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Abstract: “Sargassum” is a pelagic species of algae that drifts and aggregates in the tropical Atlantic
Ocean. The number of Sargassum aggregations increased in the Caribbean Sea during the last decade.
The aggregations eventually wash up on shores thus leading to a socio-economic issue for the
population and the coastal ecosystem. Satellite ocean color data, such as those provided by the
Sentinel-3/OLCI satellite sensor (Copernicus), can be used to detect the occurrences of Sargassum
and to estimate their abundance per pixel using the Maximum Chlorophyll Index (noted MCI). Such
an index is, however, ineffective if the algae are located beneath the sea surface, which frequently
happens, considering the rough Caribbean oceanic waters. The objective of this study is to propose
a relevant methodology that enables the detection of underwater Sargassum aggregations. The
methodology relies on the inversion of the radiative transfer equation in the water column. The
inverted model provides the immersion depth of the Sargassum aggregations (per pixel) and their
fractional coverage from the above water reflectances. The overall methodology has been applied
to Sentinel-3/OLCI data. The comparison with the MCI method, which is solely devoted to the sea
surface retrieval of Sargassum aggregations, shows that the proposed methodology allows retrieving
about twice more Sargassum aggregation occurrences than the MCI estimates. A relative increase
of 31% of the fractional coverage over the entire study area is observed when using the proposed
method in comparison to MCI method. For the satellite scenes considered here, the rate of Sargassum
aggregations immersed between 2 m and 5 m depth ranges between 30% and 51% over the total
amount (i.e., surface + in-water), which clearly demonstrates the importance of considering the
retrieval of in-water aggregations to gain understanding on Sargassum spatial variability in the
oceanic and coastal ecosystems.

Keywords: Sargassum aggregations; ocean color remote sensing; Sentinel-3/OLCI satellite sensor;
radiative transfer modelling; tropical Atlantic Ocean

1. Introduction

The Sargassum is a species of algae originally found in the “Sargasso Sea”, which
is located in the northwestern region of the tropical Atlantic Ocean offshore the Florida
coastlines (USA). In the last decade, Sargassum has be observed in large amounts from
the Caribbean Sea to Brazil and could extend up to the coastlines of the north-west of
Africa [1]. Such a shift in the Sargassum spatial distribution, which was observed in 2011
by Gower et al. [2], can be ascribed to both global change, particularly the water warming,
and to the nutrient supply caused by farming [3]. The Sargassum are transported by the
currents and winds until they wash up on shores. Two pelagic species of Sargassum, namely
S. natans and S. fluitans, are prevailing in beaching events. Those species have a key role
in the ecosystem by providing habitats and by sequestrating carbon [4,5]. However, the
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decomposition of such algae generates Hydrogen Sulfide (H,S) gas which releases a “rotten
egg” odor and can impact inhabitants” health. The strong increase in the beaching events
also impacts the tourism and the coastal environment [1]. The biological properties of
Sargassum have been recently investigated to better understand their formation, aggregation
and life cycle [6,7]. Satellite remote sensing observations are relevant assets to provide a
wide spatial and temporal extent of the Sargassum distribution at synoptic scale.

The first spectral index, namely the Maximum Chlorophyll Index (MCI), was proposed
by Gower et al. to detect intense plankton bloom [8] and Sargassum aggregations [9,10]
using MERIS data. This index is based on a linear combination of three spectral bands of
MERIS sensor in the near infrared (NIR) domain. This is because the Sargassum reflectance
shows a strong increase in the red-edge and near NIR parts of the spectrum similarly as it
could be observed for land vegetation spectral features (see Figure 2 in [10]). The water
leaving reflectance spectrum is then characterized by a pronounced signature in those
spectral domains for Sargassum dominated waters. The identification (or detection) of
Sargassum from remotely sensed data acquired over the open ocean currently relies on such
a spectral signature. MCI was further adjusted to be applied to the satellite sensor “Ocean
Land Color Imager (OLCI)” onboard Sentinel-3 [11]. Hu proposed another spectral index,
the Floating Algae Index (FAI) [12], using MODIS sensor to detect Sargassum. One limitation
of FAI index is that it could also be an indicator of the presence of clouds, particularly for
high FAI values, which can make it challenging to quantify the actual coverage of Sargassum
in the open ocean. Wang and Hu [13] improved the FAI index by proposing an Alternative
Floating Algae Index (AFAI), which is supposed to be less sensitive to the presence of
clouds. They were able to estimate the abundance of Sargassum in the Gulf of Mexico. Wang
and Hu [13] developed an approach to determine the coverage of Sargassum per pixels (i.e.,
their abundance) based on a linear relationship between the fractional coverage (FC) and
the AFAl index [14]. FC is defined as the ratio (in %) between the surface area of Sargassum
aggregation within one pixel and the total surface area of that pixel. The biomass quantity
of Sargassum within a pixel can be estimated using a relationship defined empirically
by [15] between the fractional coverage, the pixel size resolution and a calibration constant
which value is 3.34 kg m 2. The correct estimation of the fractional coverage from remote
sensing data is then crucial to determine the amount of Sargassum biomass in the ocean
and to improve the strandings forecast of Sargassum in coastal zones. Recently, neural
network approaches were implemented to detect the presence of Sargassum in the open
ocean. [16]. Other deep learning approaches use expert visualization of the red color in
composite images for the training phase to provide Sargassum occurrences (ERIS-NET, [17]).
The asset of such methods is to take into account the full spectrum of reflectance instead of
focusing only on the red-edge and NIR domains.

Sargassum aggregations are often subject to move at depths greater than 1 m as a result
of the wind (>4 m/s) and of the roughness of the sea in Caribbean waters [18]. When the
Sargassum are immersed in the water column, the above water reflectance red edge/NIR
peak is strongly attenuated as a result of the high pure seawater absorption coefficient in
these spectral bands. Therefore, the performance of the current Sargassum algal detection
indexes, which are all based on red-edge/NIR bands, could significantly decrease, thus
making more challenging the detection Sargassum of aggregations present in the ocean [19].
The originality of the current study is to take into account the immersion depth of Sargassum
for improving their detection from satellite and for estimating their fractional coverage.

Lee et al. [20] proposed a direct semi-analytical radiative transfer model in shallow
waters that is able to simulate the water leaving reflectance from the bio-optical properties,
depth, and benthic habitat composition. Descloitres et al. [21] recently adapted the Lee’s
model to analyze the influence of immersion depth and fractional coverage on the surface
reflectance. Since the semi-analytical Lee’s model can be inverted, it will be used here to
retrieve the Sargassum aggregation parameters, especially Sargassum depth and fractional
coverage, from the surface reflectance derived from Sentinel-3/OLCI observations.
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The paper is organized as follows: the study area in the Caribbean Sea, the Sentinel-
3/0LClI satellite data and the methodology used to estimate in-water and surface Sargassum
aggregation properties are described Section 2. The performances of the methodology and
the application to Sentinel-3/OLCI data are outlined Section 3. The implementation of a
neural network approach for reducing the computational time for processing a large OLCI
dataset is presented in Section 4. Finally, the comparison of the proposed approach with a
standard surface Sargassum detection method is discussed in Section 5.

2. Materials and Methods
2.1. Study Area

The area of interest is located in the Caribbean Sea between 6°N and 16°N latitudes and
between 58°W and 63°W longitudes (Figure 1). The red square in Figure 1 focuses on the
spatial location of the studied zone (Lesser Antilles). This zone is about 2 million km? which
is similar to the spatial coverage of a typical OLCI satellite image (i.e., 1227 km x 1460 km)
(Figure 2).
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Figure 2. False color composite (NIR Green Blue bands) of the OLCI image acquired on 8 July 2017,
13:55 (UTC); the white square shows the regional study area in the west of Dominica.



Remote Sens. 2022, 14, 5230

4 0f 20

2.2. Satellite Data

The Sentinel-3/OLCI sensor is used in this study for the detection and quantification
of Sargassum over the study area. OLCI sensor acquires data for 21 bands spectral resolution
at a spatial resolution of 300 m and a temporal revisit of two days with the two-satellite
constellations [22]. Its Signal-to-Noise Ratio (SNR) ranges from 2188 to 152 from 400 nm
to 1020 nm bands, respectively, thus allowing the acquisition of high radiometric quality
data over dark waters such as those encountered in the open ocean. The dataset used in
this study consists of seven images that were acquired on the following dates: 8 July 2017,
13:55 (UTC); 27 May 2018, 14:21; 14 June 2020 14:02; 14 September 2020 14:17; 28 December
2020 13:55; and finally, 2 May 2021, 14:15. Those scenes were selected because they exhibit
significant occurrences of Sargassum and also because they were acquired at various seasons
and for different years. The Level-1 data product, namely the top-of-atmosphere radiance
(TOA), were downloaded from the European Copernicus platform [23]. As an example,
a false color composite (NIR-Green-Blue) image acquired on 8 July 2017, 13:55, is shown
Figure 2. The regional study area that is analyzed in this paper, is west of Dominica Island
(see the white square in Figure 2). Such an area covers 22,500 km?.

2.3. Methodology
2.3.1. Atmospheric Correction Procedure over Sargassum Dominated Waters

The first requirement for the detection of in-water Sargassum aggregations is to derive
the water leaving reflectance at the sea surface level from satellite data. Thus, the top of
the atmosphere (TOA) reflectance (ptoa) needs to be corrected for the atmospheric effects
such as the Rayleigh (i.e., molecular) and aerosols scattering and sun/sky glint. While
the Rayleigh atmospheric scattering is known from theory, the estimation of the aerosol
reflectance remains challenging due to the high variability in their spatial and optical
properties [24]. The POLYMER atmospheric correction algorithm [25] could be used to
retrieve the above water reflectance over open ocean waters. POLYMER was first applied
to ENVISAT/MERIS data and more recently to Sentinel-2/MSI and Sentinel-3/OLCI
data [26,27]. POLYMER atmospheric correction approach firstly consists in normalizing the
TOA radiance by the cosine of the solar zenithal angle (6.,) and the extraterrestrial solar
irradiance (Es) to obtain the TOA reflectances (ptoa)- Proa can then be decomposed as
follows (Equation (1)):

PTOA = toztno2 (pmol + Tpgli + Paer T Peoupl T tp;;) @

where toz and tNop are, respectively, the transmittance of the ozone and the nitrogen dioxide,
Pmol accounts for the Rayleigh molecular scattering, pgy; is the sunglint reflectance, T is
the direct transmittance, p,, is the reflectance of the aerosols, p.op1 represents various
coupling terms between the sunglint, the molecules and the aerosols, t is the total (i.e.,
direct and diffuse) transmittance for atmospheric scattering, and finally, p;; is the sea
surface reflectance (i.e., above water reflectance). The top of the atmosphere reflectance
is first corrected for the ozone transmittance, the Rayleigh scattering effects and most of
the sunglint reflectance (Cox and Munk (1954, [28]) which are known from theoretical
calculations. The derived reflectance is called p’. The reflectance p’ can be expressed
from Equation (1) as follows Equation (2) where p,; includes the aerosols reflectance, the
coupling term.

p/()‘) = Pag (A) + t(A)pvJ\r/ oy 2)

POLYMER then relies on the expression of the term p,g as a polynomial function of A

and p,o1 (Equation (3)):
Pag(A) = toco + c1A™! + C2pmol ®3)
A least square fitting approach on the satellite measurements is then applied to

estimate p,;. The intrinsic Sargassum reflectance exhibits a strong increase in the near infra-
red (NIR) (see Figure 2 in [10]). Such an increase remains significant enough to influence
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the overall oceanic reflectance although the fractional Sargassum coverage that is usually
encountered in the ocean is weak; typically lower than 5% based on MODIS data [13].
However, since the Sargassum intrinsic reflectance is not considered by the POLYMER
algorithm, the Sargassum optical signature on the top of atmosphere reflectance is wrongly
identified as an aerosol signature. This leads to an overestimation of the reflectance p,, in
the NIR domain and the subsequent loss of the Sargassum signature on the total surface
reflectance (p;;) (see Figure 4 in [29]).

Schamberger et al. [29] recently addressed the issue of correcting proa for atmospheric
effects over Sargassum dominated waters by adjusting the POLYMER algorithm, hereafter
noted POLYMERyt, to the presence of Sargassum. POLYMERey; is thus used here to derive
the sea surface reflectance. Briefly, POLYMERey; consists in first determining the effect of
the Rayleigh scattering. Second, the aerosol and sunglint reflectances are estimated over
Sargassum-free pixels based on the NIR bands. Third, the estimation of aerosol/sunglint
reflectances is performed over Sargassum dominated pixels by extrapolating the atmospheric
reflectances derived through the 1st and 2nd steps over the Sargassum-free pixels that are
located in the vicinity of the Sargassum contaminated pixel. Finally, the satellite reflectance
measured over the Sargassum contaminated pixel is corrected for the atmosphere to provide
the sea surface reflectance. The OLCI surface derived reflectance image after atmospheric
correction is obtained for 12 spectral bands between 400 nm and 865 nm.

2.3.2. Sargassum Radiative Transfer (SRT) Model

As mentioned Section 1, the adaptation of the Lee semi-analytical radiative transfer
model [20] proposed by Descloitres et al. [21] to account for the immersion of Sargassum
aggregations is used here; such a model is further called Sargassum Radiative Transfer (and
noted SRT). Similar to the Lee’s model, SRT can simulate the above surface reflectance using
the bio-optical properties of the water column, the bottom depth and bottom composition as
inputs (forward model). More precisely, the inputs typically consist of the chlorophyll con-
centration (Chl), the Non-Algal Particles (NAP) concentration, and the Colored Dissolved
Organic Matter (CDOM) absorption coefficient. These parameters determine the Inherent
Optical Properties (IOP) of the water such as the absorption (a(A)) and backscattering (by,(A))

coefficients that are used to model the deep-water reflectance pfsp(A). Lee’s model also
considers the seabed reflectance and depth (z). In addition to Lee’s model, SRT is also able
to consider the depth and the fraction coverage (FC) of Sargassum as inputs [21]. To do that,
the Sargassum aggregation is assumed as an opaque layer at a given depth z (at the surface
or in-water). Such an opaque layer can be optically considered as a seafloor that would be
solely composed of Sargassum. The seabed reflectance used in the Lee’s model can, thus, be
considered as a linear mixing between the immersed Sargassum reflectance (Psargassum (7))
and the Sargassum-free water reflectance (p,, (A)). The seabed reflectance in Lee’s model is
replaced by the composite reflectance of the immersed Sargassum aggregation, noted pc(A)
(Equation(4)):

pc(A) =FC x Psargassum (A) + (1 = FC) x py(A) (4)

The reflectance of the water column for the layer that is in between the surface and the
Sargassum aggregations at the depth z is noted psW and the reflectance of the Sargassum
aggregations that are located at the depth z is noted p.sC. These reflectances are expressed
in Equations (5) and (6):

— dp —( \19 +D“1W(9)\) Ka(A)z
PrsW(07,A) = prg (A) [ 1 —e cos(On] Tcos (@) ®)

C
L DalM ki (A)z

1 —N =g+ 5
prsC(Oi, 7\) = %pc(x)e (cos(ew) cos (Ov) (6)

where Du" and DuC are the optical path-elongation factors for photons scattered by
the water column and Sargassum aggregations respectively. 0y, and 0y are the solar and
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viewing zenith angle, respectively, and Ky is the diffuse attenuation coefficient. The sea
water reflectance just beneath the surface (p,s(0~, A)) is then the sum of p,sW and p,sC.
Finally, the above water reflectance p;;(A) is derived as follows (Equation (7)):

p+ (}\) _ 0.52 prs(071 A)

- 7
w 1—156 p,(0—, A) @

The components of the SRT model that include the water parameters (Chl, NAP and
CDOM) and the Fractional Coverage and depth of the Sargassum aggregations are presented
in Figure 3.

psargassum(}‘)

Chl
NAP +
Model P
CDOM adapted to
the presence
of Sargassum
FC
z

Figure 3. Inputs and output of the SRT model.

2.3.3. Inversion of the SRT Model to Retrieve the Sargassum Depth and Fractional Coverage

The inversion of the SRT model consists of using an optimization method to minimize
the Euclidian distance between the sea surface reflectance that is derived from satellite
observations and the simulated sea surface reflectance (forward SRT model). The bio-
optical parameters (Chl, NAP, CDOM, FC, and z) for which the retrieved error between
observations and simulations is minimum are selected.

The minimization is operated using the least squares method based on a first guess
initial values of the bio-optical parameters, and on the range of variation of each parameter.
The range of variation of the chlorophyll concentration was set between 0 and 2 mg m 3
based on the OCC-CI algorithm developed by the CMEMS (Copernicus European com-
munity) which provides monthly average of the chlorophyll-a in the Atlantic Ocean. The
range of variation of the NAP concentration was set between 0 and 2 g m 2 and the CDOM
absorption coefficient at 443 nm between 0 and 0.1 m~!. These ranges of variation were
set based on the S3W OLCI Level-2 products (distributed by EUMETSAT-CODA service)
where the NAP ranged from 0.13 and 0.32 g m~2 and the CDOM from 0.04 and 0.06 m~!.
The FC ranges between 0 and 1 and z ranges from the surface (i.e., 0 m) to 5 m deep because
Sargassum aggregations are known to float between 0 and 5 m [18,30-32]. The initial value
of the bio-optical parameters was fixed as a first guess as follows: Chl = 0.5 mg m~3,
NAP=1g m~3, CDOM = 0.0005 m~!, FC = 1 and z = 0 m. The minimization process is
stopped when the error between observations and simulations is below a threshold, namely
1029, Such threshold is relevant to overcome the issue of local minima. The five optimum
parameters (Chl, NAP, CDOM, FC and z) are then estimated for each pixel of the satellite
image. Practically, the MATLAB optimization function “Isqcurvfit” has been used.
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2.3.4. Maximum Chlorophyll Index (MCI) and Fractional Coverage (FC)
The Maximum Chlorophyll Index MCI [11,13] is defined as follows (Equation (8)):

709 — 681

oy . / / _ A -
MCI = p/(709) — | p(681) + (o' (754) — p'(681)) * 7 — o

®)

The MCI background (MClyg) value corresponds to the noise over Sargassum free
waters. It can be estimated using a median filter window, which is efficient provided that a
large majority of pixels inside this window is not contaminated by Sargassum. Our tests
showed that a 167 x 167 pixels window (50 km x 50 km) is satisfactory to fulfill such a
condition. MCly, is then subtracted from the MCI to derive the so-called MCI deviation,
which is defined as SMCI = MCI — MClyg.

The fractional coverage can be linked to 8MCI through a linear relationship
dMCI = K*FC, where K is a coefficient of proportionality. K can be estimated using the
SRT model outlined in Section 2.3.2 for a pixel that is entirely composed of Sargassum.
Kis equal to SMClpax where SMClpax is SMCI for a pixel composed only of Sargassum
(i.e., FC = 100%) located at the surface (z = 0) [16]. In the current study, the value of K was
estimated at 0.0579.

3. Results
3.1. Performances of the SRT Inversion Retrieval Process Using Synthetic Data

A synthetic dataset was generated to evaluate the performances of the SRT model inver-
sion for retrieving particularly FC and z. For this purpose, the forward SRT model is used
to simulate the surface reflectances for clear waters (i.e., Chl = 0.3 mg m 3, NAP =1 g m3,
CDOM = 0.01 m~!), with a depth z varying between 0 m and 5 m, and a fractional coverage
varying between 0 and 1. The atmospheric effects are added to simulate the top of the
atmosphere radiance using MODTRAN [33]. The OLCI instrumental features (i.e., spectral
resolution and SNR) are then applied. In addition, an error representing the imperfect
correction of atmospheric effects is taken into account. The minimization of the cost func-
tion is used to retrieve the water constituents, namely, Chl’, NAP’, CDOM’, FC’, and z".
The desired input parameters that were used to simulate the initial OLCI-like sea surface
reflectances are then considered as the reference data to determine the error of the inversion
approach. The performances of the SRT inversion retrievals are determined following the
approach outlined in Figure 4.

Chl instrou];felntal Chl
NAP Atmospheric Atmospheric NAP’
Forward features . . ,
CDOM " SRTmodel | | model > (spectral »  correction Retrieval | > CDOM
FC model | | (MODTRAN) pectr error FC’
resolution ”
z and SNR)

[Vaidaion |

Figure 4. Flowchart describing the procedure used to determine the performances of SRT inversion
retrievals.

The root mean square error (RMSE) and the relative RMSE (RRMSE) obtained between
the parameters retrieved by the SRT inversion and the desired reference values of each
parameter are reported Table 1. The retrieval error could be considered as satisfactory
when the Relative RMSE is lower than 20% based on the current inversion algorithms
performances [34]. Chl, NAP, and CDOM are retrieved with a weak RMSE. However, the
retrievals of the Chl and CDOM parameters are not satisfactory as shown by their high
RRMSE, which is greater than 45% and 70% for Chl and CDOM, respectively. The RRMSE
estimated for the FC parameter is lower than 3%, thus indicating its good retrieval. Note
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that a RMSE value for FC lower than 1% can be considered satisfactory even though it
should be noted that Sargassum contaminated pixels typically show FC values lower than
5% [13]. The RRMSE value of 14.7% that is found for the parameter z, and its RMSE of
0.7 m are satisfactory.

Table 1. Performances of the SRT inversion retrieval of the bio-optical parameters in clear waters.

Parameters RMSE= \/ LY (Conethiod — Creference)’ RRMSE=100«RMSE+\/Cpethod
Chl (mg m~3) 0.14mgm3 48.1%
NAP (g m~3) 0.13gm™3 13.4%
CDOM (m™ 1) 0.0078 m~! 78.4%
FC (%) 1.51% 2.9%
z (m) 0.74 m 14.7%
Figure 5 shows the distribution of the relative RRMSE errors as a function of FC
and z. In Figure 5, FC varies from 0 to 100% along the horizontal axis and z varies from
0 to 5 m along the vertical axis. Two large red bands could be observed in Figure 5d,e
(one left vertical band and one top horizontal band, respectively) because the division by
0 (reference value) leads to infinity for RRMSE. The high values in Figure 5e in the left
are due to the difficulty to estimate the depth for the case where there is no Sargassum
occurrence (FC = 0). Figure 5 reveals that the deeper the Sargassum aggregation, the more
difficult to correctly derive the fractional coverage and the depth (Figure 5d,e). Thereby,
the inversion model performs better when the Sargassum aggregation is located close to
the surface. Similarly, it is observed that the retrieval of FC parameter is more challenging
(RRMSE > 15%, Figure 5d) when the depth is higher than 4 m (Figure 5d). The contribution
of Chl, NAP, and CDOM is difficult to estimate for the case where the pixel is both covered
by 100% of Sargassum (FC = 100%) and located near the surface (z = 0). This is because the
surface reflectance is not influenced by hydrosols for such conditions.
Chl (mg m3) NAP(g m~?3) CDOM(m 1)
0 EC (%) 100 0 FC) 100
2 el 20 20 20
10 10 10
0% 0% 0%
(@) (b) (c)
FC (%) z (m)
o FCO) 100 0 FC®%) 100
20 20
10 10

(d)

(e)

Figure 5. Relative error (RRMSE) of each bio-optical parameters retrieved using the SRT inversion
method: FC varies on the horizontal axis from 0 to 100% and depth z varies on the vertical axis from
0 to 5 m. (a) Chlorophyll (Chl), (b) Non-Algal Particle (NAP), (c) Colored Dissolved Organic Matter
(CDOM), (d) Fractional Coverage (FC), (e) Depth (z).
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3.2. Retrieval of the Bio-Optical Parameters from OLCI Derived Surface Reflectances Using the
SRT Inversion Method

Here, the SRT inversion method is applied to OLCI derived surface reflectances data
acquired on 8 July 2017, in the study area as described Section 2.2 (white square in Figure 2).
First, the results of the retrievals are shown for two types of pixels. One type of pixels
contains only clear oceanic waters, i.e., Sargassum-free pixel, while the other type of pixel
contains a mixing of seawater and Sargassum (i.e., Sargassum contaminated pixel). This
last type of pixel was identified using the MCI index to ensure the presence of Sargassum.
Table 2 summarizes the values of the retrieved parameters for a pixel of each type. Chl is
estimated around 0.4 mg m~3 for both pixels; such a value matches with the range provided
by the OC-CCI database near Dominica Island (i.e., 0.2-0.8 mg m~3) in July 2017 [35]. For
the case of a given pixel contaminated by Sargassum, FC and z values are consistent with the
occurrence of a Sargassum aggregation close to the surface (8% of fractional coverage and
0.07 m depth). The FC value evaluated using the MCI index for the same pixel is 10%, which
is close to the one estimated by the SRT inversion. The FC value estimated for the Sargassum-
free pixel is 15%, which is not consistent since a value of FC of 0% should be theoretically
retrieved when a pixel is not contaminated by Sargassum. The depth value retrieved for a
Sargassum-free pixel is exactly 5 m. The SRT model should theoretically retrieve an infinite
depth when a Sargassum aggregation is not present; however, the influence of the Sargassum
on the surface reflectance decreases with increased depth. When Sargassum are located at
5 m depth, the difference between reflectance of Sargassum-free pixel and reflectance of
pixel containing 10% of Sargassum that has been calculated using the SRT forward model is
only 2%. Therefore, the maximum Sargassum depth for which our method is applicable is
5 m. It should be highlighted that previous studies [18,30-32] showed that the Sargassum
community occupies the upper water column (up to 4 m depth). The pixels for which the
retrieved depth reaches the maximum value (5 m) are further considered as Sargassum-free
pixels (FC = 0%).

Table 2. Retrieved values of the bio-optical parameters estimated by the SRT inversion method for a
Sargassum-free pixel and a Sargassum contaminated pixel for the OLCI data acquired on 8 July 2017.

Parameters Retrieval for a Sargassum Free Pixel Retrieval for a Sargassum Contaminated Pixel
Chl (mg m~3) 0.41 0.45
NAP (g m~3) 0.243 0.26
CDOM (m™1) 0.025 0.02
FC (%) 15 8
z (m) 5 0.07

Figure 6 shows the above surface reflectance derived from the OLCI observation and
the surface reflectance computed using the forward SRT model based on the bio-optical
parameters retrieved from the SRT inversion scheme (Table 2). The simulated surface
reflectance correctly matches with the OLCI surface derived reflectance for the Sargassum
free pixel (Figure 6a). The SRT inversion retrieval is slightly less performant in the blue
domain (412 nm), where the relative error is 9% when comparing to the OLCI surface
derived reflectance. The simulated reflectance corresponding to the SRT inversion retrieval
for the Sargassum contaminated pixel also correctly agrees with the OLCI reflectance surface;
the maximum relative error is 12% at 754 nm (Figure 6b).

The spatial distribution of the bio-optical parameters retrieved by the SRT inversion
scheme over the study area (white square in Figure 2) is shown Figure 7. Land pixels are
colored in grey, and clouds are colored in white. The Chl, NAP, and CDOM distributions
are homogeneous within the study area (respectively Figure 7a—c). The spatial distribution
of the retrieved parameters (Figure 7a—c) can be compared with Level-2 data products
provided by the Copernicus data center for the same date and location. The retrieved Chl
values range between 0.1 and 0.6 mg m~3, which is highly consistent with the Level-2
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product values that ranges from 0.2 to 0.8 mg m 3. The retrieved NAP values range
between 0.4 and 1.4 g m 3, which is overestimated in comparison with the Level-2 product
values that ranges from 0.13 to 0.32 g m 2. The retrieved CDOM values range between
0.02 and 0.05 m~!, which is fairly consistent with the Level-2 product values that ranges
from 0.04 to 0.06 m~!. The retrieved FC values range from 0 to 47% (Figure 7d). The
retrieved depth values range from 0 to 5 m (Figure 7e). The pixels of the study area for
which the retrieved depth reaches 5 m are considered as Sargassum-free pixel as explained
in Section 3.1. Their associated FC values will further be discarded. Here, the presence
of Sargassum can be found in areas for which z is lower than 4.9 m, typically between
15°30'N-61°45"W and 15°15'N-61°30'W (Figure 7e). Around 15°30'N and 61°15'W, FC is
higher than 30%, and the related depth reaches 2.5 m. Note that such an area is influenced
by the mouth of the Layou river (western Dominica Island). It is likely that the high-water
turbidity induced by the river discharge leads to the failure of the model; the area is wrongly
identified as Sargassum dominated. Note that turbid coastal zones might be discarded by
extending a land-mask to the nearby coastal waters.
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Figure 6. OLCI derived surface reflectance p,* and computed surface reflectance using the retrieved
bio-optical parameters from SRT inversion: (a) for a Sargassum-free pixel and (b) for a Sargassum
contaminated pixel.

The retrieved FC and z values are filtered out to discard pixels corresponding to a
depth higher than 4.9 m and a FC lower than 0.1% to visualize the Sargassum aggregations
in the study area (Figure 8). Land/ocean borders are contoured in black. The FC values
range from 0.1% to 39%. The Sargassum coverage of the area of interest can be estimated
using the FC retrieval and the size of a OLCI pixel (0.3 x 0.3 km). The coverage area of
Sargassum is then estimated to be 19.86 km? over the total 22,500 km? study area. FC tends
to be higher in the center of the aggregations than on their edges (Figure 8a), which is
consistent with the fact that the Sargassum could be more dispersed at the edges of the
aggregations due to the water mixing.

About 80% of the retrieved depths are located between 1 m and the surface. The
remaining 20% left is then retrieved between 1 and 4.9 m. The greater depths (z > 1 m)
seem to be retrieved on the edges of the aggregations while the shallow depths (z <1 m)
are observed in the center of the aggregations (Figure 8b). This could be explained by the
fact that the abundance of Sargassum is lower on the edges of the aggregations, and thus
the Sargassum buoyancy is decreased.

The retrieval of FC is also performed using the SMCI approach. Note that the values
retrieved by such a method for which FC is lower than 0.1% were filtered out; thus, the
isolated pixels are discarded to prevent false detections. The comparison between SMCI and
SRT inversion approaches is performed using a histogram (Figure 9). The histogram shows
that FC values greater than 5% have more occurrences when using the SRT inversion (in
red in Figure 9) than when using the 8MCI approach (in blue in Figure 9). On the contrary,
the FC values lower than 5% have more occurrences when using the SMCI approach than
the SRT method. The relative increase in the Sargassum fractional coverage is estimated
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to be 31% over the entire study area when using the SRT method in comparison to the
SMCI method. Such an increase is due to the consideration of the immersion depth in the
inversion process as outlined in this study. Therefore, the proposed methodology should
retrieve a more realistic estimate of the FC values than the SMCI index.

Chl (mg m ~%) NAP(g m-?) CDOM(m ™)
15 0.8 01
b {06 0.08
45 0.06
0.4
2% 0.04
. 02 0.02
N e W 0
15 62°W 45 300 15
(a) (©)
FC (%)
20
16
12
8
4
0

15" 62°W 45 30" 15

(d)

Figure 7. Spatial distribution of the bio-optical parameters retrieved by the SRT inversion applied to
OLCI data acquired on 8 July 2017 over the study area (white square in Figure 2).

15’ ; = X ; 15’ 3
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0

(a) (b)

Figure 8. Spatial distribution of (a) FC (%) and (b) z retrieved by the SRT inversion method applied
to the OLCI data acquired on 8 July, 2017, over the study area. Note that the data for which FC is
lower than 0.1% and/or the depth is higher than 4.9 m were filtered out.
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Figure 9. Histogram of the probability of occurrence (in %) of FC (in %) retrieved by the SRT inversion
method (red) and by the SMCI (blue) for the study area of the scene acquired on 8 July 2017.

4. Neural Network Implementation to Speed-Up Satellite Data Processing

The SRT inversion approach uses an optimization method that is applied pixel by
pixel, which can be highly time consuming. As an example, the processing of the study
area (500 x 500 pixels) could take 1 h10 for computational time. The hardware used to
estimate the computational time is an intel Core i7 processor, 2.60 Ghz x 12 CPU and
31 Gio RAM. Thus, the processing of an OLCI typical scene (4090 x 4865 pixels) would
require about 10 days to retrieve the bio-optical parameters. A neural network approach
was then implemented to reduce the computational time and to make more operational
the application of the proposed method at larger scale. Neural network techniques have
been previously implemented to detect the presence of Sargassum in the open ocean [16,17];
their training phase, which consists in recognizing Sargassum using spectral and spatial
features, is performed using either the application of indexes such as AFAI and MCIL.
Neural networks can detect the presence of Sargassum and/or assess their abundance
per pixels. However, they are not able yet to consider the Sargassum immersion depth.
Here, the neural network was trained using a simulated dataset because in situ data of
the immersion depth of the Sargassum aggregation are not available. The forward SRT
model was used to create such a training dataset which links the bio-optical parameters to
their associated surface reflectances. A noise is added to the simulated surface reflectances
using the same method as described Section 3.1 to obtain OLClI-like surface reflectances.
The artificial neural network is trained to estimate the five bio-optical parameters (Chl,
NAP, CDOM, FC and z) from the simulated OLCI-like surface reflectances (12 spectral
bands). It is then able to perform the inversion of the SRT model for the OLCI surface
derived reflectances image, pixel by pixel. The artificial neural network is based on a
multi-layer perceptron model (MLP) which enables to approximate non-linear functions to
estimate continuous outputs [36].The neural network was built using 4 hidden layers of 50
neurons fully connected (Figure 10a). The training phase, the test phase, and the validation
phase were applied using, respectively, 70%, 15%, and 15% of the dataset. The training
phase duration is 12 h when using 100,000 samples composed by the set of reflectances
and associated water constituents. It should be highlighted that the training phase is
performed only once. Then, the neural network can be applied to any OLCI scene within
a few minutes, thus significantly decreasing the computational time. The metric used to
evaluate the learning performances for each phase (training, test, and validation) is the
mean squared error (MSE) which is expressed as follows (Equation (9)):

1
MSE = N Z(Creference - Cestimation)z ©)

where N is the number of evaluated parameters for each phase. One epoch is defined as
one training cycle for which the dataset is processed by the algorithm. The variation of
the MSE with the epoch number for each step of the learning process (training, test, and
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validation phase) is shown Figure 10b. A similar shape is observed for the training and
the test phase. The epoch number for which MSE of the test phase is minimum points out
the number of training cycle that is sufficient for stopping the learning process. Here, the
value of this epoch number is 42. The learning process could lead to overfitting of a given
neural network when MSE for the validation phase increases with respect to the epoch
number prior to that of the MSE for the test phase. Since the MSE for both the test and
validation phases starts to increase for the same epoch number, namely, 42 (Figure 10b),
the neural network proposed here does not show any overfitting issues. The error on the
FC component (Figure 10c) mostly ranges between —3% and +3%, which is satisfactory
(i.e., lower than 1%). The error on z (Figure 10d) is also satisfactory since the histogram,
which is centered on the value 0, rapidly decreases beyond +0.5 m, and below —1 m.
The performances of the neural network are also evaluated using a different and larger
dataset than the one used during the learning process (the approach has been described
in Section 3.1). The RMSE values are 0.3 mg m 2 for Chl, 0.21 g m~2 for NAP, 0.006 m !
for CDOM, 3.1% for FC, and 0.54 m for z. These RMSE values are close to those obtained
previously when using the SRT inversion approach (Table 1).
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Figure 10. (a) Neural Network Architecture; (b) MSE per epoch for the training phase (blue),
validation phase (green) and test phase (red); the histogram of the probability of the error (validation
phase) (c) for FC component and (d) for z component.

The neural network is then applied to OLCI derived surface reflectances using the
study area (white square Figure 2) of the scene acquired on 8 July 2017. The spatial
variation of the fractional coverage and the immersion depth of the Sargassum aggregations
are examined (Figure 11). The spatial distribution of FC is shown in Figure 11a for which FC
values lower than 0.1%. Beyond 5 m depth, the Sargassum occurrence does not sufficiently
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influence the sea surface total reflectance to properly enable their identification (Section 3.2).
In addition, previous studies showed that Sargassum are mostly found in the upper water
column (from the surface to 4 m depth) [18,30-32]. Then, FC is not determined in this study
for depth values greater than 4.9 m. The same main aggregation patterns are detected
when using the neural network (Figure 11a) relatively to the SRT inversion. The estimated
z component appears lower when using the neural network approach (<2.5 m) (Figure 11b)
relatively to the SRT inversion (Figure 8b), especially on the edges of the aggregations
(about 3 m when using the SRT inversion). The variation of the depth retrieval within the
Sargassum aggregations is fairly smooth when using the neural network relatively to the
SRT depth retrieval which exhibits a sharp increase on the edges of the aggregations.
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Figure 11. Spatial distribution of (a) FC (%) and (b) z retrieved by the neural network approach
applied to the OLCI data acquired on 8 July 2017, over the study area (white square in Figure 2). Note
that the data for which FC is lower than 0.1% and/or the depth is higher than 4.9 m were filtered out.

The neural network is then applied to the entire scene acquired on 8 July 2017. FC
retrievals range from 0.1% to 34% over the entire area. The proportion of Sargassum
occurrences as a function of depth is shown Figure 12b. The highest number of occurrences
is observed between 0 and 0.5 m. More interestingly, about 80% of the Sargassum are located
in the depth range from 0.5 m to 4.9 m and 36% from 2 m to 4.9 m (Figure 12c), thus
highlighting the great interest of considering immersed Sargassum in the inversion process.

120

10

Figure 12. Cont.
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Figure 12. (a) Spatial distribution of FC (color bar in %) retrieved by the neural network approach
for the OLCI scene acquired on 8 July 2017; (b) histogram of the Sargassum occurrence (in %) and
(c) cumulative histogram of the Sargassum occurrence (in %) of depth retrieved by the neural network.

5. Discussion

The retrieval of FC can also be carried out using the SMCI approach (Figure 13a). A
comparison of the different approaches (8MCI and neural network) is also performed on
the resulting OLCI image. It is observed that the neural network successfully detects most
of the aggregations that were also identified from SMCI. However, the SMCI approach
detects more Sargassum occurrences than the neural network approach in the north-east
part of the scene. It may be caused by very thin clouds in this area, which could lead to an
overestimation of the Sargassum occurrence by SMCI. A composite RGB image (Figure 13b)
which focuses on the north-east part of the scene enables visualization of the thin clouds.
The red circle in Figure 13a shows a Sargassum detection made by the 8MCI approach that is
likely to be a thin cloud based on Figure 13b (see red circle). More Sargassum contaminated
pixels are retrieved in the center of the scene using the neural network when comparing
to the SMCI approach. Even though the lack of in situ data prevents the validation of
the additional Sargassum detections provided by the neural network approach, it should
be highlighted that those additional occurrences are located in the vicinity of the main
aggregation patterns that are already detected by the SMCI. The latter point corroborates
the fact that the neural network retrievals are consistent with the current standard method.
The additional detections are located around existing aggregations. The neural network
approach indicates that 2.20% of the pixels of the entire OLCI scene are contaminated by
Sargassum against 1.53% when considering the 8MCI. The relative increase in the Sargassum
coverage is, thus, 43% when using the neural network in comparison to SMCI approach.
Such an increase could be explained by the fact that the neural network is able to take into
account the depths of the aggregations. The retrieval of FC using MCl is based on the red
and NIR reflectances where pure seawater strongly absorbs the light. The value of the
pure seawater diffuse attenuation coefficient (noted Ky, in m~ 1) at 681 nmis 0.45 m~ ! [37].
Since about 90% of the radiation exiting the water column typically comes from a depth
layer of 1/Kgy, the boundary maximum depth for which Sargassum could be potentially
detected from above water reflectance is, thus, not greater than 2 m. However, the physical
approach proposed here relies on spectral reflectances ranging from the blue domain
(400 nm) to the NIR. The fact that short wavelengths are taken into account in our approach
enables increasing the depth layer for which Sargassum might be detected. The value of
Kgy at 400 nm is 0.0209 m~!, thus theoretically allowing observing a depth layer up to
48 m.
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Figure 13. (a) Spatial distribution of the Sargassum detections for the OLCI scene acquired on 8 July
2017, using the FC values retrieved by the neural network approach (blue), by the SMCI approach
(yellow) and by both approaches (green); (b) RBG composite image of a regional area in the north-east
corner of the OLCI scene.

The retrieval of FC and z values from the neural network and from MCI (only FC
for this latter index) has also been applied to other scenes of the dataset (Section 2.2).
Table 3 summarizes the fractional coverage retrieved by both SMCI and neural network
as well as the proportion of the coverage retrieved by the neural network between 2 m
and 5 m depth. The coverage estimated using the neural network is higher by a factor of 2
than that derived using 8MCI approach for all the scenes except for the scene acquired on
2 May 2021, for which the coverage is fairly similar for both methods. The relative increase
in the coverage retrieval ranges from 0.7% to 68.6% for the scenes considered here when
using the neural network in comparison to the current SMCI approach. The proportion of
coverage estimated by the neural network between 2 m and 5 m ranges from 30% to 51%.
The scene acquired on 2 May 2021, shows a relative coverage difference lower than 1%
when using the neural network approach relatively to the SMCI approach (Table 3). Such a
value can appear inconsistent relatively to the high percentage of estimation of immersed
Sargassum (42% deeper than 2 m). However, it should be highlighted that the scene is highly
impacted by clouds (about 60% of cloud coverage) which could lead to an overestimation
of Sargassum FC by the SMCI approach. This is because the high coverage of clouds could
prevent the correction of the median filtering window (Section 2.3.4). The $MCI approach
detects more Sargassum occurrences in the east part of the scene. For such an area, the
neural network approach does not detect the occurrence of Sargassum, which could explain
the weak value of the relative coverage difference (<1%). However, it remains difficult to
draw any conclusions about the best method that could estimate Sargassum occurrence
as far as the acquisition of in situ data is lacking to validate the retrieved products. The
IFREMER CERSAT Global Blended Mean Wind Fields is a database that is available from
the Copernicus services CMEMS, which provides 6-hourly wind components including
wind speed between 1992 and 2020 [38]. The spatial means of the wind provided for
the area of interest are 5.5 m s~! for 14 September 2020, and also for 28 December 2020;
6.5ms ! for 8 July 2017; and more than 7.2 m s~ ! for 14 June 2020, and 27 May 2018. The
scenes for which the wind speed is the highest (>6.5 m.s~!) corresponds to the scenes
where a higher coverage is estimated between 2 m and 5 m (>39% here). The wind speed
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could then be potentially linked to the abundance of immersed Sargassum [29]. Previous
observations also reported a relationship between the wind and the vertical mixing of
Sargassum; the presence of Sargassum below the surface was particularly observed for
strong wind conditions (i.e., >4 m s~ 1) [19].

Table 3. Comparison of the Sargassum coverage (in km?) estimated from the neural network and the
SMCI approaches for the OLCI image dataset.

Relative Coverage

Coverage (km?) Coverage (km?) Difference (in %) Proportion (in %) of Coverage
Date SMCI Index (Surface Neural Network (Surface between the Neural between 2-5 m Depth
Waters Only) + Water Column) Network and §MCI (Neural Network Approach)

8 July 2017 933.6 1666.0 43.9% 51%

27 May 2018 1207.3 3880.1 68.8% 39%

14 June 2020 558.6 1055.6 47.1% 44%

14 September 2020 1340.2 3674.1 63.5% 31%
28 December 2020 488.0 932.3 47.6% 30%
2 May 2021 1884.3 1871.5 0.6% 42%

According to the calibration constant of 3.34 kg m~2 proposed by Wang et al. [15], to
convert the area of Sargassum (km?) into total wet biomass (metric tons), the Sargassum
coverage (km?) that are outlined in Table 3 for the SMCI and the neural network approaches
can be converted into Sargassum biomass (Million tons) for the various OLCI scenes
(Table 4). It is interesting to note that the derived Sargassum biomass values roughly show
the same order of magnitude as the biomass estimates performed by Wang et al. [15] in the
Caribbean Sea and the central-west Atlantic region for July 2015 (4.4 million tons) and by
Parr [39] for the Sargasso Sea (7-10 million tons), bearing in mind that the Sargassum area
coverage differ between their satellite dataset and the dataset used in this study.

Table 4. Comparison of the Sargassum biomass (in million tons) derived from both the SMCI and the
neural network approaches for the OLCI image dataset.

Biomass (Million Tons)

Date SMCI Index Neural Network
(Surface Waters Only) (Surface + Water Column)

8 July 2017 3.1 5.6

27 May 2018 4.0 13.0

14 June 2020 19 3.5
14 September 2020 4.5 12.3
28 December 2020 1.6 3.1

2 May 2021 6.3 6.3

6. Conclusions

The current methods used for the detection of Sargassum aggregations from satellite
data over open ocean waters rely on spectral reflectance indexes (e.g., MCI index) that
emphasize the Sargassum optical signature in the red-edge and the near infrared bands.
However, since the water strongly absorbs in the NIR domain, those indexes are ineffective
when the Sargassum are immersed in the water column. The semi-analytical radiative
transfer model developed by Lee et al. [20] has been recently adjusted to take into account
Sargassum contaminated pixels for which the aggregations could be located at a given
immersion depth z [16]. Such an adapted model was referred here as SRT model. The origi-
nality of this study is to invert the surface reflectance as derived from satellite data using
the SRT model to retrieve the bio-optical parameters such as the Sargassum aggregation
features (FC and z). The inversion is carried out using an optimization process between the
OLCI derived surface reflectance and the simulated surface reflectance from the forward
version of the SRT model.
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The performances of the SRT inversion retrieval were first estimated using a simulated
dataset since in situ data were not available. Typically, the RMSE values were lower than
1% for FC and about 0.54 m for z, which is satisfactory. The proposed approach was then
applied to Sentinel-3/OLCI sensor data. A relative increase of 31% in Sargassum coverage
was found when comparing to the coverage that is currently estimated using the MCI algal
index. It was shown that the aggregations are located deeper in the water column at the
edge of their spatial area while their fractional coverage (or abundance) is weaker. The
inversion process that relies on the SRT physical model is highly time consuming, typically
about 10 days for a typical OLCI image (4090 x 4865 pixels); therefore, a neural network
approach was used to make more operational the application of the proposed method to a
large dataset. The neural network was trained using a synthetic dataset. Seven Sentinel-
3/0OLCI scenes that were acquired at various years and seasons were examined. The
Sargassum coverage retrieved by the neural network was about two times higher than that
retrieved using the MCI approach for six out of seven scenes. The retrieval of the Sargassum
depth showed that between 30% and 51% of the estimated depth are located between 2 m
and 5 m. The consideration of the depth is then a relevant parameter that should clearly be
taken into account for the estimation of the Sargassum abundance in the open ocean. The
approach proposed here could also be useful in time series analysis for providing a more
reliable tracking of the aggregations. Note that other types of deep learning techniques
could be searched in addition to the neural network to improve the overall processing
and to provide a better understanding of the aggregation’s characteristics. Further work
could consist in using the methodology proposed here to improve strandings forecast by
considering the immersed Sargassum and their depth locations in the forecast models.
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