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Abstract—The standard NASA atmospher ic cor rection using
near infrared bands (700 nm - 900 nm) may work for clear
to moderately turbid waters, but generally fails for extreme
turbidities because of f attening of the water ref ectance spectrum.
The use of SWIR bands at 1.6 µm and/or 2.3 µm, such as
the bands present on MODIS, can be effective in extremely
turbid waters, but may not be present, such as in the case
of OLCI (Sentinel 3A), where a new SWIR band at 1016 nm
is placed instead. This band may help to improve atmospher ic
cor rection in turbid waters at a lower marginal cost than longer
SWIR bands. In this work, we endeavored to f nd “atmospher ic
invar iant” quantities using the RED/NIR/SWIR bands on OLCI
to construct an atmospher ic cor rection scheme over turbid
waters. We found that if we choose cer tain spectrally-close band
tr iplets (such as OLCI bands at 709-779-865 nm), the Rayleigh-
cor rected ref ectance of the tr iplet’s “middle” band after baseline
subtraction (or baseline residual, BLR) is essentially independent
of the atmospher ic conditions (including for very hazy scenes).
In this work, we used three consecutive band tr iplets of the
group of bands 620-709-779-865-1016 nm to construct the three
cor responding BLRs and relate them to water ref ectances at
these wavelengths. To establish this relation, we used a simple
water ref ectance model for turbid scenar ios where we var ied
backscatter ing and absorption proper ties according to previously
repor ted values and the spectral behaviour of in-situ radiometr ic
data from R ı́o de la Plata (Argentina). We also tested the
algor ithm on a simulated dataset, obtaining good per formances
(almost 1:1 relation and R2 ≥ 97%) for scenar ios without direct
sunglint.

Index Terms—atmospher ic cor rection, turbid waters, OLCI

I. INTRODUCTION

The NASA standard atmospheric correction algorithm ap-
plied to MODIS (Moderate Resolution Imaging Spectrora-
diometer) imagery uses two bands in the NIR (Near Infra-
Red) at 765 and 865 nm, assuming zero water-leaving radiance
contribution (black pixel) at these bands [9]. The process
consists on i) estimating the atmospheric component from
these bands (taking advantage of the absence of marine signal),
and ii) extrapolating the signal to the VIS (visible) bands. For
cases with a moderate but non-negligible marine signal in the
NIR, an iterative process is run to estimate this component,
subtract it from the total signal to recover the black pixel
condition, and proceed as usual for the extrapolation to the

VIS [22]. In waters with high concentrations of suspended
particulate matter (SPM), which backscatter in the NIR, the
signal at 765 and 865 nm is not moderate anymore and even
exceeds sometimes the saturation values of the sensor [5]. In
these cases, this iterative procedure no longer works and other
alternatives are needed. An alternative was proposed in which
the black pixel assumption was assumed on the Short-Wave-
Infra-Red (SWIR) bands (e.g. 1240, 1640 and 2130 nm in
MODIS), where water absorption drastically increases making
the black pixel assumption still hold, [23] even in highly turbid
waters scenarios.
ESA’s Ocean and Land Colour Instrument (OLCI) on Sen-

tinel 3A incorporates a SWIR-band at 1016 nm instead, which
adds signif cant information on sediment content of water,
but where black-pixel assumption does not hold for extreme
turbidities [11]. Due to this novel spectral band, OLCI imagery
provide an opportunity to test alternatives to SWIR-based
approaches for turbid water atmospheric correction.
In this work, we endeavored to f nd “atmospheric invariant”

quantities using the RED-NIR-SWIR (RNS) bands on OLCI to
construct an atmospheric correction scheme over turbid waters.
It is based on the fact that in the RNS region, atmospheric
ref ectance is markedly smoother (spectrally) than turbid water
ref ectances. Information provided by the MERIS-heritage
bands at 620, 709, 779 and 865 nm together with the new
band at 1016 nm might be used to exploit these spectral
differences. The ref ectance peak after baseline correction
or “Baseline Residual” (BLR), like the Fluorescence Line
Height product [13], provides an effective means to remove
atmospheric effects, and can be applied to Rayleigh-corrected
(RC) ref ectances (without prior aerosol correction).
This work explores the potential of considering simultane-

ously three different BLRs, def ned by the RC ref ectances at
triplets (620-709-779) nm, (709-779-865) nm and (779-865-
1016) nm, as aerosol-independent quantities that can be used
to infer the water signal on a pixel-by-pixel basis in the RED,
NIR and SWIR bands.
This approach can then be used to subtract the water signal

and infer an aerosol ref ectance in the aforementioned bands to
then extend it to the visible bands by a standard extrapolation
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procedure such as in [9]. Once these water reflectances are
obtained from the image, they can be used to obtain products
such as turbidity [6] [7] or total suspended matter [19] [16].

II. ALGORITHM DESCRIPTION

A. Algorithm Theoretical Basis

In previous works, the combination of Rayleigh corrected
(RC) reflectances from three bands was used to quantify
different magnitudes without the need of an aerosol correction.
Two examples are the Fluorescence Line Height [13] and the
Floating Algal Index [10]. Both indexes are defined using the
RC reflectance of the middle (M) band (i.e. of intermediate
wavelength in the triplet) after having subtracted the value
of the baseline formed by the left (L) and right (R) RC
reflectances at this middle wavelength. In the present work,
this magnitude is denominated Baseline Residual (BLR) and,
in the case of RC reflectances, can be expressed as:

BLR(ρRC)[L,M,R] = ρRC [λM ]−BL[λM ] (1)

where L, M, R stands for the Left-Middle-Right triplet,
ρRC [λM ] is the RC reflectance at λM and BL[λM ] is the
baseline term, given by:

BL[λM ] =
ρRC [λL](λM − λR) + ρRC [λR](λL − λM )

λL − λR
(2)

The significance of BLRs computed from spectrally-close RC
reflectances at bands above 600 nm (i.e., the spectral region
that concerns us) is that they are essentially unaffected by the
atmospheric components of the signal. To show this, consider
the following expression for RC reflectance:

ρRC [λ] = ρa[λ] + ρra[λ] + T [λ]ρg + t[λ]ρw[λ] (3)

where each term accounts for photons that arrived at the sensor
after: being scattered by aerosols only (ρa); being scattered by
aerosols and air molecules (ρra); being specularly reflected
by the water surface (sunglint) (T [λ]ρg , where T [λ] is the
direct atmospheric transmittance), and having interacted with
the in-water components (t[λ]ρw[λ], where t[λ] is the diffuse
atmospheric transmittance).

Based on typical aerosol types and concentrations such as
the modes considered in the WMO models [24], the aerosol
reflectances are monotonically decreasing with wavelength [9].
In particular, in a sufficiently short spectral range, e.g. 250 nm
in the RNS, the aerosol reflectance can be approximated as a
linear-decreasing function of wavelength:

ρa(λi=L,M,R) ≈ ρa(λL).

[
1− cλi − λL

λL

]
(4)

where c is related to the aerosol type and ρa(λL) is the
amplitude at λL. If this approximation holds, the aerosol
term in Eq. 4 does not contribute to BLR(ρRC)[L,M,R].
Rayleigh-aerosol coupling is a very small term for wavelengths
above 600 nm, and could also be considered as a near-
linear term in a short spectral range, i.e. BLR(ρra) ≈ 0.

Sunglint term is essentially a white term, especially in the
RNS region, where molecular scattering is smaller than in the
blue, meaning T [λ] ≈ 1, thus ∂(T [λ]ρg)

∂λ ≈ 0, i.e. negligible
contribution to BLR(ρRC). Thus, considering any triplet of
spectrally close bands in the RNS implies a near-linear spectral
dependence of the atmospheric-interface terms in the RC
reflectance decomposition. Thus the BLR(ρRC) is mainly
depending on the water term:

BLR(ρRC)[L,M,R] ≈ BLR(t.ρw)[L,M,R] (5)

The diffuse transmittance factor in Eq. 5, accounts for
the fact that photons that have effectively interacted with
the in-water constituents might also interact with atmospheric
components. Since it is a second order factor, we assume a
white diffuse transmittance inside each band triplet:

BLR(ρRC)[L,M,R] ≈ t[λM ].BLR(ρw)[L,M,R] (6)

where t[λM ] is the transmittance factor at λL, which we expect
to be less than (but close to) 1. The idea of this work is
to: i) compute BLR(ρRC)[L,M,R], and ii) exploit Eq. 6 by
computing pre-simulated values for t[λM ] (§III-A) and finding
an algorithm that relates BLR(ρw) to water reflectance.

B. BLR(ρw) vs. ρw relation

The algorithm uses three band triplets to relate the corre-
sponding three BLR(ρw) with water reflectances. The triplets
we chose are given by three successive combinations of the
following five OLCI bands: 620nm, 709nm, 779nm, 865nm
and 1016nm. From these 5 bands we obtain 3 successive
linearly independent RC BLRs: BLR(ρRC)[620, 709, 779],
BLR(ρRC)[709, 779, 865] and BLR(ρRC)[779, 865, 1016].
These bands have been chosen for the following reasons.
Firstly, water reflectance in these bands is markedly more
sensitive to the presence of highly-scattering sediments (sce-
narios of interest) than at lower wavelengths, and has a high
spectral variability due to the increasing water absorption as
wavelength increases [21]. This means that we expect a high
variation of the BLR signal with varying water reflectance.
Second, other OLCI bands inside this spectral region are
affected by absorption of major atmospheric components such
as O2 (oxygen) and H2O (water vapour). Third, it is desirable
that the atmospheric components affecting the signal (air
molecules, aerosols) have a minor impact on the fraction of
photons that has interacted with in-water constituents and
reaches the sensor. Air molecules (and usually aerosols as
well) contain lower scattering cross sections in this spectral
region than at lower wavelengths [9]. This means that the
chance of photons interacting with the atmosphere before/after
having interacted with the in water constituents is minimized,
i.e., transmittance factors get closer to unity. Thus, the relation
between BLR(ρRC) and BLR(ρw) is better established, this
means, less affected by the transmittance factor (Eq. 6).

To establish the relation between the BLR(ρw) and ρw, we
use a simple water reflectance model in the RNS:

2



ρw[λ] = γ
bbp[λ]

bbp[λ] + ap[λ] + aw[λ]
(7)

where γ = π<f ′/Q ≈ 0.216, considering the factor < =
0.529 from Loisel and Morel (2001) [14] and the factor
f ′/Q = 0.13 from Morel and Gentili (1996) [17]; aw[λ] and
ap[λ] are the absorption coefficients for water and particulate
matter, and bbp[λ] is the backscattering coefficient for particu-
late matter. Notice that no term for phytoplankton or CDOM
content are introduced in Eq. 7 since their contribution is either
negligible or too small in the RNS when considering highly
turbid scenarios. Also water backscattering can be considered
negligible in this spectral region.

We will assume that the IOPs of particles are proportional
to their concentration, S, but establishing an extra factor of
variability for absorption, X:

bbp[λ] = Sb∗bp[λ], ap[λ] = X.Sa∗p[λ] (8)

where the quantities with “*” represent mass-specific IOPs.
The spectral shapes of these specific IOPs were taken from
Babin et al. 2003(a & b) [1] [2], since they are based
on mean values of representative coastal areas around Eu-
rope. For specific absorption an exponential decay-law is
used: ap[λ(nm)] = ap[443]exp{−Sap(λ − 443)}, where
ap[443] = 0.036m2/g and Sap = 0.0123nm−1. Particulate
backscattering is derived assuming it is 2% of the total
scattering [15], bbp = 0.02bp, and a power-law for the
attenuation coefficient (recall bp = cp − ap): cp[λ(nm)] =
(ap[555] + bp[555])( λ

555 )−γc , where bp[555nm] = 0.51m2/g
and γc = 0.3749. The extra parameter X is in agreement
with the hysteresis process between S and water reflectance
in the NIR found by Pinet et al. 2017 [20] in the annual cycle
of the Madeira River (Amazonas tributary), which was found
to be due to a large variability on the specific absorption of
particles with their composition, especially in the NIR bands.
This is also in agreement with the behavior of BLRs(ρw) and
BLRs(ρRC) from in-situ data and OLCI imagery (§IV-A).

Once this reflectance model is established, we can generate
a look-up-table of values of BLR(ρw), where:

BLR(ρw) = f [S,X] (9)

which are generated applying Eq. 1 on modelled water re-
flectances (Eq. 7-8) and using OLCI’s Spectral Response
Functions (SRF) [8]. The LUT produced assumed S varying in
[0− 1000]mg/l and X varying between 0.6 and 1.4 (a∗p[443]
varies in ±40% the original value).

On each image, the three computed BLR(ρRC) for each
pixel are divided by the three corresponding transmission fac-
tors t[λM ] (Eq. 6) and related to the modelled BLR(ρw)[S,X]
that minimizes the Eulerian distance in BLR 3D space.
Hence, from the corresponding [S,X] pair, a particular water
reflectance spectrum in the RNS region is retrieved. This
approach may be extended to the whole visible range by
subtracting the water signal retrieved and applying the clear
pixel assumption [9] [22].

TABLE I
INPUT PARAMETERS TO SOS CODE TO COMPUTE TOA REFLECTANCES.

III. METHODS

A. Simulations

The algorithm was tested on a simulated dataset, generated
using the SOS v5.0 (Successive Orders of Scattering) radiative
transfer code [12]. SOS is designed to solve the RT equation in
plane-parallel environments on terrestrial or marine surfaces.
In our simulations, the marine reflectance is composed of: i) a
bidirectional component that simulates water-air surface, and
ii) a lambertian component that accounts for radiation that
interacts with the in-water constituents (also called above-
water reflectance). To obtain the RC reflectances of the set,
the code was run twice: 1) using the input values specified
by Tab. I, and 2) assuming a black marine environment, and
without aerosol content. The second set was subtracted to the
first to compute the RC signal: ρSOSRC = ρSOSTOA[Air + Interface
+ Aerosols + Water reflectance]− ρSOSTOA[Air + Interface].

This generated a total of 30750 RC reflectance spectra (Tab.
I): 5 solar zenith angles, 5 viewing zenith angles, 5 azimuth an-
gles, 3 aerosol granulometries and refractive indices (from the
WMO models Continental, Maritime, Urban [24]), 2 aerosol
optical depths at 500 nm and 41 water reflectances computed
using Eqs. (7) and (8), with S varying logarithmically in the
range [0− 1000] and fixing X = 1. Rayleigh scattering from
air molecules is set according to Bodhaine et al. (1999) [3].

B. OLCI Imagery

OLCI L1B imagery were downloaded from Copernicus
Online Data Access system on February 2017 [4]. Due to the
fact that L2 products have not been released yet to the general
public, RC reflectances from OLCI bands were processed
manually with a homemade processor, following the next
simple steps:

1) The L1B tof-of-atmosphere radiances (LTOA) were con-
verted to TOA reflectances (ρTOA):

ρTOA =
πLTOA

EScos(θS)
(10)
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where ES is the extra-atmospheric solar irradiance [18] and
integrated using OLCI’s SRFs.

2) A look-up-table of Rayleigh reflectances, ρR, is produced
using the SOS RT code (which does not account for absorbing
gases) for a nominal wind speed of w = 5m/s for different
sun-viewing geometries (θs, θv,∆φ) and subtracted to the
TOA signal, generating the RC reflectances, ρRC :

ρRC [λ] = ρTOA[λ]− ρR(θs, θv, φ, w = 5m/s)[λ] (11)

3) A simple correction for O3 and NO2 absorption is done
by applying a global transmittance factor TO3,NO2(µ)[λ] to
the RC reflectance, that depends on wavelength and the air-
mass coefficient, µ = 1

cos(θs)
+ 1

cos(θv)
:

ρRC,gas−corr[λ] =
ρRC [λ]

TO3,NO2(µ)[λ]
(12)

where TO3,NO2(µ)[λ] = e−kO3
[λ][O3]e−kNO2

[λ][NO2]. Here,
nominal concentrations were used: [O3] = 300DU and
[NO2] = 1.1×1016part/cm2. The specific absorption proper-
ties were taken from the extinction factors kO3

[λ] and kNO2
[λ]

tabulated at NASA-OBPG webpage [18].

C. In situ radiometric measurements

A total of 73 ASD-radiometric measurements were col-
lected from several field campaigns done in Rı́o de la
Plata (Argentina/Uruguay) and were converted to water re-
flectance spectra to comparebetween the BLR(ρw) com-
puted from in-situ measurements and the BLR(ρRC) yielded
by the reflectance model of Eqs. (7) and (8). The ASD-
Spectroradiometer works in the spectral range of 350:1:2500
nm and was used to measure upwelling and downwelling
radiances at reciprocal zenithal angles of θ = ±40 and down-
welling irradiance inferred from measuring nadir radiance at
a quasi-lambertian plaque. [11].

IV. RESULTS

A. Evidence from OLCI L1B imagery

Fig. 1 shows an OLCI scene of the Belgian Coast from
August 13th, 2016, together with BLR(ρRC)[620, 709, 779].
This magnitude exhibits a near zero value in clear waters (far
from the influence of the Scheldt Estuary, seen as darker in
the RGB composite) and non-zero values in regions of turbid
waters. It is noted that the sign of a BLR(ρRC) in a particular
pixel has to do with the convexity of the RC reflectance triplet:
negative (positive) BLRs mean positive (negative) convexities,
i.e. negative as well as positive values are expected. This image
is affected by a hazy atmosphere, appreciated as a grayish
foreground on the RGB composite and also from the RC
reflectances (see Fig. 2); but the BLR(ρRC)[620, 709, 779]
values remain unaffected by this feature.

Fig. 2 illustrates: i) how the three BLR(ρw) vary according
to water reflectance at 1016nm. (upper insets, in-situ modelled
and simulated data), compared to ii) how BLR(ρRC) vary
according to RC reflectance at 1016 nm (lower insets, OLCI
scenes). For BLR(ρw) values, in situ ASD data were plotted

Fig. 1. Left: OLCI scene from the Belgian Coast on Aug 13th, 2016 (RC RGB
Composite). Right: BLR(ρRC)[620, 709, 779], showing near-zero values for
clear waters. Land and cloud masks are shown in black. Subset marked with
blue rectangle is plotted in Fig. 2.

Fig. 2. Comparing BLRs from different sources. Upper insets: BLR(ρw)
from in-situ ASD spectra (black dots) and modelled reflectances vs. ρw(1016)
(dashed line: Babin sIOPS , grey lines: X variations considered, see Eq. 8).
Lower insets: BLR(ρRC) from OLCI scenes vs. ρRC(1016).

(black dots), as well as the modelled curves (where S varied
logarithmically in [0 - 1000] mg/L and X varies in the range
[0.6−1.4]). In the three cases, BLR(ρw) behave similarly with
increasing reflectance. They all start from 0 towards negative
values until they all reach a minimum negative value at a
certain water reflectance. In these regimes, bbp is still small,
thus, neglecting the second order effect of ap and the spectral
dependence of bbp, Eq. 1 is essentially in the case where
ρw[λ] ∝ 1

aw[λ] , giving negative convexities.
In the lower insets, this behavior is reproduced in a very

similar fashion, but now for BLR(ρRC) derived from par-
ticular turbid sub-scenes from OLCI imagery of Rı́o de la
Plata (RDP), Bahı́a Blanca (BBL, Argentina) and Belgian
Coast (BLG). As ρRC [1016] are used as x-values, the dif-
ferent horizontal shifts from zero are attributed to different
aerosol contents/sunglint present in the imagery. A subset
of BLR(ρRC) from the very hazy image of Belgian waters
showed in Fig. 1 is plotted in cyan. Observe how the haziness
in the image has a great impact in the RC reflectances (x shift),
while BLR(ρRC) remains quite unaffected by this condition.

B. Simulations

In Fig. 3, simulated BLR(ρRC) are plotted against mod-
elled BLR(ρw) (see §III-A). It is important to notice that,
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Fig. 3. Left: Modelled water reflectances (input to SOS). Right: Computed
BLR(ρRC) vs. modelled BLR(ρw).

Fig. 4. Slopes (diffuse transmittances, t[λM ], Eq. 6), offsets, and R2 retrieved
by linear fit of simulated BLR(ρRC) vs. modelled BLR(ρw) for all viewing
geometries considered. Only scenarios with θs = 30 are plotted.

in the cases where direct sunglint occurred (when θS = θV
and ∆φ = 180) simulated RC reflectances presented negative
unexpected values, and also highly aerosol-dependent spectral
behavior, meaning uncorrelated BLRs. This is associated to a
significant increase in multiple scattering effects in the atmo-
sphere which may maximize errors in the RT computations
and also in the basic assumptions on aerosol properties when
working with WMO models.

In general, BLR(ρRC) are slightly diminished in absolute
value with respect to BLR(ρw) as the signal propagates
through the atmosphere, meaning a spectral smoothing of
the radiance coming from inside the water body. This is in
agreement with how we expect the atmosphere to interact with
the signal coming from the water inside each BLR-triplet:
as a near-white term that diminishes the signal in roughly
the same amount for all bands, conveying the corresponding
BLR(ρRC) to be reduced proportionally (Eq. 6). This equiva-
lent transmittance factor (or gain factor) was calculated using
a linear regression scheme for every subset of simulations
corresponding to each sun-viewing geometry (where N = 246
for each of these subsets). Fig. 4 shows the results of this
regression for all the viewing geometries, with solar zenith
angle fixed at θs = 30. Three quantities are plotted for each
BLR and viewing angles: gains, offsets and R2 of fit.

Notice that, in all cases, gains/transmittances are less than

Fig. 5. Water reflectances retrieved by the atmospheric correction algorithm
(BLR-AC) applied to simulated RC reflectances vs. input water reflectances
from model (§II-A). Direct sunglint cases excluded.

1 but above 0.8. Lowest values are achieved in high viewing
zenithal angles (outer dots), where the atmospheric path is
maximized. Furthermore, offset values are generally less than
0.0001 and less than 0.0005 in all cases, i.e., small with respect
to the typical BLR values exhibited in Fig. 2. The greatest
offsets (lowest gains) are computed for BLR(620, 709, 779).

Fig. 5 shows the performance of the atmospheric correction
scheme applied to the simulated dataset (direct sunglint cases
excluded). For each modelled water reflectance inside each
subplot, a boxplot was performed, where the interquartile zone
is represented as a vertical blue line, the minimum/maximum
range (excluding outliers) is plotted using a dashed black
vertical line, and outliers are represented as blue “+” signs.
Generally, performances are good, as represented with near-
zero offsets (≤ 0.0010), near-unity slopes (≥ 0.96), high R2

coefficients (≥ 0.97) and RMSE values less than 0.007.

C. Applying the algorithm to preliminary OLCI L1B imagery

Fig. 6 shows a preliminary result of the atmospheric correc-
tion scheme applied over the OLCI image of Rı́o de la Plata
on Jan 6th, 2017. Inset b) shows water reflectance at 1016nm
retrieved by applying the BLR scheme. The values retrieved
(in the range [0 − 0.1]) are consistent with the ones usually
observed in Rı́o de la Plata [11]. The turbidity front usually
found in the oceanic-fresh water boarder is seen in front of
the Buenos Aires Province (Argentina) as the most reflective
feature of the scene (between Pins 3 and 4). All pins show
realistic water and residual retrievals, including Pin 1 at the
coast, which is located at Fishermen’s Pier of Palermo (Buenos
Aires), commonly used as validation site.

V. CONCLUSIONS

An atmospheric correction scheme was proposed for OLCI
imagery over very turbid waters to retrieve water reflectances
at bands centered at 620, 709, 779, 865 and 1016 nm. The
scheme is based on: i) Computing for each pixel three “base-
line residual” (BLR) quantities (Eq. 1) from the Rayleigh-
corrected (RC) reflectances at the five aforementioned bands.
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Fig. 6. Results of applying the atmospheric correction to the image of Rı́o
de la Plata on Jan 6th., 2017. a) RC RGB composite. b) Retrieved water
reflectance at 1016nm. c) RC reflectance at 1016nm. d) Residual reflectance
at 1016nm (ρRC [1016nm]− ρw[1016nm]). e) RC and water reflectances
for selected pins. f) Same for residual reflectances.

These quantities are essentially independent on the atmo-
spheric conditions. ii) Correcting the BLR(ρRC) values with
a pre-computed diffuse transmittance factor t(λM ) at each
pixel to obtain BLR(ρw) and iii) associating BLR(ρw) to
a particular previously-modelled water reflectance spectrum
in the RED/NIR/SWIR. To obtain these modelled spectra,
particulate IOPs were varied proportionally to suspended
matter concentration, and an extra parameter was considered
to account for particulate absorption variability [20]. The
main hypotheses of the algorithm were addressed in many
ways: First, showing how these BLR(ρRC) behave inside a
particular image. Second, comparing BLR(ρRC) from OLCI
scenes to BLR(ρw) from modelled and in-situ measured water
reflectances. Third, evaluating the algorithm performance with
a simulated RC dataset. BLRs from all sources considered
behave in a similar way and are observed to be essentially
conserved after the water leaving radiance interacts with the
atmosphere. An effective transmittance factor was computed
for the simulated dataset for each sun-viewing geometry. The
performance of the algorithm was tested on the simulated
dataset, yielding almost 1:1 regressions between RC and water
reflectances for all five bands considered, with R2 values
above 97%. It was also tested on OLCI L1B imagery from Rı́o
de la Plata, yielding realistic spectra for water reflectances and
uncorrelated residual and water signals, even without vicarious
calibration of the sensor.
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