algorithm is based on a radiative transfer forward model for a coupled
atmosphere-ocean system, which is used to train a radial basis function neural network (RBF-NN)
to obtain a fast and accurate method to compute radiances at the top of the atmosphere (TOA) for
given aerosol and marine input parameters. The inverse modelling algorithm employs multidimen-
sional unconstrained non-linear optimization to retrieve three marine parameters (concentrations
of chlorophyll and mineral particles, as well as absorption by coloured dissolved organic matter
(CDOM)), and two aerosol parameters (aerosol fine-mode fraction and aerosol volume fraction). We
validated the retrieval algorithm using synthetic data and found it, for both low and high sun, to
predict each of the five parameters accurately, both with and without white noise added to the top
of the atmosphere (TOA) radiances. When varying the solar zenith angle (SZA) and retraining the
RBF-NN without noise added to the TOA radiance, we found the algorithm to predict the CDOM
absorption, chlorophyll concentration, mineral concentration, aerosol fine-mode fraction, and aerosol
volume fraction with correlation coefficients greater than 0.72, 0.73, 0.93, 0.67, and 0.87, respectively,
for 45° < SZA < 75°. By adding white Gaussian noise to the TOA radiances with varying values
of the signal-to-noise-ratio (SNR), we found the retrieval algorithm to predict CDOM absorption,
chlorophyll concentration, mineral concentration, aerosol fine-mode fraction, and aerosol volume
fraction well with correlation coefficients greater than 0.77, 0.75, 0.91, 0.81, and 0.86, respectively, for
high sun and SNR > 95.

Keywords: algorithms; radiative transfer; remote sensing; atmospheric optics; neural networks;
CDOM absorption; chlorophyll concentration; mineral concentration; aerosol

1. Introduction

Algorithms for retrieval of atmospheric and marine parameters from measurements
of back-scattered radiances at several wavelengths by instruments deployed on earth-
orbiting satellites (ocean color data) have been developed over the past few decades.
The earliest ocean color remote sensing algorithms were based on a two-step approach.
First, an atmospheric correction was carried out to estimate the aerosol optical depth
(AOD) at a near-infrared (NIR) channel (865 nm for Sea Wide Field of view (SeaWiFS)
sensor), for which the ocean was assumed to be black (the NIR black-pixel approximation
(NIR-BPA)). Second, AOD values for wavelengths in the visible range were obtained by
extrapolation and used to generate water-leaving radiances [1-5]. The two-step algorithms
employ regression or look-up table matching based on bio-optical models to estimate
chlorophyll concentration from visible-channel water-leaving radiances. The weakness of

Algorithms 2022, 15, 4. https:/ /doi.org/10.3390/a15010004

https://www.mdpi.com/journal/algorithms


https://www.mdpi.com/journal/algorithms
https://www.mdpi.com
https://orcid.org/0000-0003-4125-6080
https://orcid.org/0000-0002-0135-0542
https://doi.org/10.3390/a15010004
https://doi.org/10.3390/a15010004
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/a15010004
https://www.mdpi.com/journal/algorithms
https://www.mdpi.com/article/10.3390/a15010004?type=check_update&version=1

Algorithms 2022, 15, 4

20f18

this two-step approach is its reliance on the inaccurate NIR-BPA assumption, according to
which atmospheric and oceanic radiative transfer processes can be de-coupled [6,7].

To circumvent the problems associated with the two-step approach a one-step retrieval
scheme that accounts for radiative coupling between the atmosphere and the ocean was pro-
posed [8]. Amongst the first investigators to implement the one step retrieval scheme were
Chomko and Gordon [9], Gordon et al. [10], Frette et al. [11], and Stamnes et al. [12]. The
algorithms presented in [9,10] are based on using a bio-optical model of Gordon et al. [13]
to relate the water leaving reflectance to the water constituents, and on using an aerosol
model to determine the contribution of absorbing aerosols to the satellite measured re-
flectance. Using these algorithms, one obtains a combination of ocean parameters and
aerosol model that gives a best fit to the measured reflectance throughout the spectrum.
Frette et al. [11] and Stamnes et al. [12] employed a well-tested radiative transfer model
(RTM) for a coupled atmosphere-ocean system [14,15] to compute radiances at the top
of the atmosphere (TOA) and an iterative inversion scheme for simultaneous retrieval of
marine and atmospheric parameters. The algorithm in [12] was capable of retrieving two
aerosol parameters and one marine parameter, which is appropriate for open-ocean water
bodies in which chlorophyll is the main marine retrieval parameter of interest, whereas
the algorithm in [11] was capable of retrieving three marine parameters and one aerosol
parameter. Even though the algorithms in [11,12] are more accurate than the two-step
algorithms, they can not easily be extended to retrieve more parameters. The algorithm
of Chomco et al. [16] combines the bio-optical model of Garver and Siegel [17] with the
spectral optimization algorithm of Chomco and Gordon [9] to retrieve a set of ocean pa-
rameters (CDOM at 443 nm, chlorophyll concentration, and backscattering coefficient of
particulate matter at 443 nm) along with estimates of aerosol optical properties. However,
this algorithm is based on aerosols having a wavelength-independent, real refractive index,
and therefore cannot be applied to absorbing aerosols.

Steinmetz et al. [18] developed an atmospheric correction POLYnomial based algorithm
applied to MERIS (POLYMER) algorithm which can retrieve ocean color parameters in the
whole sun glint pattern. The algorithm employs a method of spectral matching where it
first models the spectral reflectance of the atmosphere and sun glint by use of a polynomial
and then employs a water reflectance model.

Li et al. [19] developed a method for simultaneous retrieval of two aerosol parameters
and three marine parameters based on a linearized, coupled atmosphere-ocean forward
RTM [20] and optimal estimation to solve the inverse problem. The retrieved aerosol param-
eters included the AOD at 865 nm and a bimodal fraction of large vs. small particles. The re-
trieved marine parameters included the chlorophyll concentration, the detrital /dissolved-
matter absorption at 443 nm, and the backscattering coefficient at 443 nm. The algorithm
in [19] employs an iterative, non-linear optimal estimation scheme, which uses the forward
RTM at each iteration step to simulate TOA radiances and Jacobians associated with the
current state vector, whose components are the five retrieval parameters. The use of the for-
ward RTM at each step of the iteration process for computing TOA radiances and Jacobians
associated with the current state vector is computationally demanding.

Algorithms employing neural networks have been used in remote sensing of the
atmosphere-ocean system because they are fast and can retrieve in one step both marine
and atmospheric parameters. Takana et al. [21] developed an algorithm which employs
the Stuttgart Neural Network Simulator [22] for constructing and training the neural
network. Their algorithm inverts the radiative transfer procedure to retrieve three ocean
parameters (chlorophyll concentrations, suspended organic matter, and yellow substance)
from normalized water-leaving radiance data of the ocean color and temperature sensor
(OCTS) of the Advanced Earth Observing Satellite (ADEOS).
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Jamet et al. [23] developed the NeuroVaria neural network algorithm which retrieves
atmospheric and ocean parameters by minimising the difference between the observed
satellite reflectance and that computed from radiative transfer simulations using artificial
neural networks. Their method takes care of absorbing aerosols by using the Junge power
law [24] of particle size distribution, and the computation of the partial derivatives of the
cost function is accomplished by using the gradient method. Brajard et al. [25] modified
the NeuroVaria algorithm by Jamet et al. [23]. The improved algorithm is more efficient in
minimizing the iterative cost function.

Schiller and Doerfer [26] developed an algorithm which employs neural networks
to parameterize the inverse relation between concentrations and reflectances. Their al-
gorithm applies to case II waters, and is capable of retrieving three marine (chlorophyll
concentration, suspended matter and CDOM) parameters and one atmospheric (aerosol
concentration) parameter.

Stamnes et al. [27] modified Li et al. [19] algorithm and developed an inversion
scheme named “Ocean Color: Simultaneous Marine and Aerosol Retrieval Tool” (OC-
SMART). The OC-SMART retrieval algorithm is faster than that in [19], because instead of
employing a linearized forward RTM to compute required TOA radiances and Jacobians,
it employs a radial basis function neural network (RBF-NN) to establish an analytical
relationship between input/retrieval parameters and simulated TOA radiances. The RBF-
NN also provides analytical expressions for the Jacobians. In the OC-SMART algorithm,
the retrieval is based on optimal estimation combined with a Levenberg-Marquardt scheme
for speeding up convergence when determining those parameters which provide the best
fit to the TOA radiance measurements. The aim of this study is to develop a method for
simultaneous retrieval of aerosol and water parameters in high-latitude coastal waters
based on a coupled atmosphere-ocean radiative transfer forward model (CAO-LDISORT),
and on aerosol and bio-optical models derived from in-situ data measurements. In this
paper we present, a fast tool for simultaneous retrieval of two aerosol parameters (aerosol
fine-mode fraction and aerosol volume fraction), and three marine parameters (chlorophyll
concentration, mineral concentration, and CDOM absorption). For inverse modelling,
the algorithm uses a multidimensional unconstrained nonlinear minimization function
(fminsearch) based on the Nelder-Mead method [28,29]. This method has an advantage
over the other mentioned methods because it does not make use of Jacobians, and is
tolerant of local minima. A more detailed description is given in Section 2.4.

2. Data and Methods
2.1. MODIS Instrument

The Moderate Resolution Imaging Spectrometer (MODIS) is one of the instruments
on board the Terra and Aqua satellites [30]. It has a total of 36 spectral bands, of which
20 are reflective solar bands (RSBs) and the remaining 16 are thermal emissive bands
(TEBs). Table 1 shows some of the MODIS channel specifications [30,31], including band
numbers, primary use, bandwidths, center wavelength, spectral radiance, and signal-to-
noise-ratio (SNR) values. In Table 1, each of the bands 3 and 4 has 20 detectors and a
nadir spatial resolution of 500 m, whereas each of the bands 8-16 has 10 detectors and a
nadir spatial resolution of 1 km. Xiong and Barnes [30] discussed the MODIS radiometric
calibration procedure, including pre-launch and in-orbit calibration, in-orbit monitoring
of detector response and noise characterization, and solar diffuser degradation of the
MODIS instrument. They concluded that for both the RSBs and TEBs the overall in-
orbit performance of the instrument is satisfactory, and they identified less than 10 out
of 490 detectors to be either noisy or inoperable. For working detectors the MODIS L1B
algorithm converts the digital response from the sensors to TOA reflectance factors for the
RSBs and in-band spectral radiances for both the RSBs and TEBs. For non-functional or
noisy detectors the L1B algorithm uses interpolation from the nearest adjacent working
detectors to derive the values. For a typical scene the instrument calibration accuracy
requirements are +2% for RSB reflectance factors and £5% for the RSB radiance product.
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Table 1. MODIS channel specifications.

Primary Use Band Bandwidth Center Spectral  Required
(nm) Wavelength (nm) Radiance ! SNR
Land, cloud, 3 459-479 465.6 35.3 243
aerosol properties 4 545-565 553.6 29.0 228
8 405420 411.3 449 880
9 438448 442.0 419 838
10 483493 486.9 32.1 802
Ocean color, 11 526-536 529.6 27.9 754
phytoplankton, 12 546-556 546.8 21.0 750
biogeochemistry 13 662-672 665.5 9.5 910
14 673-683 676.8 8.7 1087
15 743-753 746.4 10.2 586
16 862-877 866.2 6.2 516

TWm2sr ! um™1).

2.2. Inherent Optical Properties
2.2.1. Atmospheric Aerosol Model

The inherent aerosol optical properties (volume fraction of fine-mode aerosol particles
and aerosol volume fraction) used as input in AccuRT [32,33] forward RT algorithm were
obtained from AERONET [34,35] and were derived based on a bi-modal log-normal volume

size distribution given by [36]
_(lr1rlr1rw~>2 1)
\@Ui '

where r gives varying radii the particles can have in the distribution, the subscript i
represents the mode (fine or coarse), V; is the total volume of particles associated with
mode i, 1,; is the mode radius or volume geometric mean radius, and o; is the geometric
standard deviation. In terms of the number density, Equation (1) becomes

_dV(r) _ 1dV(lnr) &
o(r) = ir _r dinr Z

=1

- ex
27'[01 P

_dN(r) _1dN(lnr) & Inr —Inr, \?
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where N; is the number of particles and r,,; is the volume geometric mean (or mode) radius.
According to Ahmad et al. [36], N; and r,,; in Equation (2) are, respectively related to
V; and r,; in Equation (1) as follows:

Inr,; =Inry — 3(71-2, (3a)
N; = 55 exp(—4.507). (3b)
37T
Since )
o dr 1 lnrlnrw-)
—-exp|—| ——— =1, 4
0 +2morT p[ < ﬁm @

integration over all sizes for both modes in Equations (1) and (2), yields

/ o(r)dr=V+V, =Vr, (5a)
0

/0 n(r)dr = Ny + Np = N. (5b)
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If we let subscript i = f denote the fine mode, and the subscript i = ¢ to denote the
coarse mode, then Equation (5a) becomes Vr = V¢ + V. Hence the volume fraction of
fine-mode particles is given by f = V;/Vr.

2.2.2. Bio-Optical Model

In the AccuRT algorithm, the inherent optical properties (chlorophyll concentration
(CHL), mineral particle concentration (MIN), and absorption by CDOM (xcpowm (443)) are
adopted from the Coast Colour Round Robin (CCRR) [37] bio-optical model. The model
has 3 input parameters: CHL, MIN, and acpom(443). According to Babin et al. [38],
the absorption coefficient for mineral particles at 443 nm and its spectral variation are
given by

apviN (443) = 0.041 x MIN, (6)

D‘MIN(/\) = AMIN (443) exp[—00123(/\ - 443)] (7)
The absorption coefficient for pigmented (algal) particles is given by [39]
wpig(A) = Ag(A) x [CHL]Fo (), (8)

Here Ay(A) and Ey(A) are given by Bricaud et al. [39], and [CHL] is the chlorophyll
concentration. The spectral variation of the CDOM absorption coefficient is given by [40]

acpom(A) = acpom (443) x exp[—0.0176(A — 443)]. 9)

The sum of Equations (7)—(9) gives the total absorption coefficient a;:(A) due to water
impurities
wpot(A) = tpig(A) + amm(A) + &cpom(A). (10)

It should be noted that apn(A) in Equation (10) caters also for non-algae particles
whose absorption does not covary with that of algae particles. The scattering coefficient at
555 nm is given by [38]

Bmin(555) = 0.51 x MIN, (11)

and the spectral variation of the attenuation coefficient is

vin(A) = v (555) X (A/Ag)™S ¢ =03749,  Ag =555nm, (12)

where YN (555) = anvin(555) + Bwvin (555).
The spectral variation of scattering coefficient for mineral particles follows from

Bvmn(A) = MmN (A) — avin (A). (13)

According to Loise and Morel [41], the attenuation coefficient for pigmented particles
at 660 nm wavelength is given by

Ypig (660) = o x [CHL]; o = 0.407, n = 0.795, (14)
and its spectral variation is given by [42]
Ypig(A) = Tpig(660) x (1/660)", (15)
where

0.5 x [L CHL - 0.3] 0.02 < CHL .
v—{ x [logy, ] < <20 (16)

0 CHL > 2.0.
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The spectral variation of scattering coefficient for pigmented particles is the difference
between Equations (15) and (8)

.Bpig()\) = ’Ypig()\) - “pig(/\)' (17)

The sum of Equations (13) and (17) gives the scattering coefficient due to water
impurities
Brot(A) = Bvin(A) + Bpig(A)- (18)

2.3. Radial Basis Function Neural Network (RBF-NN)-Training and Evaluation
2.3.1. Radial Basis Function Neural Network

The Radial Basis Function Neural Network (RBF-NN), first proposed by Broomhead
and Lowe [43], consists of three main parts, namely an input layer, hidden layers, and an
output layer [44,45], and it employs radial basis functions (RBFs) as activation functions.
The RBF’s basic parameters are the center and width, and their response decreases (or in-
creases) monotonically with distance from a central point [44]. There are two hidden layers
of the RBF-NN, namely a RBF layer and a linear layer. The output Oy; from the first hidden
layer (the RBF layer) is given by

Oy; = exp [_((xli - wli)bl)z} , (19)

where x1;, wy;, and by are the input, weight, and bias, respectively, of the RBF layer. The RBF
layer is followed by the second hidden layer

Oy = wrixy; + by, (20)

where wp;, Xp;, and by; are the weight, input, and bias of the linear layer, and Oy; is the final
total output of the RBF-NN. If there are are N, input parameters, Equation (19) for the first
hidden layer becomes

NP
O1; = exp [—b% Y (wy — xlk)2‘| . (21)
k=1

Replacing xp; in Equation (20) by the output O;; from the first hidden layer in
Equation (21), which is the input to the second hidden layer (the linear layer),

one obtains
Np

Oy; = wr;exp [b% Y (wie — x16)?
=1

+ by;. (22)

If there are N neurons, the i output of the RBF-NN becomes

N Np
O = ) wpjexp [—b% Y (wij — x10)* | + bai. (23)
=1 k=1

If we set a;; = wy;j, b = by, di = by, cjp = wyjk, pr = X1k, Ri = O, Equation (23)
simplifies to

Np

N 2
Ri = 2 Lll'j exp l—bz Z (Cjk — Pk)
j=1 k=1

where N, is the total number of input/retrieval parameters, the p;’s are input/retrieval
parameters (chlorophyll concentration, mineral concentration, CDOM absorption, aerosol
fine-mode fraction, and aerosol volume fraction), and aij, b, Ciks and d; are coefficients to be
optimized by training the RBF-NN. The output parameters R; are TOA radiances in the
MODIS channels at 412, 442, 487, 530, 554, 666, 746, and 866 nm. Each term j =1,2,...,N

+ di/ (24)
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in the outer sum in Equation (24) is referred to as a neuron, so that N is the actual number
of neurons after optimisation.

2.3.2. Training and Evaluation

In order to obtain accurate results from Equation (24) it is vital to have adequate input
data for the RBF-NN training. To train and evaluate the RBF-NN we chose input data
relevant for the coastal waters around Rest (67.79° N, 12.01° E), Norway, whose location
is shown in Figure 1. At this site there are in-situ measurements of marine parameters
(chlorophyll concentration, mineral concentration, and CDOM absorption), and the site is
not too far from Andenes (69.28° N, 16.01° E), Norway, where the Aerosol Robotic Network
(AERONET) has provided measurements of aerosol properties for more than 10 years. Ma-
rine in-situ measurements at Rest (Nima et al. [46]) have provided values of the chlorophyll
concentration, total suspended matter (TSM), and CDOM absorption. The chlorophyll
concentration was obtained from collected water samples using High Pressure Liquid Chro-
matography (HPLC) based on the method of Jeffrey and Mantoura et al. [47]. The CDOM
absorption was determined by converting absorbance spectra recorded by a dual-beam
Shimadzu spectrophotometer (UV-1800) of filtered water samples. TSM was obtained by
taking the difference between the weights of Whatman 47 nm GF/F filter after and before
filtration. To obtain the concentration of mineral particles, the chlorophyll concentration
was subtracted from the TSM.

o

60/\/

5°F 30 B

10°E

15°E 20’ E 25 E

Figure 1. Location of the two sites, Rost and Andenes.

Aerosol parameter values for Andenes were downloaded from AERONET to obtain
the volume concentration of fine-mode particles (V¢ [um?/ um?]), the volume concentration
of coarse-mode particles (V, [um3/um?]), and the total volume concentration of particles
(V1 [um3/um?]). Volume concentration is the fraction of a given volume occupied (filled)
by particles. In contrast to mass concentration, volume fraction is independent of the bulk
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density of the particle material. In our retrieval algorithm the volume fraction of fine-mode
particles is defined as f = V¢/Vr, and the aerosol volume fraction is defined as Vr divided
by the thickness in [um] of the aerosol layer, which was assumed to extend from sea level
to a height of 2 km.

The variation range of each of the marine parameters was determined by considering
the values obtained from all cruise measurements around Rest and then selecting the
minimum and maximum values. The minimum and maximum values of the aerosol
parameters were determined by considering monthly averages of the aerosol volume
fraction and the volume fraction of fine-mode particles (V) and then picking the smallest

and largest values. The ranges used were: CDOM absorption coefficient (0.11-0.16) m ! at
440 nm; chlorophyll concentration (0.7-2.0) mg m~3; mineral concentration (0.2-0.7) g m~3;
aerosol volume fraction (3.75 x 10~12-3.24 x 10_11); and volume fraction of fine-mode
particles (V) (0.80-0.84).

After determining the range of each of the five input/retrieval parameters, we used a
random number generator to provide 10,000 different random sets of parameter values.
These 10,000 sets of parameter values were used as input to a well-tested RTM for a
coupled atmosphere-ocean system [14,32] to simulate measured TOA radiances in the
MODIS channels at 412, 442, 487, 530, 554, 666, 746, and 866 nm. In all the TOA radiance
simulations we assumed the satellite sensor zenith angle to be at nadir because all the
stations at which the in-situ measurements where carried out the satellite sensor zenith
varies between 0.2° to 1.5°.

To determine optimized values for the coefficients a;;, b, cj, and d; in Equation (24)
for the ranges of the five input/retrieval parameters given above, we used the MATLAB
radial basis function ‘newrb’, which iteratively creates a RBF-NN by adding neurons one
at a time until the mean-squared error (MSE) defined as [48,49]

Ns

_ 1 T P 2
MSE — ey (R,. —Ri) ) (25)

falls beneath an error goal or a actual number of neurons after optimisation N in Equation (24)
has been reached. Here R! is the target value of the TOA radiance computed by a well-
tested RTM for the ith MODIS channel, and R’ is the corresponding TOA radiance value
predicted by the RBF-NN in Equation (24), and N; is the number of instrument chan-
nel used.

The call for the MATLAB function ‘newrb’ includes the parameters py, R;, goal, spread,
and N, where py (k = 1,2, ..., Np) are different sets of the five input/retrieval parameters
and R; are corresponding sets of RBF-NN predicted TOA radiance values, whereas goal,
spread, and N are design parameters. As noted above, N is the actual number of neurons
after optimisation in Equation (24). Further, goal is equal to the mean-squared error MSE,
and spread is equal to the width of the RBF-NN. We used 90% of the 10,000 sets of input
parameters (9000 parameter sets) for training and the remaining 10% (1000 parameter
sets) for validation. After testing different combinations of values for goal, spread, and N,
we found the combination of settings goal = 0, spread = 1.5, and N = 300 to give very
accurate results. Figure 2 shows a comparison between the TOA radiances obtained from
the RBE-NN and the RTM. The correlation coefficients between the two models for SZAs
45°,53°, 63°, and 75° are 0.99999996, 0.99999910, 0.99999967, and 0.99999984, respectively,
with average deviations of 0.011%, 0.047%, 0.029%, and 0.015%, respectively. The RBF-NN
did not achieve the targeted value of goal = 0, but at the point of termination with N = 300
the value was goal = 1.0 x 10~7. In addition to predicting the TOA radiances very well,
the RBF-NN is faster than the RTM by a factor of 200.
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(a) SZA=45° and  r = 0.99999996 (b) SZA=53° and r = 0.99999910
0.06 s 1r
e <
/
—=0.04 1t
: / g -
2 0.02f i /
=
% 0 ”~ ‘ ‘ ‘ e
[} T T T
2
-_‘g 0.06 (¢) SZA=63° and ' r = 0.99999967 1t (d) SZA=75° and r = 0.99999984
g . A=412nm
- =
2 0.04¢1 1r : =487 nm | 4
2 S -~ Pie - A=530nm
= / / . A =554 nm
5 0.02} 1t A =666nm |
:2 / +  A=746nm
0 / ‘ ‘ ‘ / ‘ ‘ . 7»‘: 866 nm
0 0.02 0.04 0.06 0 0.02 0.04 0.06

Radiative transfer model radiances [W/mzlsr/nm]

Figure 2. Comparison between radiances obtained from the RBF-NN and those obtained from a
well-tested radiative transfer model (RTM) for a coupled atmosphere-ocean system (viewing angle
6 = 0°). Note that in graphs (a—d) both the shortest wavelength (412 nm) and the longest wavelength
(866 nm) are represented by the blue color, and that the higher radiance values corresponds to 412 nm.

2.4. Inverse Method for Retrieval of Atmosphere-Water Parameters from TOA Radiances

As explained above, our inverse algorithm is based on a multidimensional uncon-
strained nonlinear minimization MATLAB function (fminsearch) in accordance with a
method due to Nelder-Mead [28,29]. The aim of the Nelder and Mead [28] method is to
minimize a scalar-valued nonlinear function of several real variables using function values
only. The following four scalar coefficients of reflection (p > 0), expansion (x > 1,p),
contraction (0 < 7 < 1), and shrinkage (0 < ¢ < 1) must be specified in order to imple-
ment the method. The Nelder-Mead search method maintains a non-degenerate simplex
of n + 1 points for n-dimensional vectors x. The algorithm starts by adding 5% to each
component of the initial guess x(, and the new generated vectors x( (i) become the elements
of the new simplex in addition to xg. If xo(i) = 0, then x((i) is set to 0.00025, and the
algorithm then follows the procedure below until the diameter of the simplex is less than a
specified tolerance.

(1) Let x(7) denote the list of points in the current simplex, i = 1,...,1n + 1. Then the
algorithm orders the points in the simplex from the lowest function value f(x(1))
to the highest function value f(x(n + 1)), and at each step in the iteration the
algorithm discards the current worst point x(# + 1) and accepts another point in
the simplex. Or, in case of step (v) below it changes all n points with values above
F(x(1)).

(if) To generate a reflection point, the algorithm generates a point ¥ = 2m — x(n + 1),
where m = Y_x(i)/n,i =1,...,n, and then calculates f(r). If f(x(1)) < f(r) <
f(x(n)), then the algorithm accepts r and terminates the iteration.

(iii) To generate an expansion point for the case in which f(r) < f(x(1)), the algorithm
calculates an expansion point s, given by s = m +2(m — x(n + 1)), and then
computes f(s). If f(s) < f(r), the algorithm accepts s and terminates the iteration.
Otherwise, it accepts r and returns to procedure step (ii).

(iv) If f(r) > f(x(n)), the algorithm performs a contraction between m and the better
ofx(n+1)andr. Case . If f(r) < f(x(n+1)) (i.e., r is better than x(n + 1)), the al-
gorithm calculates ¢ = m + (r —m)/2, and then computes f(c). If f(c) < f(r),
it accepts ¢ and terminates the iteration. Otherwise, it continues with step (v).
Case IL If f(r) > f(x(n+ 1)), it calculates cc = m + (x(n +1) — m)/2 and com-
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putes f(cc). If f(cc) < f(x(n+1)), it accepts cc and terminates the iteration.
Otherwise, it continues with step (v).

v) To generate a shrinkage point, the algorithm calculates the n points
v(i) = x(1) + (x(i) — x(1)) /2 and computes f(v(i)),i = 2,...,n + 1. The simplex
at the next iteration is x(1), v(2),...,v(n + 1). The iteration continues until the set
criterion is fulfilled

In our algorithm the initial guess for the components of the vector xy was the average
values of the input parameters.

3. Results and Discussion

To validate the performance of our inverse algorithm described in Section 2.4, we com-
pared the two aerosol and the three marine parameters that were used as inputs to the RTM
for generating computed TOA radiances for the MODIS channels with the corresponding
retrieved parameters.

To test for robustness we considered two cases: (i) low and high sun without white
Gaussian noise added to the computed TOA radiances and (ii) low and high sun with
different levels of white noise added to the computed TOA radiances. In both cases,
we used the RTM for computation of TOA radiances, and trained the RBF-NN separately
for each SZA, and in the latter case, we added white Gaussian noise to the computed TOA
radiances in order to check how much added white Gaussian noise the inverse algorithm
would tolerate. All statistics about algorithm performance validation and robustness
testing were conducted on testing data set.

For each of the five input parameters, the correlation coefficient ri (j=1273,45)
between input parameter number j and the corresponding retrieved parameter was com-
puted using

Zz]'\il<p;,i - P?)(P;’,i - P;)
Tj ., ISV
CM (= ) T — P

(26)

where p;,l- is the i*" data point for input parameter number j and p;,l. is the corresponding
retrieved parameter, and M is the total number of data points, which is equal to the number
of parameter sets used for validation, i.e., M = 10, 000. The average values in Equation (26)
are given by

ijﬁi;l“j,i ; P]-*M;Pj,r (27)

At Rost local noon solar zenith angles (SZAs) of 45°, 53°, 63°, and 75° correspond to
the dates of 5 June, 1 May, 1 April, and 1 March, respectively. Table 2 shows correlation
between input and retrieved parameters for different solar zenith angles, and different
sets of data in absence of noise. The algorithm performed well in retrieving all the five
parameters in both data sets in absence of noise.

Figures 37 show comparisons between input parameters and retrieved parameters
for different solar zenith angles, and the correlation coefficients are given in Table 2 under
testing data set.

Figure 3 shows a comparison between input values and retrieved values for the CDOM
absorption coefficient for different SZAs. The correlation coefficients are 0.97, 0.82, 0.72,
and 0.64 for SZAs of 45°, 53°, 63°, and 75°, respectively.

Figure 4 shows a comparison between input values and retrieved values for the
chlorophyll concentration with correlation coefficients of 0.98, 0.78, 0.82, and 0.73 for SZAs
of 45°, 53°, 63°, and 75°, respectively. It follows that the chlorophyll concentration is
retrieved well, both for low and high sun.
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Table 2. Correlation coefficients between input parameters and retrieved parameters for different
solar zenith angles in absence of noise.

Testing Data Set Training Data Set
Solar Zenith Angle
Retrieved Parameter 45°  53°  63°  75° 45°  53°  63° 75°
CDOM 097 082 072 064 100 080 097 0.84
Chlorophyll Concentration 098 0.78 082 073 1.00 095 099 0.97
Mineral Concentration 1.00 094 093 09 100 067 096 0.87

Aerosol fine-mode fraction 082 0.67 093 091 100 098 1.00 1.00
Aerosol volume fraction 097 087 092 092 099 082 097 094

(a) SZA=45 and SNR = 0.0 (b) SZA=53" and SNR = 0.0
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Input CDOM absorption coefficient at 440 nm [1/m]

0.1 0.15 0.2 0.25 0.1 0.15 0.2 0.25

Retrived CDOM absorption coefficient at 440 nm [1/m]

Figure 3. Comparison between input values and retrieved values for the CDOM absorption coefficient
at 443 nm for different solar zenith angles (SZAs).

Figure 5 shows a comparison between input values and retrieved values for the
mineral concentration. The correlation coefficients between input values and retrieved
values are 1.00, 0.94, 0.93, and 0.96 for SZAs of 45°, 53°, 63°, and 75°, respectively. Thus,
the mineral concentration is retrieved accurately, both for low and high sun.

Figure 6 shows a comparison between input and retrieved values for the volume
fraction of fine-mode aerosol particles, where the correlation coefficients between input and
retrieved values are 0.82, 0.67, 0.93, and 0.91 for SZAs of 45°, 53°, 63°, and 75°, respectively.
For all four values of the SZA, we see that the retrieval algorithm predicts the volume
fraction of fine-mode aerosol particles very well.

Figure 7 shows a comparison between input values and retrieved values for the aerosol
volume fraction with correlation coefficients of 0.97, 0.87, 0.92, and 0.92 for SZAs of 45°,
53°, 63°, and 75°, respectively. For all values of the SZA, the retrieval algorithm is seen to
accurately predict the aerosol volume fraction.

Figure 8 shows the effect of the SZA on the TOA radiance contribution from the
ocean. The ratio between the average total TOA radiance and the average TOA radiance
contribution from the ocean is seen to increase significantly (note the logarithmic scale on
the vertical axis in Figure 8) with increasing SZA, implying that the oceanic contribution to
the TOA radiance is reduced as the SZA is increased. This may explain why the accuracy
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of the retrieved ocean parameters (CDOM absorption and chlorophyll concentration) in
Figures 3 and 4 reduced as the SZA is increased.

(a) SZA=45" and SNR = 0.0

(b) SZA=53" and SNR = 9

0 S0
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Figure 4. Comparison between input values and retrieved values for the chlorophyll concentration

for different solar zenith angles (SZAs).
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Figure 5. Comparison between input values and retrieved values for the mineral concentration for

different solar zenith angles (SZAs).
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(a) SZA=45 and SNR = 0.0 (b) SZA=53" and SNR = 0.0
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Figure 6. Comparison between input values and retrieved values for the volume fraction of fine-mode
aerosol particles for different solar zenith angles (SZAs).

To test for robustness of the retrieval algorithm we introduced white Gaussian noise
in all eight TOA radiance channels using the MATLAB function awgn (X,SNR), where X is
the vector signal and SNR is the signal-to-noise-ratio. Figure 9a—e show how the algorithm
predicts CDOM absorption, chlorophyll concentration, mineral concentration, aerosol
volume fraction, and volume fraction of fine-mode aerosol particles for four different
values of the SZA and the SNR. As discussed earlier, we first generated 10,000 randomly
distributed sets of the five input parameters. Then we used a well-tested forward RTM
to compute TOA radiances for eight of the MODIS channels for each of the 10,000 sets
of input parameters for training (90%) and validation (10%) of a RBF-NN. To speed up
the inversion, we used TOA radiances predicted by the RBF-NN as input to the retrieval
algorithm, which was based on fminsearch. We then added varying amounts of white
Gaussian noise to the TOA radiances before starting the retrieval without re-training the
RBF-NN. Figure 9a,b show how the algorithm retrieves the CDOM absorption coefficient
at 443 nm and the chlorophyll concentration, respectively, for varying values of the SNR
and four different SZA values. It is clearly seen that for low noise the algorithm retrieves
the two parameters very well and that the performance decreases as one increases the SZA
and the noise level.
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Input aerosol volume fraction (X 10" ])
o

0 1 2 3 0 1 2 3
Retrived aerosol volume fraction (X 10" l)

Figure 7. Comparison between input values and retrieved values for the aerosol volume fraction for
different solar zenith angles (SZAs).
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Figure 8. Effects of SZA on the TOA radiance contribution from the ocean. Rtos and Rocgan are
the average TOA radiance and average radiance from the ocean, respectively.

Figure 9c—e show how the algorithm retrieves the mineral concentration, aerosol
volume fraction, and volume fraction of fine-mode aerosol particles, respectively, for vary-
ing values of the SNR and four different SZA values. For all values of the SZA and
for SNR > 100 the algorithm is seen to predict the three parameters with correlation
coefficients greater than 0.88, 0.77, and 0.57 for the mineral concentration, volume frac-
tion, and volume fraction of fine-mode aerosol particles, respectively. It follows from
Figure 9 that the algorithm performance increases when the SZA or the level of white noise
is reduced.
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Figure 9. Effects of white Gaussian noise on the retrieved parameters.

4. Conclusions

We have presented a new algorithm for simultaneous retrieval of two aerosol parame-
ters (volume fraction of fine-mode particles and aerosol volume fraction) and three marine
parameters (CDOM absorption, chlorophyll concentration, and mineral concentration).
We tested the performance of the new algorithm by creating a set of synthetic data and
simulated the TOA radiances in 9 MODIS channels for randomly generated aerosol and
marine parameter combinations. The results show that with sufficiently low noise levels
our algorithm is accurate in predicting all the five parameters. For high sun (SZA = 45°,
53°, and 63°) without white noise added to the TOA radiance the algorithm predicts the
CDOM absorption, chlorophyll concentration, mineral concentration, volume fraction
of fine-mode aerosol particles, and aerosol volume fraction with correlation coefficients
greater than 0.77, 0.70, 0.93, 0.78, and 0.96, respectively. We also demonstrated that the
algorithm is robust by varying the SZA between 45° and 75° while introducing white noise
to the TOA radiance. For SNR> 100 the algorithm predicted the five parameters accurately.
For SZA > 75° the plane-parallel geometry used in the forward model will give inaccurate
results. For such large SZA values curvature effects must be considered. This parameter
retrieval technique applies to any ocean satellite sensor, though it is limited to cloud-free
sky conditions. In conclusion, the algorithm is faster than RTM by a factor of 200, accurate,
and robust, and can be applied to coastal waters as long as the ranges of the five retrieval
parameters are known, and the noise level is low.
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5. Final Remarks

After this paper was finalized, important improvements have been made on atmo-
spheric correction and retrieval of aerosol and marine parameters in turbid waters [50,51].
The improved approach described in [50] is based on the use of multilayer neural networks,
and in [51] a new OC-SMART platform is described for analysis of data collected by many
different existing and possible future multi-spectral and hyper-spectral satellite ocean color
sensors from US, EU, Korea, Japan, and China. Also, a new cloud mask was recently devel-
oped [52], which, compared to previous cloud masks, does not rely on thresholds, needs
fewer satellite channels, has superior performance during winter seasons in mid-latitude
areas, and can easily be applied to different sensors.
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