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Executive Summary

Remote sensing of coastal waters is a difficult task. One very important reason to monitor
the colour of the ocean in coastal waters is the presence of suspended particulate matter and
coloured dissolved organic matter. However, the presence of those optically-complex materi-
als make the processing of ocean colour images challenging. The historic hypothesis on the
black pixel, i.e., the ocean being totally absorbent in the near infra-red, is no longer valid. It
is, thus, necessary to consider the bright pixel hypothesis in the near infra-red. Numerous
methods have been developed over the past two decades that address turbid waters. Round-
robin evaluation of all published algorithms is a very hard task and very time-consuming,
but is important for the community. In this report, we evaluated ten atmospheric correc-
tion algorithms using in-situ measurements and a simulated dataset applied to data from the
MODIS-Aqua sensor. We ranked the performances of the atmospheric correction algorithms
depending on optical water types from clear to moderately turbid waters. The atmospheric
correction algorithms OC-SMART (Ocean Color - Simultaneous Marine and Aerosol Retrieval
Tool), NASA’s standard atmospheric correction algorithm, and the Near and Shortwave Infra-
red atmospheric correction algorithm of Wang & Shi (2007, NIRSWIR) appeared to provide the
overall best performance when applied to all optical water types over the datasets included in
this study. For a specific optical water type, however, the algorithm with the best performance
varied. Additional evaluations are required for application to Sentinel-3 OLCI and PACE OCI
sensors, including algorithms that utilize specific bands from these sensors, as well as a more
diverse array of optical water types, including highly turbid waters.
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Chapter 1

Introduction

Sean Bailey, Xiangiang He, Cédric Jamet, Palanasimy Shanmugam, Thomas
Schroeder, Knut Stamnes and Sindy Sterckx

This report is the result of an IOCCG Scientific Working Group (WG) on the evaluation of at-
mospheric correction algorithms over optically-complex waters, which started in 2014. The
report aims to be a complementary addition to IOCCG Report 10 I0OCCG 2010), which primarily
focuses on open ocean waters and standard atmospheric correction algorithms of NASA/Sea-
WiFS, ESA/MERIS, JAXA/GLI and NASA/MODIS-Aqua.

Optically-complex waters, especially turbid waters, have been the focus of several research
efforts in the past decades. The WG felt it was time, not only to provide a comprehensive
evaluation of the most common atmospheric correction schemes used in the ocean colour
community, but also to provide guidance to end-users on the use of a specific atmospheric
correction algorithm depending on the predominant optical water type (OWT).

The goal of the atmospheric correction process is to obtain accurate ocean colour radiom-
etry (i.e. remote sensing reflectance, R,s) by removing the contribution of the atmosphere
from the signal measured by the space-borne sensor. While this process is somewhat simpler
in open ocean waters due to the ocean being considered totally absorbing of sunlight in the
near-infrared spectral range (NIR), it is more complicated in optically-complex waters, which
are often encountered in coastal and inland areas.

Remote sensing of coastal and inland waters is difficult because:

< high concentrations of total suspended particulate matter (SPM) and/or coloured dis-

solved organic matter (CDOM) can be observed, which complicate the estimation of
R;s(NIR) and the correction of the Bidirectional Reflectance Distribution Function (BRDF);

0,

< these areas are highly variable in space and time;

< the surrounding environment can affect the signal measured by the remote sensor
(straylight contamination or adjacency effects);

< higher concentrations of non-maritime absorbing aerosols (e.g., dust or smoke) are often
not considered by most available atmospheric correction algorithms;

< there may be anthropogenic emissions such as NOs absorption in the ultraviolet (UV)
and visible (VIS) parts of the spectrum, overlapping with absorption by CDOM.

In this report, the WG focused mainly on turbid waters (non-zero R,s(NIR)) because of
the availability of long-term time series of in-situ measurements in coastal areas. Evaluation

of atmospheric correction algorithms was done using MODIS-Aqua images, as an example

11
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application. MODIS-Aqua was chosen because it was the only remote sensor to have short-
wave infra-red (SWIR) bands over a long time-period when the WG began, and MODIS-Aqua
provided the longest time series of ocean colour radiometry (20+ years). Since then, Sentinel-
3A and -B OLCI, as well as S-NPP, NOAA-20 and NOAA-21 VIIRS, and PACE OCI sensors have
been launched. We believe that the results of this evaluation can be applicable to OLCI and
VIIRS, because 1) the wavelengths are very similar, and 2) the principles of most algorithms
are not sensor dependent, with only changes in sensor quality (e.g., Signal-to-Noise Ratio,
SNR). Artificial Neural Networks (ANN)-based algorithms, however, do require sensor-specific
training data. With a focus on MODIS-Aqua, atmospheric correction algorithms that used the
709 nm band (Moore et al. 1999) or the OLCI 1020 nm band (Gossn et al. 2019) were not
included in this report.

The atmospheric correction algorithms chosen to be included in our evaluation are briefly
presented in Chapter 2. Datasets used for the evaluation are presented in Chapter 3, with the
creation of the synthetic dataset fully described in Chapters 4 and 5, and the definition of the
match-up analyses and optical water types provided in Chapter 6. The results based on these
datasets, including sensitivity studies, are presented in Chapters 7 and 8, with final algorithm
rankings presented in Chapter 9. Chapter 10 discusses the environmental conditions that can
further complicate atmospheric correction efforts when observing coastal and inland waters,
such as adjacency effects and absorbing aerosols, which have not been considered in the algo-
rithm inter-comparison of this report. Finally, a summary, along with recommendations and
future directions are provided in Chapter 11.



Chapter 2

Atmospheric correction over turbid waters

This chapter first presents the basis of atmospheric correction (AC) and then describes the
selected algorithms. The selection was based on algorithm availability, the popularity of the
algorithms, and the willingness of the developers to share the code of their algorithm or pro-
cess the data. The WG tried to select commonly used algorithms that are based on different
approaches in order to investigate the sensitivity of the outputs to those criteria.

2.1 Principles of atmospheric correction

The purpose of the atmospheric correction process is to remove the contribution of the at-
mosphere to the signal measured by the remote sensor, leading to the estimation of the
water-leaving radiance L,,. In the single-scattering approximation, the signal measured by
the remote sensor at the top-of-the atmosphere (TOA) can be decomposed into several terms
(Gordon and Wang 1994; Gordon 1997, IOCCG 2010; Mobley et al. 2016; Frouin et al. 2019):

LTOA:LR+La+LTa+TXLg+tXLwc+tXLw (2.1)

with
< L7104, the radiance measured at the top of the atmosphere
< Lg, the radiance due to scattering by air molecules (Rayleigh scattering) in the absence
of aerosols
% L,, theradiance due to scattering/absorption by aerosols in the absence of air molecules
< L, the radiance due to the interaction between aerosols and air molecules (aerosols-
Rayleigh scattering)
<& Lg, the radiance due to specular reflection of Sunlight by the sea surface (Sun glint)
% Ly, the radiance due to white caps
< L., the water-leaving radiance (the final parameter of interest)
< T, the direct transmittance from the surface to the sensor
< t, the diffuse transmittance in the viewing direction
Height, spectral and geometric dependencies were omitted in this notation. Rayleigh scat-
tering, whitecap radiance, and sun glint contributions, as well as gas absorption can be es-
timated from radiative transfer modelling and ancillary data (Mobley et al. 2016). Thus,
the atmospheric correction process aims to estimate the contribution of aerosols using the
Rayleigh-corrected radiance:

13
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Lie=Lroa—Lr=1La+Lyg+tXLy=1ILa+tx Ly 2.2)

where L 4 is the sum of L, + L.

. . . . . _ L
Equation 2.2 can be rewritten using the (dimensionless) reflectance factor p = (Foxcos o)’
where Fj is the extraterrestrial solar irradiance and 6 is the solar zenith angle, as follows:

Pre¢ = PTOA — PR = Pa + Pra +1 X puw = pa+1 X py (2.3)

The parameter of interest is, generally, the remote sensing reflectance, R,s. The relationship
between p,, and Ry is given by:

Ry =% (2.4)
T

Over open ocean waters, the water-leaving radiance can generally be considered negligible
in the near-infrared (NIR) (black pixel assumption; Gordon and Wang, 1994, Gordon, 1997),
so the Rayleigh-corrected measured signal, p,., is only due to aerosols. This assumption no
longer holds when intense algal blooms occur, or in the presence of Sargassum or sediments
at the surface (Siegel et al. 2000; Stumpf et al. 2003; Schamberger et al. 2022). Thus, in
turbid waters (the main focus of this report), there is a contribution of the water to the top-of-
atmosphere signal in the NIR IOCCG 2010). To overcome this challenge, many atmospheric
correction algorithms have been developed in the past two decades for the major ocean colour
remote sensors. These atmospheric correction algorithms can be grouped into the following
categories (associated list of references is not exhaustive):

1. Assumptions about the NIR aerosols or water contributions (Hu et al. 2000; Ruddick
et al. 2000; Jiang and Wang 2014; Vanhellemont and Ruddick 2021; Wang et al. 2021)

2. Use of shortwave infrared bands (Wang and Shi 2005 2007; Wang 2007; Shi and Wang
2009; Chen et al. 2014; He and Chen 2014; Gossn et al. 2021)

3. Use of blue or ultra-violet (UV) bands (He et al. 2004, 2012, 2013; Oo et al. 2008; Singh
et al. 2019; Qiao et al. 2021; Liu et al. 2021; Wang et al. 2021; Bai et al. 2023)

4. Correction or modeling of the non-negligible water signal in the NIR to separate the
water and atmospheric signatures and remove the water contribution in the NIR
(Moore et al. 1999; Siegel et al. 2000; Stumpf et al. 2003; Lavender et al. 2005; Bailey
et al. 2010; Jaelani et al. 2015; Ahn and Park 2020; Xue et al. 2021; Wang et al. 2022)

5. Full spectral coupled ocean/atmosphere inversion based on artificial neural networks
(Doerffer and Schiller 2007; Schroeder et al. 2003, 2007, 2022; Fan et al. 2017, 2020,
2021; Ssenyonga et al. 2021; Song et al. 2023; Aryal et al. 2024; Pan and Bélanger
2024)

6. Optimization techniques that model water and atmospheric signals simultaneously
(Chomko et al. 2003; Stamnes et al. 2003; Jamet et al. 2004; Brajard et al. 2006, 2012;
Kuchinke et al. 2009; Steinmetz et al. 2011; Diouf et al. 2013; Shi et al. 2016; Pan et al.
2017; Ibrahim et al. 2019, 2022; Ssenyonga et al. 2021; Correa et al. 2023).
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2.2 Algorithm descriptions

The algorithms used in this evaluation have been chosen based on their availability and use by
the ocean colour community. The goal was not to consider all published atmospheric correc-
tion algorithms, but to select a subset of algorithms that are based on different assumptions
to try to understand how these assumptions impact the accuracy of retrievals.

2.2.1 UV-based AC Algorithm (He et al. 2012)

The principle of the ultraviolet (UV) AC algorithm (UV-AC, He et al. 2012) considers that, in
highly turbid waters, the water-leaving radiance at UV wavelengths can be neglected when
compared to visible (VIS) or near-infrared (NIR) wavelengths because of strong absorption of
UV radiation by detritus and CDOM. In turbid waters, water-leaving radiance increases greatly
at longer VIS and NIR wavelengths due to strong particulate scattering, while strong combined
absorption by detritus and CDOM cause a rapid decrease of water-leaving radiance in the
UV (Bai et al. 2020). In extremely turbid waters, such as coastal and inland waters, water-
leaving radiance in the UV is much lower than at NIR, making the UV band better suited for
estimating aerosol scattering radiance than an NIR band. For satellite ocean colour sensors
with no UV bands, the shortest wavelength (usually at 412 nm) can be used. For example, in
SeaWiFS the shortest wavelength at 412 nm was used as the reference to estimate the aerosol
scattering radiance. Assuming that the water-leaving reflectance at 412 nm can be neglected in
highly turbid waters, the aerosol scattering reflectance at 412 nm can be estimated (p, (412) =
prc(412)). Based on an extrapolation method, the aerosol scattering reflectance at 865 nm can
be estimated as follows:

Pa(865) = pre(412) exp [c(412 — 865)] (2.5)
o In [pTc(765)/Prc(865)]
B (865 — 765) @0

For application to satellite images from past and current sensors, the UV-AC was applied
to the whole target region, which may include clear waters along with turbid waters. To avoid
overestimation of aerosol scattering reflectance in clear waters, p,(865) was constrained by
prc(865) such that when the estimated p,(865) was larger than the p,.(865), it was set as
prc(865). Finally, a “white” aerosol scattering reflectance spectrum was assumed for the entire
target region, where the aerosol scattering reflectance at all bands was set equal to p, (865).

2.2.2 Gaussian-spectral relationships - SS14 (Singh and Shanmugam 2014)

The AC algorithm of Singh and Shanmugam (2014; SS14) is based on a Gaussian-spectral re-
lationship. To mitigate the correction by the water constituents, a correction factor, s, is
introduced, which is defined in terms of a band ratio to determine the extent of radiance
contributed by various optically active water constituents in the NIR bands (Singh and Shan-
mugam 2014). In the spectral shape parameter (SSP) aerosol correction algorithm (Singh et al.
2019), K helps in identifying the primary water types by obtaining the spectral slopes from
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Rayleigh-corrected reflectance (p,.) band ratios. The algorithm calculates the spectral slopes
using violet (415 nm), blue (490 nm), green (536 nm), red (667 nm), fluorescence (684 nm), and
NIR (747 nm) bands. At the initial stage of the x estimation, its value is assumed to be unity
for all pixels, assuming the reflectance image covers only the clear open oceanic water pixels.
The value of x then gets updated based on the ratios of the Rayleigh-corrected reflectance p,.
that considers:
1. the ratio of green and blue bands, which are sensitive to suspended sediment such that
the value of x will always be greater than one.
2. the ratio between red and violet, which becomes greater than one for extremely turbid
waters.
3. the ratio between the red and fluorescence bands, which is useful for low-moderate
productive waters and helps to identify in-water blooms.
4. the ratio between NIR and red bands, which helps to identify pixels dominated by float-
ing algal blooms in highly productive waters.
Once the spectral band ratios are determined for all the pixels, the maximum value is consid-
ered the final value of x and used to correct water contribution in the NIR.

2.2.3 SWIRE AC Algorithm (He and Chen 2014)

In the AC algorithm of He and Chen (2014), a new shortwave infrared extrapolation method
(SWIRE) is used to correct the NIR bands. The Rayleigh-corrected reflectances in the SWIR
bands (1.24, 1.64, and 2.13 pm) are used to determine an exponential function with respect to
wavelength, which is used to correct the NIR bands (748 and 869 nm) for sediment scattering
and hence estimate the aerosol scattering reflectances in these bands. The Rayleigh-corrected
reflectances can be fitted with an exponential function in the NIR and SWIR bands for open
ocean waters, but only in SWIR for turbid waters. The fitted function is called the extrapolated
bA with @ and b, the fitting coeffi-
cients. Their values are different for each pixel and therefore must be computed for each pixel

Rayleigh-corrected reflectance and is equal to: p,.y = ae

of a given image. py.f is then used to calculate the epsilon parameter € in the NIR bands. The
Gordon and Wang, 1994 atmospheric correction approach (GW94) is then applied.

2.2.4 MUMM AC (Ruddick et al. 2000)

The Management Unit of the North Sea Mathematical Models (MUMM; Ruddick et al. 2000),
replaces the assumption that the water leaving radiance is zero in the NIR, and instead assumes
spatial homogeneity at the 748/869 nm ratio for aerosol and water-leaving reflectances over
a sub-scene of interest. The ratio of p4 reflectances at 748 and 869 nm (¢) is considered a
calibration parameter that must be calculated for each sub-scene of interest. In addition, the
ratio of p,, at 748 and 869 nm, ¢, is also considered a calibration parameter and is fixed to
a value of 1.945 for MODIS-Aqua (Ruddick et al. 2000, 2006). These assumptions are used to
extend GW94. Using the definitions of « and ¢, the equations defining p 4(748) and p4(869)
become:
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apre(869) — pre(748)
a — €(748,869)

apre(869) — pre(748)
a — €(748,869)

The atmospheric correction process can be summarized as follows:

pa(748) = €(748,869) x | ] @.7)

pa(869) = [

] (2.8)

1. Use GW94 to produce a scatter plot of Rayleigh-corrected reflectances pm(765) and
prc(865) for the region of study. Select the calibration parameter € on the basis of this
scatter plot.

2. Redo the atmospheric correction routine with data for Rayleigh-corrected reflectances
prc(748) and pr(869) and use Egns. 2.3 and 2.5 to determine p 4(748) and p4(869),
while taking account of non-zero water-leaving reflectances.

3. Continue as for the standard GW94.

This algorithm is implemented in SeaDAS, and SeaDAS v7.3 was used to retrieve outputs from
this algorithm.

2.2.5 NASA Standard AC Algorithm (Bailey et al. 2010)

The NASA standard AC approach (NASA-AC; Bailey et al. 2010) estimates NIR reflectance
through an iterative process based on a reflectance retrieval in red wavelengths (670 nm). The
initial condition is based on the black-pixel assumption, from which an estimate of the visible
water reflectance is obtained. The backscatter coefficient at 670 nm is estimated by inversion
of the reflectance. This inversion assumes that the dominant absorption component is water,
although an empirical estimate of the particulate absorption is also employed. A backscatter
slope parameter defined by Lee et al. (2010) is derived from the retrieved reflectance spectrum
and is used to propagate a backscatter coefficient from the red into the NIR (748 and 869
nm, for MODIS-Aqua). This propagated backscatter coefficient is used in a forward model to
retrieve an estimate of water reflectance in the NIR, which is subtracted from the signal prior to
the next iteration of the atmospheric correction. The iteration is continued until convergence
of the red reflectance or a maximum iteration threshold is reached.
The version used is the one implemented in SeaDAS v7.3 with reprocessing R2018.

2.2.6 NIR-SWIR AC Algorithm (Wang and Shi 2007)

The NIR-SWIR AC algorithm (NIRSWIR; Wang and Shi 2007) combines GW94 for the open ocean
waters with an atmospheric correction method using the SWIR bands at 1240 and 2130 nm
(Wang and Shi 2005). The switch is based on a turbidity index (Shi and Wang 2007). The
principle of NIRSWIR is the same as that for GW94, which considers the ocean to be black in
the SWIR bands. This means that the water signal is negligible for those bands, and the top-of-
atmosphere signal is only due to the atmospheric contributions. Parameter € is calculated in
the SWIR bands (the ratio of p4(1240) overp4(2130)) and then used to estimate the aerosol
optical properties and models.
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The version of the algorithm used in this report is the version implemented in SeaDAS
v7.3, with reprocessing R2018. This implementation may differ from the one implemented by
NOAA and published by Shi and Wang (2007).

2.2.7 Polymer AC Algorithm (Steinmetz et al. 2011)

The Polymer AC algorithm (Polymer; Steinmetz et al. 2011) is a full-spectrum coupled spectral
matching algorithm. It was originally developed for atmospheric correction of MERIS observa-
tions, in particular in the presence of sun glint, but has been extended to many other sensors.
This algorithm relies firstly on a water reflectance model based on Park and Ruddick (2005)
that has only two unknown parameters (chlorophyll concentration, and particulate backscat-
tering) to represent a large variability of oceanic and coastal waters. Secondly, it relies on a
model for the atmosphere and surface reflectance, pag()\), represented as a linear combina-
tion of three terms: Tp(\)co + c1A ™1 + c2pmor(A). This analytical formulation does not rely
on aerosol models, and allows accurate fitting of aerosol reflectance as well as other complex
atmospheric and surface effects, in particular, residual sun glint. The formulation essentially
relies on the general fact that atmospheric effects in pag(/\) are spectrally smooth.

An iterative optimization scheme is applied pixel by pixel, using the Nelder-Mead simplex
method, to retrieve the water and atmospheric parameters simultaneously. The final values
of pag()\) are subtracted from the observation, which preserves fine spectral features from
the observation.

Polymer is freely available for non-commercial purposes at www.hygeos.com/polymer. Poly-
mer v4.1 was used in the report. Most of the modifications since this version are not appli-
cable to MODIS-Aqua, however the latest version of Polymer may provide slightly different
retrievals because of MODIS-Aqua system vicarious calibration and modifications to the spec-
tral response function and Rayleigh correction.

2.2.8 ANN-based FUB AC Algorithm (Schroeder et al. 2007)

One Artificial Neural Network (ANN) algorithm deployed for this working group inter-comparison
(hereafter referred to as FUB) was adapted to an approach previously developed by Schroeder
(2005) and Schroeder et al. (2007) for MERIS but was based on a different learning algorithm.
In contrast to atmospheric correction algorithms based on the black pixel assumption, the
ANN method does not attempt to decouple atmospheric and oceanic light fields. Rather, it
performs the correction directly on a pixel-by-pixel basis from the full TOA spectrum

A scalar version of the Matrix-Operator-MOdel (MOMO) was used to simulate the light
field in a coupled ocean-atmosphere system and build a large database of more than 20 mil-
lion spectra of R, at the mean sea level and TOA. A variety of sun and observing angles, as
well as different concentrations of oceanic and atmospheric constituents were considered in
the simulations and subsequently used to develop the ANN algorithm. The only difference in
this study is the adoption of MODIS-Aqua spectral band settings. MODIS band 12 was sim-
ulated at 551 nm as the database computations were performed well before the 2009 NASA
reprocessing, which redefined 551 nm to be 547 nm.
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Inputs to the MOMO radiative transfer code consisted of atmospheric and oceanic inher-
ent optical properties (IOPs) that were derived from Mie computations for the atmosphere,
and in-water bio-optical model approximations mainly based on Coastal Surveillance Through
Observation of Ocean Color (COASTLOOC) observations (Babin 2000). All simulations were
performed for a US standard atmosphere, and eight aerosol assemblages each composed of
a maritime and a continental aerosol model in the boundary layer (0-2 km) and troposphere
(2-12 km), and a sulfuric acid background aerosol model in the stratosphere (12-50 km). The
spectral aerosol extinction coefficients, at relative humidity between 70 and 99%, were pro-
vided by variable aerosol optical thickness (AOT) values ranging between 0.03 and 1 at 550
nm. A rough sea surface characterized by wind speeds of 1.5 and 7.2 m s~1 and barometric
air pressure variations of 980 and 1040 hPa were considered for the atmospheric parameteri-
zation.

A total of 100,000 spectra at R,s and TOA reflectances were extracted, of which one in-
put vector consisted of the full TOA spectral reflectance in MODIS ocean colour bands 8-16
(A = 412.5—869.5 nm), the angular information of the observing geometry transformed into
Cartesian coordinates, the cosine of the sun zenith cos and the surface pressure. The asso-
ciated output vector contained the log-transformed remote sensing reflectance in the MODIS
bands 8-15 (A = 412.5 — 748 nm).

As there were no direct pathways to obtain the optimum network architecture, a series
of 170 different networks were trained by varying the number of hidden layers, the number
of neurons on the hidden layers and several noise levels. Training was stopped for each con-
figuration after 1,000 iteration cycles over the full training data set of 100,000 spectra and
monitored by the Mean Squared Error (MSE). The best performing network was selected based
on the results obtained from a match-up analysis independent of the one provided in this
report. Its architecture consisted of 14 input nodes, 80 hidden layer neurons, and 12 neurons
for the output layer trained with a random noise level of 0.8% for the TOA reflectance, 0.1%
for each the geometry inputs and 2% for the surface pressure.

2.2.9 ANN-based OC-SMART AC Algorithm (Fan et al. 2017, 2021)

The Ocean Color - Simultaneous Marine and Aerosol Retrieval Tool (OC-SMART) is another
model based on ANN for retrieval of aerosol optical depth (AOD) and R,s values (Fan et al.
2017, 2021). A radiative transfer model for the coupled atmosphere-water system (AccuRT,
Stamnes et al. 2018) was used to simulate the TOA radiances (L;,,) and R values, simultane-
ously. This dataset was used to train ANNs to determine AOD and R, directly from L;,,. The
simulations included the Ahmad aerosol models (Ahmad et al. 2010), polluted continental
aerosol, the polluted maritime aerosol, and the desert aerosol models, from the Optical Prop-
erties of Aerosols and Clouds (OPAC) package (Koepke et al. 2015). Three bio-optical models
were implemented: a modified Garver-Siegel-Maritorena (GSM) model (Maritorena et al. 2002;
Fan et al. 2017), a modified CoastColour Round Robin (CCRR) model (Fan et al. 2016; Ruddick
2010) and the model of Morel et al. (2002). These ANN algorithms are very fast once the
neural networks have been properly trained and are therefore suitable for operational use. A



20 e Evaluation of Atmospheric Correction Algorithms over Turbid Waters

significant advantage is that they do not require SWIR bands, which implies significant cost re-
duction for dedicated OC missions. Such ANN algorithms have been extended for application
to extreme atmospheric conditions (i.e. strongly polluted continental aerosols) over turbid
coastal water by including appropriate aerosol and ocean bio-optical models to generate the
required training datasets.

OC-SMART is freely available at www.rtatmocn.com/oc-smart/, and version v1.0 was used.

2.2.10 ANN-based C2RCC AC Algorithm (Doerffer and Schiller 2007)

The Case 2 Regional CoastColour (C2RCC) is the third AC algorithm included in this report
based on ANN inversion (Schiller and Doerffer, 1997; Doerffer and Schiller 2007; Doerffer
2015). Similar to FUB and OC-SMART, C2RCC was trained with large datasets of simulated
TOA reflectances and water-leaving reflectances. The model of the atmosphere was based on
analysis of AERONET data of coastal sites. The water-leaving reflectances were simulated us-
ing the Hydrolight software (Mobley, 1989) for a large number of water constituents, including
mineral particles and detritus, and various species of phytoplankton, bacteria and protozoa,
based on the NASA bio-Optical Marine Algorithm Dataset (NOMAD; Werdell and Bailey 2005)
and CoastColour datasets (Ruddick et al. 2010), Five IOPs were considered. The trained ANN
performed the inversion of the top of atmosphere to estimate water-leaving reflectances. Sim-
ilar to FUB and OC-SMART, negative R, retrievals were not possible due to logarithmic scaling
of the R,s data during training.

C2RCC code is available at https://c2rcc.org/neural-nets/. It was initially developed for
MERIS and then for OLCI. A version for MODIS-AQUA exists but has not been fully validated
and assessed. The working group decided to include this version in the analysis.

2.3 Important Caveats for Comparison

Algorithms NASA-AC, NIRSWIR, MUMM, UV-AC, SS14, SWIRE and OC-SMART use L. as inputs
while the other algorithms use L7p4. These latter algorithms, thus, do not consider the
vicarious calibration of MODIS-Aqua. This difference may introduce a bias in their estimates
and favour algorithms using L.

While FUB, C2RCC and OC-SMART all belong to the same class of parametric machine
learning algorithms, they use slightly different inverse model parametrizations (fixed versus
adaptive learning rate, number of iterations, seeds, etc.). They also use different optimization
algorithms to minimize the cost function (first-order versus second-order derived methods).
More importantly, the simulated datasets used for training these algorithms were different
in dimensions of input/output vectors, data scaling and transformation (linear, logarithmic,
addition of noise etc.), and radiative transfer codes that had different bio-optical and atmo-
spheric model approximations and assumptions.
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Chapter 3

Summary description of datasets

3.1 Satellite dataset

For this algorithm evaluation, all AC algorithms were applied to MODIS-Aqua satellite images.
MODIS-Aqua L1B data, reprocessing version 2014.0, were downloaded from NASA’s Ocean Bi-
ology Processing Group (OBPG, https://oceancolor.gsfc.nasa.gov). Although this version was
used, it is not expected that new reprocessing would change the conclusion of this report as
R2018 and R2020 were concerned only with instrument calibration. Comparisons are avail-
able online (https://oceancolor.gsfc.nasa.gov/data/reprocessing/r2022/aqua/). Comparison
of R2018 to R2014 showed that the revised absolute instrument calibration contributed to
a significant bias shift in all spectral bands, of order 2%-10% on the global deep-water mean.
However, as this concerns L1B data, which were the inputs for all algorithms, we do not expect
that these reprocessings would change the conclusion of this report.

The L1B data were processed using SeaDAS v7.3.2 software to obtain Rayleigh-corrected
reflectance.

3.2 Simulated dataset

An enhanced version of the simulated dataset developed in IOCCG Report 10 IOCCG 2010)
was developed to encompass a wider range of coastal waters.

The AccuRT radiative transfer code was used to generate: TOA radiances; TOA radiances
corrected for gas absorptions; TOA radiances corrected for gas absorptions and Rayleigh scat-
tering; aerosol and coupled Rayleigh/aerosol radiances; diffuse transmittance; and remote-
sensing reflectance (Jin and Stamnes, 1994; Stamnes et al. 2017, 2018). The AccuRT simula-
tions were checked against Hydrolight simulations and agreed quite well. Extensive compar-
isons with computations were also performed based on the vector radiative transfer model
for the coupled ocean-atmosphere system (PCOART; He et al. 2007, 2010). These efforts are
documented in Chapters 4 and 5.

In summary, the aerosol models used were taken from Ahmad et al. (2010). IOPs of the
seawater were taken from the CoastColour project (Ruddick et al. 2010). In order to cover a
wide range of atmospheric and water conditions, 20,000 cases were generated. For each ocean
case, 4 aerosol models were randomly selected among the 80 possible models. Each aerosol
model was applied to 5,000 water configurations. For each of the 20,000 cases, the geometry
angles were randomly selected in the following ranges, and sun-glint geometry was avoided
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in the simulations:

R
*%

R
0’0

R
“0

Solar Zenith Angle (SZA; 6): 0-70°
Viewing Zenith Angle (VZA; 6,,): 0-70°
Relative Azimuth Angle (RAA; A¢p = ¢ — ¢,,): 0-180°.

Simulated datasets were generated for MODIS-Aqua as outlined in Chapter 4. Additional
datasets were also generated for SeaWiFS, VIIRS, MERIS and OLCI sensor. All simulated datasets
are available in Supplemental Data 1. The datasets contain the following for each sensor:

1.

3.3

Input parameters for the simulation, in the format: SZA, VZA, RAA, 7,(865),
angstrom(443/865), f, relative humidity (RH), CHL, CDOM, and mineral particles
(MIN).

. TOA radiances for each simulation case. These radiances were simulated with

atmospheric gas absorption, Rayleigh scattering, aerosol and ocean IOPs turned on.

. "Atmospheric-gas-corrected” TOA radiances for each simulation case. The radiances

were simulated with atmospheric gas absorption turned off, but Rayleigh scattering,
aerosol, and ocean IOPs turned on.

”Atmospheric-gas-and-Rayleigh-corrected” TOA radiances using data from the
“atmospheric-gas-corrected” TOA radiances with pure Rayleigh scattering radiances
subtracted. Pure Rayleigh scattering radiances were simulated with only Rayleigh
scattering turned on, and atmospheric gas absorption, aerosol, and ocean IOPs turned
off.

Remote sensing reflectance R,s for each simulation case. The remote sensing
reflectance was computed as the water leaving radiance divided by the downwelling
irradiance just above the surface. The water leaving radiance was simulated as
described in Chapter 4.7. The simulation was done with atmospheric gas absorption,
Rayleigh scattering, and aerosols turned on in the atmosphere.

Reflectance for aerosols (no molecular scattering or absorption, but including
molecule/aerosol interactions) at the TOA. These reflectances were computed as
Radianceyerosol(TOA)/Eq(TOA), and correspond to p, + prq as defined by Gordon and
Wang (1994). As outlined in Chapter 4, there is a factor of 7 difference—Gordon and
Wang (1994) defines the reflectance as p = wL/(uoFp) (the dimensionless
bidirectional radiance reflectance factor), while we use p = L /(110 Fp). Rys is then
calculated as R,s = py /7.

Two-way diffuse transmittance for aerosols and molecular scattering (no molecular
absorption).

In-situ dataset

In-situ datasets of remote-sensing reflectance and aerosol optical thickness were taken from
the AERONET-Ocean Colour (AERONET-OC) network (Zibordi et al. 2009b, 2021). AERONET-
OC is the ocean component of the Aerosol Robotic Network (AERONET, Holben et al. 1998)
and is a system of autonomous sun photometers deployed around the globe, mainly in the
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Figure 3.1 Maps of the global AERONET-OC stations. The stations used in this report
are mentioned in Table 1. Figure replicated with permission from https://aeronet.gsfc.
nasa.gov.

Table 3.1 AERONET-OC stations names, locations and number of data (N) used in our analyses

S.No | Station Year Lat Lon N

1 AAOT 2002-2015 | 45.31 12.50 1192
2 COVE_SEAPRISM 2006-2015 | 36.90 -75.71 38

3 Gustav_Dalen_Tower | 2005-2015 | 58.59 17.46 268
4 Helsinki_Lighthouse 2006-2015 59.94 24.92 261
5 MVCO 2004-2015 | 41.30 -70.55 412
6 GLORIA 2011-2015 | 44.59 | 29.35 186
7 LUCINDA 2009-2015 | -18.50 | 146.30 | 83

8 ZEEBRUGGE-MOW1 2014 51.36 3.12 16

northern hemisphere (Fig. 3.1). The network provides normalized water-leaving radiance (nL,,)
and AOT at several wavelengths in the visible spectrum.

Advantages of using AERONET-OC data are that measurements are standardized and use
identical systems and protocols, and data are calibrated and processed using a single method
and with the same processing codes (Zibordi et al. 2006; 2009; 2021). Measurements are (op-
timally) taken several times daily, leading to a high number of potential match-ups to satellite
data.

Table 3.1 presents the different AERONET-OC stations used for match-up analyses. The
number and location of the stations were selected at the start of the working group’s analyses,
however new stations have since been created in more turbid waters that are not included
here. Detailed characteristics of these selected AERONET-OC stations are provided in Feng et
al. 2008; Zibordi et al. 2009, 2015, 2021; Mélin 2022; and Van der Zande et al. 2016. Note that
many interesting cases with extreme absorption and scattering, or with high phytoplankton
blooms were not captured by the AERONET-OC dataset.
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Chapter 4

Creating the synthetic dataset

To create the synthetic dataset that mimics the radiative transfer process in the coupled
atmosphere-water system, we adopted IOPs of the atmosphere and water that are based on
empirical data. The purpose was not to create the most realistic top-of-the-atmosphere (TOA)
radiances, but to simply create a dataset that was consistent with current knowledge of IOPs.
This was to ensure that when these IOPs were used as input to a radiative transfer model (RTM)
for the coupled system, plausible radiances would be produced for testing the AC algorithms.
Like in the natural environment, the radiances were dependent on the IOPs of both the atmo-
sphere and the underlying water column, as well as the reflection/transmission occurring at
the air-water interface (in both directions).

4.1 Radiometric definitions

2 1 ..—1

The total TOA radiance is usually written as in Eqn. 4.1 in units of Wm™“ nm™ " sr™ *, or, if
ignoring the part of the surface-reflected background sky radiance at the sea surface (L)

that reaches the TOA (sz?/A), as in Eqn. 4.2.

Ly =L+ Lo+ Lag) + LY + LIOA + L1924 + 1704 “.1)
L _ L TOA
t = Lr + [La + Lar] + TL, + Ly, " + tLy. +tL,, (4.2)

where L; is the TOA total upward radiance; L i is the TOA radiance due to molecular (Rayleigh)
scattering only; L, is the TOA radiance due to scattering/absorption by aerosols only; L,r
is the TOA radiance due to aerosol-molecule multiple scattering; LZ;OA is the the part of the
direct Sun glint radiance (L,) that reaches the TOA; LEE)A
radiance L,,. that reaches the TOA; LEOA is the the part of the water-leaving radiance (L,,)

is the the part of the whitecap

that reaches the TOA; and 7 is the direct transmittance between the sea surface and the TOA
along the viewing direction.

We may refer to the total TOA radiance in terms of reflectance (p = 7L / E,;) as the
unitless bidirectional reflectance factor (BRF) to distinguish it from the bidirectional reflection

distribution function (BRDF) which has units S

The downward TOA irradiance, F4, =
1o Fo where 1o = cos 6, and Fy is the TOA solar irradiance. Note that while the BRDF is an
inherent optical property, the BRF is not. p = 7wL/FEy is unitless since 7 has units of sr and

E, has units of Wm ™2 nm™ L.
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pt = PR+ [pa + par] + Tpg + 1pye + Loy, (4.3)

where total TOA reflectance factor, py = 7wl / FE; TOA reflectance factor due to molecular
(Rayleigh) scattering only, pr = wL g/ Eg; TOA reflectance factor due to aerosols only, p, =
L, / E4; TOA reflectance factor due to molecule/aerosol multiple scattering only, por =
wLaor / E4; TOA reflectance factor due to aerosols + molecule/aerosol interactions, pgtm =
T[La + Lar]/Eq = pa + par; part of the glint reflectance factor L,/ Ey that reaches the
TOA, T'py = T(ﬂ'Lg/Ed); part of the whitecap reflectance, py,c = 7L/ Eq that reaches the
TOA, tpye = t(7 Ly / Eq); part of the water-leaving reflectance factor, p,, = (w Ly, /Eq(7;"))
reaching TOA, tp,, = t(mwL,/E4) with t being the the diffuse transmittance in the viewing
direction.

4.2 Aerosol model and atmospheric profile

If we know the size distribution and the refractive index of the aerosol particles, we may use
available aerosol models to generate aerosol IOPs: absorption and scattering coefficients and
the scattering phase function. For atmospheric correction of ocean colour imagery, Gordon
and co-workers (Gordon and Wang, 1994; Gordon 1997) selected 16 candidate aerosol models
consisting of several types of particles, each having its own characteristic chemical composi-
tion, size distribution, and hygroscopicity. We used the aerosol models described by Ahmad
et al. (2010), which are currently employed in SeaDAS. Based on AERONET data (Holben et al.
1998, 2001), Ahmad et al. (2010) adopted a bimodal log-normal volume size distribution as
in Eqn. 4.4

2
dV(r) 1dV(lnr) S A In7 —Inry;
= == = - —— 44
o(r) dr r dlnr ; V2o P V20; @4

where the subscript 7 represents the mode, V; the total volume of particles with mode

1, Ty; the mode radius, also called the volume geometric mean radius, and o; the geometric
standard deviation. Integration over all sizes for both modes, yields:

/ v(r)dr=V1 +Vo=V; + V.=V (4.5)
0

where the subscript f stands for fine mode and the subscript ¢ for coarse mode.

A change in the relative humidity (RH) will affect the size of the particle as well as the
refractive index. The magnitude of the particle growth and the change of refractive index with
increasing RH depends on the size of the dry aerosol, and on aerosol type (Hanel 1976; Shettle
and Fenn 1979; Yan et al. 2002). To use Eqn. 4.4 for the bimodal log-normal volume size
distribution, one must specify the fine mode volume fraction f, = Vf /V, the volume mode
radii 7, f and 7y, the corresponding standard deviations ¢ and o, and the refractive index
of the particles relative to air (which may be assumed to be the same for both modes). We
used the Ahmad et al. (2010) aerosol models implemented in SeaDAS with:
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+« 10 different aerosol fine mode volume fractions:
f»=10,0.01,0.02,0.05,0.10,0.20, 0.30, 0.50, 0.80, 0.95
< 8 different relative humidities (in percent):
RH = 30, 50, 70, 75, 80, 85, 90, 95
yielding a total of 80 discrete aerosol models to represent aerosols over the ocean including
coastal areas. Additional models may be added to represent aerosol conditions not included
in the SeaDAS dataset.

Finally, we assumed a flat atmosphere-water interface and used the U.S. standard atmo-
spheric profile with surface pressure of 1013 mbar, and an ozone column of 348 Dobson units
in the simulations to compute Rayleigh scattering coefficients and absorption coefficients by
all relevant gases.

4.3 Ocean bio-optical model and synthetic IOP dataset

The CoastColour Round Robin bio-optical model (CCRR; version 1.2, https://coastcolour.org/
round_robin.html accessed 5 October 2010) was used. It can be applied to both Case 1 and Case
2 waters, and has a choice of three water parameters: chlorophyll-a concentration (CHL; mg
m_3), mineral particle mass concentration (MIN; g m_3), and CDOM absorption coefficient at
443 nm (m~!). The CCRR bio-optical model is fully described in Chapter 4.5.

The CCRR simulation dataset was used. This was similar to the synthetic dataset from
IOCCG Report # 5 (IOCCG 2006). The simulation dataset has 5,000 combinations of the
three water parameters (CHL, MIN, and CDOM) paired with 5,000 simulated remote sensing re-
flectances (1,5 ()\i)) generated by the Hydrolight v5.0 radiative transfer model (Mobley 1994;
Mobely et al. 1993). The 5,000 combinations of the ocean parameters are sampled so that the
covariation between each pair of parameters matched that obtained from field measurements
in coastal waters around Europe (Babin et al. 2003a).

Fig. 4.1 shows the covariation (panels a, b, and c) and the distribution (panel d) of the
three input parameters. Note that the IOPs needed as input to the RTM are parametrized in
terms of CHL, MIN, and CDOM (as explained in Chapter 4.5) in this synthetic dataset.

Fig. 4.2 shows a comparison between R, S(Ai) values generated with the Hydrolight RTM
(Mobley 1994) and with the AccuRT RTM (Stamnes et al. 2018), using the three water param-
eters (CHL, MIN, CDOM) in the CCRR simulation dataset (see Fig. 4.1) to generate water IOPs
(see Chapter 4.5). Details about the computational procedure are provided in Chapter 4.6.

As shown in Fig. 4.2, the correlation between the two sets of R,.()\;) values has an R? of
no less than 0.999 for all wavelengths. This good match means that for the same input IOPs
the AccuRT RTM produces output very close to that of the Hydrolight RTM. We considered
the CCRR synthetic IOP dataset, generated by varying the three water parameters (CHL, MIN,
CDOM), to be very suitable for testing the atmospheric correction algorithms.

4.4 Procedure
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Figure 4.1 Covariation and distribution of CHL, MIN and CDOM in the CCRR synthetic
dataset. Panels (a), (b) and (c) show the covariation between CHL and CDOM, between CHL
and MIN, and between CDOM and MIN, respectively. Panel (d) shows the distribution of
CHL (green), MIN (blue) and CDOM (red), the units of CHL, MIN and CDOM are given on
the vertical axis in the first 3 panels.

4.4.1 Simulation dataset

In order to cover a wide range of atmospheric and water conditions, we generated 20,000
cases. As mentioned, for each ocean case, 4 aerosol models were randomly selected among
the 80 possible models (4 aerosol configurations X 5,000 water configurations). For each of
these 20,000 cases, the geometry angles were randomly selected in the following ranges

% SZA (Ap): 0-70°

% VZA (0,): 0-70°

%

% RAA (Ap = ¢g — ¢y): 0-180°.

The Sun-sensor geometry is illustrated in Fig. 4.3. The channels of existing and planned next
generation sensors, including UV and SWIR bands, were included in the simulation datasets
as summarized in Chapter 4.4.6. Algorithm developers may select channels appropriate for a
particular sensor. Alternatively, by making a different channel selection, the optimum sensor

could be determined.

4.4.2 Test dataset

A dataset for testing purposes included geometry angles and simulated TOA radiances for
particular sensors for the 20,000 cases described above. Algorithm developers can use this
dataset to retrieve aerosol parameters and RTS(/\i) values on a case-by-case basis.
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Figure 4.2 Comparison between R,.; values for the CCRR simulation dataset generated
with Hydrolight and with AccuRT at 8 wavelengths: 412, 443, 490, 510, 560, 665, 753,

and 865 nm.

Figure 4.3 Sun-sensor geometry. Note that A¢ = 0 corresponds to specular reflection.
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4.4.3 Validation dataset

A dataset used exclusively for validation purposes contained the answer key, that is, the
aerosol and water IOPs (scattering and absorption coefficients and the scattering phase func-
tion) for all 20,000 cases in the test dataset. This validation dataset can include, on a case-by-
case basis, the input aerosol parameters (7gg5 and fine mode bimodal fraction f;,), the water
parameters (CHL, MIN, and CDOM), and corresponding Rrs()\i) values, which are then com-
pared with retrieval results (7ggs5, f or Angstrom coefficient, and Rrs()\i) values).

4.4.4 Algorithm Evaluation & Assessment

A statistical validation was conducted, to provide a comprehensive way to assess the perfor-

mance of each algorithm. The following major points were considered:
< Assessment of atmosphere correction performance: examination of the retrieved aerosol
optical depth (AOD) and fine mode aerosol fraction f, (or Angstrém coefficient), and
analysis of how the performance depends on aerosol loading, humidity, and water type
(turbidity).

% The influence of water type: an assessment of how the accuracy of the retrieved R,.s(\;)
values depend on water type (see Fig. 4.1).

< The influence of geometry: assess how the retrieval error depends on geometry.

< Sensor channel selection: since different sensors have different channels, it may be
possible to use the validation results to determine the best choice of channels for ocean
colour retrieval. This can attempt to address the question of which combination of
channels provided the best atmospheric correction, and hence the most reliable remote
sensing reflectances.

4.4.5 Sunglint treatment validation

In the synthetic dataset described above, sun-glint geometry angles were avoided. Itis possible
to add a sun-glint dataset that can be used to test how the various atmospheric correction
algorithms participating in this study deal with the sun-glint correction problem. To include
this, algorithm providers can be given wind speed and direction along with the simulated
satellite radiances in the glint area, which can be used to conduct sunglint correction.

4.4.6 Data files and format

Synthetic datasets were generated for 6 sensors: MODIS, MERIS, SeaWiFS, VIIRS, OLCI, and
Copernicus Sentinel-3 Sea and Land Surface Temperature Radiometer (SLSTR). However, only
MODIS was considered in this study. The centre wavelengths for each sensor are given in Table
4.1.

Seven files were generated for each sensor, named as follows, and as described in Chapter
3.2 and the accompanying README in Supplemental Data 1.

1. "sensor_InputParameter.txt”,

2. "sensor_RadianceTOA.txt”,


https://github.com/IOCCG/Report-21-simulated-data/releases/tag/v1.0.0
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Table 4.1 Sensors and wavelengths for simulated data in the synthetic dataset.

Sensor Wavelengths [nm]

MODIS 412 443 469 488 531 547 555 645 667 678 748 859 869 1240 1640 2130
MERIS 412 443 490 510 560 620 665 681 709 754 761 779 865 885 900
SeaWiFS | 412 443 490 510 555 670 765 865

VIIRS 412 443 486 551 671 745 862 1238 1610 2257

OCLI 400 412 443 490 510 560 620 665 674 681 709 754 761 764 768 779 865 885 900 940 1020
SLSTR 555659 865 1375 1610 2250

3. "sensor_RadianceTOA_gas_corrected.txt”,

4. "sensor_RadianceTOA_gas_rayleigh_corrected.txt”

5. ”sensor_Rrs.txt”

6. ”sensor_aerosolReflectance.txt”

7. "sensor_diffuseTransmittance.txt”

Table 4.2 Solar irradiance (F{) for MODIS.

A Fo Fo A Fy )

(m) | (W/m?/nm) | mW/cm?/pm) | [(m) | [(W/m?/nm) | (mW/cm?/um)
412 1.72912 172.912 667 1.52255 152.255

443 1.87622 187.622 678 1.48052 148.052

469 2.05878 205.878 748 1.28065 128.065

488 1.94933 194.933 859 0.97174 97.174

531 1.85747 185.747 869 0.95824 95.824

547 1.86539 186.539 1240 0.45467 45.467

555 1.83869 183.869 1640 0.23977 23.977

645 1.57811 157.811 2130 0.09885 9.885

The TOA solar irradiance (normal to the beam) was set to F; = 1.0 for all the radiance
calculations. In order to compare the radiances with satellite measurements, TOA solar irradi-
ance data from the SeaDAS package are provided in Tables 4.2 - 4.5. To obtain the radiances in
physical units, a multiplication by the Fy values was required. These F{y values are provided
in Tables 4.2 - 4.5.

4.5 The CCRR Bio-optical Model

We adopted a bio-optical model used in the CoastColour Round Robin (CCRR) effort (described
in Coastcolour-RRP-V1.2).
4.5.1 Pure water IOPs

For pure water we adopted the real part of the refractive index of pure water from Segelstein
(1981), and used the absorption coefficient aw()\) based on data published by Smith and


https://coastcolour.org/documents/Coastcolour-RRP-v1.2.pdf
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Table 4.3 Solar irradiance (F{) for MERIS.

A Fo Fo A FO FO
(m) | (W/m®/nm) | mW/cm®/pm) | [m) | [(W/m*/nm) | (mW/cm?/pm)
412 | 1.71366 171.366 709 | 1.40546 140.546
443 | 1.87751 187.751 754 | 1.26620 126.620
490 | 1.92934 192.934 761 1.24979 124.979
510 | 1.92687 192.687 779 | 117571 117.571
560 | 1.80049 180.049 865 | 0.95888 95.888
620 | 1.64970 164.970 885 | 0.92975 92.975
665 | 1.53091 153.091 900 | 0.89544 89.544
681 | 1.47022 147.022
Table 4.4 Solar irradiance (Fj) for SeaWiFS.
A Fo Fo A Fo Fo
(nm) | (W/m®/nm) | mW/cm®/pm) | [(mm) | [(W/m®/nm) | (mW/cm®/pm)
412 | 1.72998 172.998 555 1.82997 182.997
443 | 1.90154 190.154 670 | 1.51139 151.139
490 | 1.96438 196.438 765 1.22330 122.330
510 | 1.88164 188.164 865 | 0.96264 96.264

Baker (1981), Sogandares and Fry (1997), and Pope and Fry (1997) for wavelengths between
340 and 700 nm, and by Kou et al. (1993) for wavelengths between 720 and 900 nm. Pure
water scattering coefficients Bw(/\) were based on data published by Morel (1974), and the
Rayleigh scattering phase function (Eqn. 4.6).

3

pRay(COS 6) = m(l + f COS2 @)

with depolarization ratio p = 0.09, and thus f = (1 — p)/(1 + p) = 0.835.

4.5.1.1 Scattering phase function for pure water

In AccuRT the expansion of the phase function p(cos ©) in Legendre polynomials is:

1 1
xe=3 / d(cos ©) Py(cos ©)p(cos ©) @
1

where © is the scattering angle and Pg(cos @) is the Legendre polynomial. For molecular
(Rayleigh) scattering the phase function is given by Eqn. 4.6, and the expansion coefficients
(moments) are simply

2f

xXo=1, x1=0, xo=—5"—F=, and x¢ =0 for £>2.

503+ f) (*8)



Table 4.5 Solar irradiance (F() for VIIRS.
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A F() Fo A FO FO

(mm) | (W/m?/nm) | mW/cm?/pm) | [(m) | [(W/m®/nm) | (mW/cm?/pm)

412 | 1.71134 171.134 745 1.27643 127.643

443 1.90214 190.214 862 0.96031 96.031

486 1.98774 198.774 1238 | 0.45606 45.606

551 | 1.84122 184.122 1610 | 0.25084 25.084

671 | 1.50456 150.456 2257 | 0.07732 7.732
The parameter f in Eqn.4.8 is given by f = };-1-2‘ where p is the depolarization ratio attributed
to the anisotropy of the scatterering (molecule). Using p = 0.09 for water, f = 1=r — (.835.

1+p
Hence, for Rayleigh scattering by water molecules the scattering phase function moments

become: xo =1, x1 =0, x2 =0.0871, and xy =0 for ¢ > 2 (Stamnes et al.

2017).
4.5.2 Water-impurity IOPs

The CCRR bio-optical model consists of the 3 input parameters CHL, MIN, and a.c po M(443),
which were allowed to vary. It should be noted that according to this decomposition into three
basic components, the mineral particle component can also include non-algae particles, the
absorption of which does not covary with that of algae particles.

4.5.2.1 Mineral particles

The absorption coefficient for mineral particles at 443 nm is given by Eqn. 4.9

anrn(443) = 0.031 x 0.75 x MIN (4.9)
and its spectral variation is described by Eqn. 4.10 (Babin et al. 2003a)".
apn(A) = aprrn(443)[exp(—0.0123 (A — 443))]. (4.10)
The scattering coefficient at 555 nm is given by Eqn. 4.11 (Babin et al. 2003b):
Buin(555) = 0.51 x MIN 4.11)
and the spectral variation of the attenuation coefficient is as shown in Eqn. 4.12
YN (A) = YN (555) X (A/Ag) ™ c=0.3749, Ao = 555 nm 4.12)
where
YN (555) = apn(555) + Barrn (555)

= [0.041 x exp(—0.0123(555 — 443)) + 0.51] x MIN = 0.52 x MIN.

'Note on units: aarry (A)/MIN = 0.041 has units [m*g ™"

units of aarrn (A) will be [m~ 1.

], so that if MIN has units of [g m_3], then the



34 e Evaluation of Atmospheric Correction Algorithms over Turbid Waters

The spectral variation of the scattering coefficient for mineral particles is thus

Bumin(A) = ymin(A) — anrn (). (4.13)

The average Petzold phase function, with a backscattering ratio of 0.026, as tabulated by
Mobley (1994), was used to describe the scattering phase function for mineral particles.

4.5.2.2 Algae particles

The absorption coefficient for pigmented particles (algae particles or phytoplankton) can be
written as in Eqn. 4.14 (Bricaud et al. 1998),

apig(\) = Ap(\) x [CHL]Fe™) (4.14)

where the function coefficients A4(\) and Ey(\) are given by Bricaud et al. (1998) and CHL
is the chlorophyll concentration, which represents the concentration of pigmented particles
(algae particles or phytoplankton). The functions A,(A) and Ey4(\) are displayed in Fig. 4.4.
Extrapolation into the UV spectral range was the same as that used in Hydrolight. Extrapola-
tion into the infrared (beyond 700 nm) used a constant value.

0.12 : 1.2 -
*Gelhl —Ephi
— ~ high *UVEphi
—UViig 11—Extrapolated
uv
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—Extrapolated uJ% 08
0.6
00 200 500 600 700 800 900 O%00 200 500 600 700 800 900
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Figure 4.4 Spectral variation of the numerical coefficients Ag(A) (left) and Eg(X)
(right) in Eqn. 4.14. The blue colour indicates original data provided by Bricaud et al.
(1998). The red colour indicates extrapolated values.

The attenuation coefficient for pigmented particles at 660 nm is given by Loisel and Morel
(1998):
Ypig(660) = v x [CHL]";  ~9=0.407; 1 =0.795

and its spectral variation is as described in Eqn. 4.15 (Morel et al. 2002):
Vpig(A) = pig(660) x (A/660)” (4.15)
where

v = 0.5x[loggCHL—0.3] 0.02<CHL < 2.0
v = 0, CHL > 2.0.
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The spectral variation of the scattering coefficient for pigmented particles follows from the
difference between ;g () and apig(A) (Eqn. 4.16).

BPZ'Q()‘) = ’Ypig()\) - Oépig()\)- (4.16)

The scattering phase function for pigmented particles is assumed to be described by the
Fournier-Forand (FF) phase function (see Chapter 4.5.2.5) with a backscattering ratio equal
to 0.006 (Mobley et al. 2002, Morel et al. 2002).

4.5.2.3 Coloured Dissolved Organic Matter (CDOM)

Absorption by CDOM is given by Babin et al. (2003b):

acpom(A) = acponrr(443) x exp[—0.0176(\ — 443)]. (4.17)

4.5.2.4 Total Absorption and Scattering Coefficients

Total absorption and scattering coefficients due to water impurities for the CCRR IOP model
are given by:

Atot(N) = anrrn (A) + apig(X) + acpom (N) (4.18)

Brot(N) = Bp(N) = Burin(A) + Bpig(A). 4.19)

4.5.2.5 Scattering phase function for particles

Many measurements have shown that the particle size distribution (PSD) function in oceanic
water can be accurately described by an inverse power law (Junge distribution) F’ (r) =C, / 7“5,
where F’ (7") is the number of particles per unit volume per unit bin width, and r [pum] is the
radius of the assumed spherical particle. C, [Cm’3 . ,umffl] is the Junge coefficient, and &
is the PSD slope, which typically varies between 3.0 and 5.0 (Diehl and Haardt, 1980; McCave,
1983). By assuming a Junge distribution for the PSD, Fournier and Forand (1994) derived an
analytic expression for the scattering phase function of oceanic water (the FF scattering phase
function). This FF scattering phase function is described in Eqn. 4.20 (Mobley et al. 2002),

1

prr(cos©) = 47r(1—6)2(51’{y(1 —0)—(1—-0")+ %[(5(1 — ) —v(l— 6)]}

1-— TSO 2
3cos“©® —1 (4.20)
1671‘(5180 — 1) 1V80[ ]

where v = 0.5(3 — &), u = 25in(6/2), 6 = §(0) = 35557, diso = 6(6 = 180°) =

ﬁ, © is the scattering angle, £ is the PSD slope, and 7 is the real part of the refractive

index.
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Setting x = cos ©, and integrating the FF scattering phase function over the backward
hemisphere, one obtains the backscattering ratio or backscatter fraction (Mobley et al. 2002)

1" 1t
bpp = / prr(cos©)sinOdO = / dz prpr(—z)
2 w/2 2 Jo

L— % — 0.5(1 - )
(1 — d90)dg
where dgp = 6(0 = 90°) = ﬁ sin?(45°) = ﬁ Eqn. 4.21 can be solved for v
in terms of bpp and dgg, implying that v and thus £ can be determined if the real part of the

= 1

(4.21)

refractive index n and the backscatter fraction bp g are specified. As a consequence, the FF
scattering phase function can be evaluated from a measured value of bpp if the real part of
the refractive index n is known.

To describe the angular variation of the scattering, we used the FF scattering phase func-
tion for phytoplankton and the Rayleigh scattering phase function (Eqn. 4.6) for scattering
by pure water. It was shown by Mobley et al. (2002) that with proper choices of n and &
the FF scattering phase function is an excellent proxy for the well-known Petzold (1972) mea-
surements. In a previous study, Li et al. (2008) used n = 1.0686, and £ = 3.38, which
corresponded to a backscatter fraction of 0.0056 (see Fig. 2 in Mobley et al. (2002)). As noted
by Mobley at al. (2002), this choice of {n, £ } values is consistent with a certain mixture of
living microbes and resuspended sediments. In the CCRR bio-optical model adopted here, the
Petzold phase function with a backscattering ratio of 0.026 was used to represent mineral
(non-algal) particles. These scattering phase functions are shown in Fig. 4.5. The moment-

4
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Figure 4.5 Rayleigh, Fournier-Forand and Petzold phase functions used to represent
scattering by water molecules, pigmented particles, and non-algal particles, respectively,
in AccuRT.

fitting method of Hu et al. (2000) was used to create Legendre expansion coefficients x¢ ppr
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and x¢ pr for the Petzold and FF scattering phase functions. Thus, the total scattering phase
function Legendre expansion coefficients were:

_ BrigMN)xerr + Bruin (MN)xe.pET + Buw(M)Xewater
/Bpig()‘) + /BMIN()\) + /Bw()\)

where the scattering phase function moments for pure water Xy ,qter Were as described in by
Eqn. 4.8.

(4.22)

4.6 BRDF treatment
Suppose a radiometer located just above a water surface measures radiance

Lr(\ 7.5, 0y, 00, Ad)

yTa »

when pointed to the surface in direction (6,, A¢), and radiance

Li\ 7.5, 0,00, Ag)

s la

when pointed to the sky in direction (6’, A¢), where 6 is the solar zenith angle, and A¢ =
¢o — ¢y is the relative azimuth with respect to the Sun. Here 7,7 = 07 is the optical depth
of the atmosphere just above the water surface, g is the solar zenith angle, 0, is the view-
ing polar angle in air, 8/ = sin~! (sin 0, / nw) is the corresponding refracted polar angle (in
water) and n,, is the refractive index of water relative to air. Then the water-leaving radiance

Ly(A, Ta , 0,060, Ad) (i.e., the radiance emerging from the water just above the surface) is

Lw(>‘ 9’07907A¢) (>‘ T 9’0’907A¢) (01}’007¢a ) ()‘ T+ o' 007A¢)

7a7 Y a0 y'a

where p(60,, 0o, Ap, W) is the sea surface bidirectional reflectance distribution function (BRDF),
and W stands for the wind speed (Zibordi et al. 2009). The normalized water-leaving radiance
is defined as in Eqn. 4.23 (dropping the A-dependence)

w(ij 91)7 903 A¢)F05
Eq(1a)

LN = ,  e=d/d (4.23)
where FO = mean extraterrestrial solar irradiance; d and d are the mean and actual Earth-
Sun distances. Since the downward irradiance just above the water surface is Fq(7,") =
t(o) o Foe, where g = cos 0o, t(p1o) is the diffuse atmospheric transmittance, Eqn. 4.23

L (7 A
LN = w73, 00,00, A¢) (4.24)

t(po) o

becomes

4.6.1 The anisotropy correction factor - accurate treatment

The exact normalized water-leaving radiance L.y is defined as the radiance that would be
measured by a nadir-viewing instrument, if the sun were at zenith in the absence of an atmo-
sphere (1, = 7' = 0).
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Evaluating Eqn. 4.24 for 6y = 6, = 0 (no A¢ dependence) in the absence of an atmo-
sphere, 7,7 = 0 and ¢(p) = 1, we find the exact normalized water-leaving radiance:

wn = Lu(md = 0,0, = 0,00 = 0). (4.25)
The anisotropy correction factor: F = F(6,, 0o, A¢, [OPY™ W, IO P°™)

F= Lw(Tj, 91)7 907 A¢)/t(ﬂo)uo _ LN
© Ly(rd =0,0,=0,60=0) Ly

is obtained by dividing L.,y by L%, and can be quantified as follows without invoking any

(4.26)

unnecessary assumptions:

% compute Lyn = Lyn (04,00, Agp, IOPY™ W, IO P°™) for the actual environmen-
tal conditions using a RT code for the coupled atmosphere-ocean system (such as Ac-
cuRT) that considers all radiative transfer processes (in the atmosphere, at the air-water
interface, and in the water) influencing the water-leaving radiance;

% compute L’ defined by Eqn. 4.25 by ignoring the atmosphere;

« compute the desired anisotropy correction factor as:

F (8,00, Ap, IOP™™ W, IOP*™) = Ly,n/L%,.

4.6.2 The anisotropy correction factor - approximate treatment

For completeness, Eqn. 4.26 can be approximated as described in Eqn. 4.27 (see also equation
13 in Morel et al. 2002)
LN R(Qg, 0_) R(Gv) Qo R(Qv) @Q

F = ~ =
LfoN Ry Ro Q(QU, 007 A¢) Ro fO f

(4.27)

where
Q(0y,00, A¢) = Q8. 60, Ad) = Eu(07)/Lu(07, 6,00, A¢); Qo = Q6 = 0,60 = 0)
and the irradiance reflectance (denoted f by Morel) is given by

f=R(00,07) = E,(07)/Ea(07); fo=Ro=R(6p=0,07).
Here 0~ refers to just below the air-water interface, £,,(07) is the upward irradiance, E;(07)
is the downward irradiance, and L,,(0™) the upward radiance. Finally:

(1—p)[L = p(0,6)]
[1 —7R(60,07)]ng,

R(0,) =R(¢,0,) = (4.28)
where p = R(0",07) is the air-water Fresnel coefficient at the interface for the whole (Sun
+ sky) downward irradiance, (1 — p) = 7(0",07) is the total (Sun + sky) transmittance
through the interface, p(#’, 6,) is the internal Fresnel reflectance from the directions (¢’ 6,,),
and [1 — p(¢',6,)] = T(0~,07;Q — €) is the transmittance from polar angle §’ in water
into polar angle 6, in air. 7 = R(0™, O+) is the water-air Fresnel reflection for the whole
diffuse upward irradiance, [1 — 7R(6p, 0’)]’1 is due to downward internal reflection at the
interface.
Here it should be noted that in Eqn. 4.28:
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1. the reflectances 7 and R(Ho, O_) are apparent optical properties that depend on the il-
lumination conditions, and thus on the atmospheric as well as in-water IOPs and surface
state (wind speed);

2. the effect of internal reflections, i.e. the (1 — fR)*l-term in Eqn. (4.28), appears to
be arrived at by assuming that the air-water interface acts as a Lambertian reflector of
diffuse light incident on the surface from below;

3. the Lambertian assumption also appears to be invoked when converting the downward
irradiance just above the interface into downward irradiance just below the interface
according to the relation F(07) = (1 — p)E(07) in Eqn. 4.28;

4. in general, the reflectance p is an apparent optical property that depends on illumination
conditions as well atmospheric IOPs and surface waves.

It should be emphasized that by using Eqn.4.26 instead of Eqn. 4.27 to compute the anisotropy
correction factor the assumptions enumerated above are entirely avoided.

4.7 Computation of water-leaving radiance and diffuse transmittance

The radiance emerging from the sea, that is, the water-leaving radiance, Lw(T(j_ TR (;5) was
computed using an RTM for the coupled atmosphere-water system as follows, to avoid invok-
ing any of the assumptions discussed above:

Lw(T;ra 61}7 Afb) = Lsea(T - Ta+7 91}7 A¢) - Lblack sea(T = Ta+; 01}; ¢) (4.29)

where

Lsea(T = 7_;_7 91)7 A¢)
is computed for a non-black sea, and
Lblack sea (7- = 7_;-’ 91}7 A¢)

is computed for a totally absorbing (black) sea.

To quantify the contribution of the radiance emerging from the sea to the TOA radiance
Ly 1oa(T = 0,0,, Ag), we computed the TOA radiance for a non-black ocean, Lgeq(T =
0,6y, ®), repeated the computation for a black (totally absorbing) ocean, Lpjqck sea(T =
0,0, ¢), and then computed the difference:

Lyroa(T =0,0y,A0) = Leeo(T = 0,04, A}) — Lijack sea(T =0,0,,0).  (4.30)
The upward diffuse transmittance was computed as the ratio:
t7(0y) = Luw,roa(T = 0,0,)/Ly(7y, 60). (4.31)
The downward diffuse transmittance was computed as:

t=(00) = Eq(7;5)/Eq(t = 0) (4.32)
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where Ey4(7,") is the downward irradiance at just above the surface and E4(7 = 0) is the
downward irradiance at TOA.
Finally, the two-way transmittance was computed as:

Eq(1}) y Lyroa(T =0,6,)
Ed(T = 0) Lw(sza ev)
Ly roa(T =0,0,)/E4(T =0)
Lw(th_v 0@)/Ed(7-(j_)

t(0y,00) =t~ xtT =

(4.33)



Chapter 5

Comparisons of Radiative Transfer Models (RTMs)

The purpose of this exercise was to test if two RTMs give the same top-of-the-atmosphere
(TOA) radiances and water-leaving radiances for the same input inherent optical properties
(IOPs) in the atmosphere and water.

5.1 Radiative Transfer Models

The purpose of radiative transfer models was to simulate TOA radiances, as well as water-
leaving radiances, L., for the coupled atmosphere-water system pertinent for turbid coastal
waters. Models used for this study are briefly reviewed below.

5.1.1 The AccuRT radiative transfer model

An RTM for the coupled atmosphere-water system (Jin and Stamnes 1994; Thomas and Stamnes
1999, Stamnes et al. 2017), can be used to quantify how TOA and L,, radiances depend on
atmospheric as well as water IOPs. The atmosphere and ocean were divided into several lay-
ers as required to resolve the vertical variation in the IOPs. This RTM for the coupled system,
AccuRT, is a well tested, reliable, and robust tool that was well suited for the creation of the
proposed synthetic dataset (Cohen et al. 2013, Hamre et al. 2014, Stamnes et al. 2018).

The Phase function moments are as described in Chapter 4.5.1.1. Using p = 0.04 for air,
we get f = %ﬁ = 0.923, and using p = 0.09 for water, we get f = }%ﬁ = 0.835. Hence,
for Rayleigh scattering the phase function moments become:

P xo=1, x1 =0, x2=0.0941, and x;, =0 for ¢ > 2 for air, and

* xo=1, x1=0, x2=0.0871, and x; =0 for ¢ > 2 for water.

The phase functions adopted for mineral and pigmented particles are as described in Chapter

4.5.2.5.

5.1.2 The PCOART model

He et al. (2007, 2010) have developed a vector RTM for the coupled ocean-atmosphere system
(PCOART), using the matrix-operator (or adding-doubling) method. The PCOART RTM includes
a rough air-water interface. The atmosphere and ocean are divided into several layers as
required to resolve the vertical variation in the IOPs. The PCOART RTM can calculate Stokes
vectors and irradiances at any layer boundary. The inputs to PCOART are the optical thickness,
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the single-scattering albedo, and the scattering phase matrix (or phase function for scalar
radiative transfer simulations) of each layer.

5.1.3 R10 simulations (IOCCG 2010)

We used the AccuRT model to simulate some of the results provided in IOCCG Report # 10
(IOCCG 2010), hereafter termed R10 simulations. As for the R10 simulations, 3 layers were
used: 2 layers in the atmosphere, and one layer in the ocean. The US standard atmospheric
profile was used. The upper layer (2-100 km) had only Rayleigh scattering. Since no gas
absorption was included in the R10 simulations, we ignored gas absorption in the results
shown here. The lower layer (0-2 km) contained a mixture of molecules and aerosols. As in
the R10 simulations, the Shettle/Fenn Maritime aerosol model with 80% humidity was adopted.
The water IOPs were generated using the CCRR bio-optical model (see Chapter 4.5), which in
addition to pure water includes pigmented particles (CHL), CDOM and non-pigmented particles
(MIN). Eight (8) SeaWiFS channels were simulated: 412, 443, 490, 510, 555, 670, 765, and 865
nm. The 3 ocean impurity parameters (CHL, CDOM, and MIN) were adjusted to match the
water-leaving radiances provided in R10 (I0OCCG 2010).

The following 3 examples are shown in Figs. 5.1 - 5.3: (i) open-ocean water, (ii) CDOM-
dominated water, and (iii) sediment-dominated water. In these simulations we used the same
atmospheric properties with an aerosol optical depth of 7365 = 0.1. The Sun-viewing geome-
try was chosen to be: a solar zenith angle of fy = 45°, a relative azimuth angle of A¢ = 90°,
and 5 viewing angles: # = 5°,25°,45°, 55°, and 65°.

0.04f\ \
A\ N\

TOA radiance
°
g
3
Water-leaving radiance

0.02-

400 450 500 550 600 650 700 750 800 850 900 400 450 500 550 600 650 700 750 800 850 900
Wavelength (nm) Wavelength (nm)

Figure 5.1 Left: TOA radiance. Right: water-leaving radiance. BLUE lines are from
AccuRT simulations and GREEN lines are from R10. Case 1 (open ocean) water: CCRR

parameters: CHL= 0.3 mg m™— 3 CDOM = 0.025 m~!, MIN = 0.1 gm -3
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Figure 5.2 Left: TOA radiance. Right: water-leaving radiance. BLUE lines are from
AccuRT simulations and GREEN lines are from R10. CDOM dominated water: CCRR pa-
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Figure 5.3 Left: TOA radiance. Right: water-leaving radiance. BLUE lines are from
AccuRT simulations and GREEN lines are from R10. Sediment dominated water: CHL=
0.0 mg m—3,CDOM = 0.3 m~ !, MIN = 3.5 g m 5.
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5.2 Test cases

As stated, the purpose of this exercise was to test if the AccuRT and PCOART RTMs gave the
same TOA radiances and water-leaving radiances for the same input inherent optical proper-
ties in the atmosphere and water. The following test cases were considered, each with increas-
ing complexity:

1. pure Rayleigh scattering atmosphere (no gas absorption) overlying a body of pure water
(no impurities) (see Figs. 5.4-5.8).

2. Rayleigh scattering atmosphere (no gas absorption) with an embedded layer of weakly
absorbing aerosol particles overlying a body of pure water (no impurities) (see Figs.
5.9-5.13).

3. Rayleigh scattering atmosphere (no gas absorption) with an embedded layer of weakly
absorbing aerosol particles overlying a body of pure water with pigmented particles as
the only embedded impurity (see Figs. 5.14-5.18).

4. Rayleigh scattering atmosphere (no gas absorption) with an embedded layer of weakly
absorbing aerosol particles overlying a body of pure water with pigmented particles and
mineral particles as the two embedded impurity components (see Figs. 5.19-5.23).

5. Rayleigh scattering atmosphere (no gas absorption) with an embedded layer of weakly
absorbing aerosol particles overlying a body of pure water with pigmented particles,
mineral particles as well as dissolved matter as the three embedded impurity compo-
nents (see Figs. 5.24-5.28).

5.2.1 Testcasel

This simple case was for an atmosphere with Rayleigh scattering only (no gas absorption)
overlying a flat water body with pure water (no impurities).

5.2.1.1 Wavelengths

8 SeaWiFS channels were used: 412, 443, 490, 510, 555, 670, 765, and 865 nm.

5.2.1.2 Atmosphere parameters

2 layers were used based on the US standard atmosphere:
Layer 1 (2-100 km): Includes only Rayleigh scattering (no gas absorption).
Layer 2 (0-2 km): Includes only Rayleigh scattering (no gas absorption).

5.2.1.3 Ocean parameters

One homogeneous 100 m deep ocean layer was adopted with pure water from the CCRR bio-
optical model: CHL = 0 mgm ™3, CDOM =0m ™!, MIN = 0 g m 5.
The bottom albedo was set to 0.0.
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Figure 5.5 Same as Fig. 5.4 except that A¢ = 45°.
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5.2.1.4 Comparisons

A comparison of results produced by the AccuRT and PCOART models are shown in Figs.
5.4-5.8 for 5 different relative azimuth angles (A¢ = 0°,45°,90°,135°, and 180°). Summary
results showed:

1. At TOA the agreement was very good: the curves lie on top of each other.

2. Just below the air-water interface the agreement was also good, but not perfect.

Wavelength 4120m Wavelength 443nm Wavelength 490nm Wavelength 510nm

] 20 40 6 80 100 o 20 40 60 80 100 o0 20 40 60 80 100 (] 20 40 60 80 100
Viewing angle Viewing angle Viewing angle Viewing angle
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(] 20 40 6 80 10 (] 20 40 & 80 100 (] 20 80 100 (] 20 80 100
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Viewing angle Viewing angle Viewing angle Viewing angle

Figure 5.6 Same as Fig. 5.4 except that A¢ = 90°.

5.2.2 Test case 2

This simple case was for an atmosphere with molecules (Rayleigh scattering, but no absorp-
tion) and aerosols overlying a flat water body with pure water (no impurities).

5.2.2.1 Wavelengths

8 SeaWiFS channels used were: 412, 443, 490, 510, 555, 670, 765, and 865 nm.

5.2.2.2 Atmosphere parameters

2 layers were used based on the US standard atmosphere:

Layer 1 (2-100 km): Includes only Rayleigh scattering (no gas absorption).

Layer 2 (0-2 km): Includes a mixture of molecules and aerosols.

Aerosol model: Shettle & Fenn’s Maritime model with RH = 80%. AOD: 7gg5 = 0.1.
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Figure 5.7 Same as Fig. 5.4 except that A¢ = 135°.
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Figure 5.8 Same as Fig. 5.4 except that A¢ = 180°.
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Figure 5.9 Comparison of TOA radiances as a function of polar viewing angle 6 for
A¢ = 0°. Solar zenith angle 6y = 45°. The BLUE lines are from AccuRT and the GREEN
lines from PCOART simulations. Test case 2: Rayleigh atmosphere mixed with aerosols.
Pure water (no impurities).

5.2.2.3 Ocean parameters

One homogeneous 100 m deep ocean layer was adopted with pure water from the CCRR bio-
optical model: CHL = 0 mg m~3, CDOM = 0 m~ !, MIN = 0 g m~3. The bottom albedo was
set to 0.0.

5.2.2.4 Comparisons

A comparison of results produced by the AccuRT and PCOART models are shown in Figs.
5.9-5.13 for 5 different relative azimuth angles (A¢ = 0°,45°,90°,135°, and 180°). Sum-
mary results showed:
1. Overall, the agreement was very good as can be seen from the plots.
2. The only significant difference, in the specular reflection direction (see Fig. 5.13) was
believed to be due to inclusion of the direct beam component in PCOART but not in
AccuRT.
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5.2.3 Test case 3

This case was for an atmosphere (identical to that of test case 2) overlying a flat water body
with pure water and pigmented particles (CHL) as the only impurity.

5.2.3.1 Wavelengths

8 SeaWiFS channels used were: 412, 443, 490, 510, 555, 670, 765, and 865 nm.

5.2.3.2 Atmosphere parameters

Same as in test case 2: Two-layer atmosphere with non-absorbing molecules in the upper layer
(2-100 km) and a mixture of non-absorbing molecules and weakly absorbing aerosols in the
lower layer (0-2 km).

5.2.3.3 Ocean parameters

One homogeneous 100 m deep ocean layer was adopted from the CCRR bio-optical model with
pure water and pigmented particles as the only impurity: CHL = 1.0 mg m 3, CDOM=0m™ !,
MIN = 0 g m~3. The bottom albedo was set to 0.0.

5.2.3.4 Phase function
To describe the angular variation of the scattering by pigmented particles, we used the Henyey-
Greenstein phase function given by:

1-— 92
(14 g% — 2g cos ©)3/2

with the asymmetry factor set to g = 0.95.

p(cos ©) = (5.1)

5.2.3.5 Comparison

A comparison of results produced by the AccuRT and PCOART models are shown in Figs.
5.14-5.18 for 5 different relative azimuth angles (A¢ = 0°,45°,90°, 135°, and 180°). Sum-
mary results showed:
1. Overall, the agreement was very good except for some discrepancies when the viewing
angle was equal to the angle of incidence.
2. As in the previous case, in the direction of specular reflection (see Fig. 5.18) there was
a significant difference believed to be due to inclusion of the direct beam component in
PCOART but not in AccuRT.

5.2.4 Test case 4

This case was for an atmosphere (identical to test case 2) overlying a flat water body with pure
water and embedded pigmented particles and mineral particles as the two impurity compo-
nents.
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Figure 5.14 Comparison of TOA radiances as a function of polar viewing angle 6 for
A¢ = 0°. Solar zenith angle 6y = 45°. The BLUE lines are from AccuRT and the GREEN
lines from PCOART simulations. Test case 3: Rayleigh atmosphere mixed with aerosols.
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Figure 5.15 Same as Fig. 5.14 except that A¢ = 45°.
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Figure 5.18 Same as Fig. 5.14 except that A¢ = 180°.

5.2.4.1 Wavelengths

8 SeaWiFS channels used were: 412, 443, 490, 510, 555, 670, 765, and 865 nm.

5.2.4.2 Atmosphere parameters

Same as in test case 2: two-layer atmosphere with non-absorbing molecules in the upper layer
(2-100 km) and a mixture of non-absorbing molecules and weakly absorbing aerosols in the
lower layer (0-2 km).

5.2.4.3 Ocean parameters

One homogeneous 100 m deep ocean layer was adopted from the CCRR bio-optical model with
pure water and embedded impurities CHL = 1.0 mg m’?’, CDOM = 0.0 m’l, MIN=1.0¢g m~5.
The bottom albedo was set to 0.0.

5.2.4.4 Comparison

A comparison of results produced by the AccuRT and PCOART models are shown in Figs.
5.19-5.23 for 5 different relative azimuth angles (A¢ = 0°,45°,90°, 135°, and 180°). Sum-
mary results showed:
1. Overall, the agreement was very good except for some discrepancies when the viewing
angle was close to the angle of incidence.
2. The upward radiances just beneath the water surface were close, except for at large
viewing angles.
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3. Asin the previous cases, in the direction of specular reflection (see Fig. 5.23) there was a
significant difference believed to be due to the inclusion of the direct beam component
in PCOART but not in AccuRT.
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Figure 5.19 Comparison of TOA radiances as a function of polar viewing angle 6 for
A¢ = 0°. Solar zenith angle 8y = 45°. The BLUE lines are from AccuRT and the GREEN
lines from PCOART simulations. Test case 4: Rayleigh atmosphere mixed with aerosols.
Pure water mixed with pigmented particles and mineral particles (no CDOM absorption).

5.2.5 Test case 5

This case was for an atmosphere (identical to test case 2) overlying a flat water body with
pure water and embedded pigmented particles, mineral particles as well as coloured dissolved
organic matter (CDOM).

5.2.5.1 Wavelengths

8 SeaWiFS channels used were: 412, 443, 490, 510, 555, 670, 765, and 865 nm.

5.2.5.2 Atmosphere parameters

Same as in test case 2: two-layer atmosphere with non-absorbing molecules in the upper layer
(2-100 km) and a mixture of non-absorbing molecules and weakly absorbing aerosols in the
lower layer (0-2 km).
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Figure 5.22 Same as Fig. 5.19 except that A¢ = 135°.
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Figure 5.23 Same as Fig. 5.19 except that A¢ = 180°.
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5.2.5.3 Ocean parameters

One homogeneous 100 m deep ocean layer was adopted from the CCRR bio-optical model with
pure water, CHL = 1.0 mg m >, CDOM = 1.0 m !, MIN = 1.0 g m 5.
The bottom albedo was set to 0.0, and the spectral variation of the CDOM absorption coefficient
was given by:

acpom(A) = CDOM X exp(—0.0176(\ — 443)). (5.2)

5.2.5.4 Comparison

A comparison of results produced by the AccuRT and PCOART models are shown in Figs.
5.24-5.28 for 5 different relative azimuth angles (A¢ = 0°,45°,90°, 135°, and 180°). Sum-
mary results showed:

1. Overall, the agreement was very good except for some small discrepancies for viewing
angles close to the angle of incidence.

2. The upward radiances just beneath the water surface were close. After adding CDOM,
the absorption was large in the visible bands. The largest upward radiance just beneath
the water surface was at 555 nm.

3. As in the previous cases, in the direction of specular reflection (see Fig. 5.28) there was
a significant difference, believed to be due to inclusion of the direct beam component
in PCOART but not in AccuRT.

Wavelength 5550 Wavelength 670nm Wavalength 7650m Wavalength 855

r
‘‘‘‘‘ " angle Viewing angle Viewing angle Viewing angle

Figure 5.24 Comparison of TOA radiances as a function of polar viewing angle 6 for
A¢ = 0°. Solar zenith angle 6y = 45°. The BLUE lines are from AccuRT and the GREEN
lines from PCOART simulations. Test case 5: Rayleigh atmosphere mixed with aerosols.
Pure water mixed with pigmented particles, mineral particles, and coloured dissolved
organic matter.
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Chapter 6

Match-up analyses

6.1 Extraction of match-up data

Validation of the selected AC algorithms was done via classic match-up analyses as described
in Bailey and Werdell (2006). SeaDAS L2 flags and flags provided by FUB were considered for
the match-ups exercise. The following conditions and steps were used to determine match-up
data:
1. A 1-hour interval between the satellite overpass and the AERONET-OC measurement
2. Extraction over a 3-by-3-pixel box centreed over the AERONET-OC station
3. Validity of 6 out of 9 pixels over the 3-by-3-pixel box
4. A coefficient of variability, CV, calculated by using the standard deviation divided by
the mean values over the 3-by-3-pixel box for R,(547)
5. A valid match-up if CV(R5(547)) < 0.2
6. Mean values calculated over the valid pixels
7. AERONET-OC data filtered to only include turbid waters as defined by Robinson et al.
(2003), using an R,s(667) > 0.0012 sr’!
Considering these 7 conditions and steps, only 889 match-ups remained out of a total of 2456
possible match-ups. Concha et al. (2021) studied the impact of the steps taken during se-
lection of match-up data, and concluded that the choice of validation protocol impacted the
statistics, making them difficult to compare with other studies that use different validation
protocols. By considering only the match-up data common across all AC algorithms, a result-
ing sub-set of 83 match-ups remained.

6.2 Statistical parameters on individual R, ()

To quantitatively evaluate the performance of each selected AC algorithm, the following sta-
tistical parameters were calculated:

sat __ pobs
1. Relative difference (RD) as mean absolute difference: 4 > ( 1OOXM)

R

sat _ Rpobs)2
Root-mean-square difference (RMSD): \/ (M)
Slope and intercept of thebregression line
inee L Ry —RY2®
Bias: Z(IOOXW)
Determination coefficient: R?
Overall difference (Pahlevan et al. 2021): with 8 = 100x sin(z) (1014 — 1) with Z =

SEE -
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Median(logio( ﬁf;gf )

7. Relative bias in log (Pahlevan et al. 2021): with a = 100x(10Y — 1) with Y =
sat
Median(|log1o( 225 )|)

b
Rbs

6.3 Statistical evaluation of the retrieved spectra

In addition to the classic statistical parameters listed in the previous section, investigations
were also performed on the shape of the retrieved spectra as follows:
< Quality Assurance Score (QAS; Wei et al. 2016): this parameter provided quantification
of the full R, spectrum quality of retrievals with regards to reference spectra. The val-
ues of QAS varied between 0 and 1, with 1 indicating that the retrieved spectra matched
the reference spectra.
X XQ: this parameter provided information about the full spectrum relative differences,
with desirable values closer to 0.
< The Spectral Angle Mapper (SAM; Kruse et al. 1993; Keshava 2004): this parameter
indicated the mean of the full spectrum difference between the retrieved R,s and in-situ
R,s spectra, with desired values closer to 0°.
This list is not exhaustive, as other parameters may be used to provide information about the
spectral shape of the R, retrievals. For example, Dierssen et al. (2022) developed the Quality
Water Index Polynomial (QWIP) score to provide levels of uncertainty about retrieved spectra.
The following wavelengths were considered in our analyses: 412, 443, 488, 531, 547, and
667 nm.

6.4 Ranking of the algorithms using a score scheme

A scoring scheme developed by Miiller et al. (2015) was used to classify and compare the
algorithms using a relative score (S). The scheme is based on: the slope and intercept of the
linear regression line; bias; root-mean-squared difference (RMSD); relative difference (RD); RQ;
and the number of valid match-up data points (/V). The highest possible score results from
the number of statistical parameters multiplied by the number of wavelengths. In our case,
this resulted in a maximal value of 42 (7 parameters by 6 wavelengths).

The total score, S;,:,1, was calculated using the sum of scores for each statistical param-
eter (Eqn. 6.1):

6

Stotal = Z(Sslope()\i) + Sintercept()\i) + SRMSD()\i) + SRD()\z) + Sbias()\i)
=1

+ Sr2(N) + Sn(Ni))  (6.1)

where each score (Sx) is a normalized value between 0 and 1 for each statistical parameter,
X. 0is given to the lowest value and 1 to the highest value. As the highest value for a given
statistical parameter was not always the most desirable score (e.g. relative difference is best at
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0 and not 1), a normalization was adopted for each score. The normalization was calculated
using Eqn. 6.2 for Sipiercept and Spiqs; Eqn. 6.3 for Sgp and Srarsp; Eqn. 6.4 for Sn; Eqn.
6.5 for Spe; and Eqn. 6.6 for Sgope.

(X (Ad)] = maz(|X (A

Sx(\;) = — (6.2)
M) = (X D) — maz( X ()
where X represents the intercept or bias.
B X (N\;) —mazx(X(\))
Sx () = e X)) = maz (X)) (©:3)
where X represents RD or RMSD.
_ N

. R2<)\l) — mm(R2()\Z))
S N) = R )] = min(R2(N) (©-)
|1 — slope(X;)| — max (|1 — slope(N;)]
min(1 — |slope(\;)|) — maz (1 — |slope(\;)|)

(6.6)

Sslope()\i) =

6.5 Optical water types

Optical water types (OWT) classify water masses depending on their optical properties (shape
of R,s and range of IOPs). Several algorithms exist to classify water types (Moore et al. 2009;
Vantrepotte and al. 2012; Hieronymi et al. 2023) and there is now an IOCCG working group
on the classification of optical water types in aquatic radiometry. For this report, a self-
organizing map (SOM, Kohonen 2013) was used to initially cluster the AERONET-OC and sim-
ulated datasets in an SOM topology map. Each sample was assigned to a node (cluster centre),
which represents one of the possible classes. For the input layer, normalized remote sensing
reflectances (R,s,) at 412, 443, 488, 531, 547 and 667 nm were used. The normalization was
done following Eqn 6.7

_ 2Rs(N) * Ries(V)
Rrs,(A) = 3 o(Rrs(\))

(6.7)

where R, is the normalized R,s spectrum, and RiTS and O'(RTS) are the mean and stan-
dard deviation of the R, spectra for the whole training dataset, respectively.

The classification of an OWT was based on the simulated dataset. The other initial param-
eters for the SOM were 100 training steps to cover the input space, an initial neighbourhood
size of 3, a hexagonal pattern for the topology function, and a layer-based distance function
between the layer’s neurons given their position.

A 3-by-3 architecture was initially selected for the SOM, but this was deemed insufficient
to cluster the different shapes of the R, spectra. The N-by-N architecture was increased one by
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Figure 6.1 R, spectra (black) and reference spectra (red) for each of nine optical water
types (OWT1 - OWT9) based on the simulated dataset.

one, until a 6-by-6 architecture was deemed sufficient. For each of the 6-by-6 nodes, the mean
R, spectrum was calculated. This spectrum was used as a reference to regroup the classes
based on the spectral shape. For each sample and each mean spectrum (36 in all), the Euclidean
distance was calculated, and the minimum distance was used to select the corresponding class
for each sample.

Re-grouping of the classes was done using a Hierarchical Ascending Classification (Niang
et al. 2006; El Hourany et al. 2019a, b) and the 36 mean spectra were assigned to 9 classes
based on the shape of each mean spectrum (Fig. 6.1). At this step, an emphasis was placed
on the contribution of each IOP to the R,s spectrum (Fig. 6.2 and Fig. 6.3). Classes 1 and 2
corresponded to highly turbid waters, with a clear plateau between 547 and 667 nm due to high
backscattering in the red, especially for class 1. For classes 3 and 4, R;s had a more triangular
shape, with a maximum at 547 nm and lower R;¢ in the blue than in the red, an indication
of waters with mixed composition. There was a gradual increase in the impact of pure water
absorption and scattering properties on the R, spectrum for classes 5 to 9, switching the peak
from green towards blue, and with an increase in the magnitude of R, at blue wavelengths.

This classification was applied to the match-up dataset. The reference spectra and the
AERONET-OC spectra for each OWT is shown for the individual match-up dataset in Fig. 6.4,
and for the common match-up dataset in Fig. 6.5. For both datasets, there are no AERONET-OC
spectra attached to the most turbid waters (OWT1 and OWT?2). For the common AERONET-OC
dataset (Fig. 6.5), there were no spectra attached to the most oligotrophic waters (OWT9).
Considering only turbid waters (Robinson et al. 2003), the number of spectra per OWT for
each dataset is provided in Table 6.1.
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Figurg 6.2 Values of chlorophyll-a (mg m~3), CDOM (m~') and mineral concentrations
(g m~3) for each optical water type.

Figure 6.3 Triangle diagram showing the distribution of the nine optical water classes
depending of the values of acpoar(443), apny (443) and a4, (443).
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Figure 6.4 Spectra (black) and reference spectra (red) for each optical water type based
on the AERONET-OC total dataset. The OWTs are the same as in Fig. 6.3: OWT1 to OWT9
reading from left to right, from upper-left to lower-right.

Figure 6.5 Spectra (black) and reference spectra (red) for each optical water type based
on the AERONET-OC common dataset. The OWTs are the same as in Fig. 6.3: OWT1 to
OWT9 reading from left to right, from upper-left to lower-right.

Table 6.1 Number of spectra per optical water types over the AERONET-OC match-ups

and simulated datasets

DATASET

OWT1

OWT2 | OWT3 | OWT4 | OWTS5 | OWT6 | OWT7 | OWT8 | OWT9
Individual match-up | 0 0 10 174 165 302 177 66 2
Common match-up 0 0 2 16 14 24 19 8 0
Simulated 53 369 1656 6399 1898 1577 113 236 0




Chapter 7

Results based on the in-situ dataset

In this section, the evaluation results for the in-situ dataset are presented for both the global
match-up dataset and for the match-ups that are common across all algorithms (the common
match-up dataset). The first dataset provides information about global statistics and is more
specifically focused on the number of match-ups. The second dataset allows for the direct
comparison of the statistics of the retrievals from the ten AC algorithms.

7.1 Individual spectra match-up analyses

The results for all individual match-ups obtained by each AC algorithm are presented in this
section. Fig. 7.1 shows scatterplots of the satellite-retrieved R,s vs the AERONET-OC in-situ
values for all ten AC algorithms. Table 7.1 provides the statistical results. The number of
match-ups, N (Table 7.1), varied from 242 for SWIRE to 896 for SS14. Negative R;s (Ng,, <0)
was also retrieved in the blue or red bands, as was the case for NASA-AC (6 at 412 nm), NIRSWIR
(3 at412 nm), MUMM (19 at 412 nm and 5 at 443 nm) and Polymer (1 each at 488, 531 and 547
nm). Other AC algorithms did not provide any negative results. These two parameters are of
high importance for global and regional time series, as we expect to use AC algorithms that
provide the highest number of match-ups without any negative values.

Fig. 7.1 shows that high scattering was observed at 412 and 443 nm for all AC models,
while scattering around the 1:1 line decreased at 488, 531 and 547 nm. This is a common
behaviour of AC algorithms (Goyens et al. 2013; Melin 2022). At 412 and 443 nm, some algo-
rithms provided high values of R,s for low AERONET-OC R, (e.g. UV-AC, SS14, SWIRE). Note
that UV-AC uses the band at 412 nm as a reference wavelength, to correct for the atmosphere.
This explains why R retrievals at this band were not as accurate for this model, compared to
412 nm retrievals from the others AC models.

Relative differences were highest at 412 nm (between 30% for FUB and 95% for SS14) and
443 nm (between 20% for NASA-AC and NIRSWIR and 78% for SWIRE). RD was lowest at 531
and 547 nm (between 12% for NASA-AC and NIRSWIR and 30% for FUB and SWIRE at 531 nm,
and between 11% for NASA-AC and 28% for FUB at 547 nm). Low values of the slope of the
regression line indicated high scattering, and was observed at 412 and 443 nm (between 0.29
sr—! for SWIRE and 0.86 sr— ! for NASA-AC at 412 nm and between 0.61 sr—! for UV and 0.96
st~ ! for NASA-AC at 443 nm). The closest values of the slope to 1 were obtained at 531 and
547 nm (between 0.75 st~ ! for SS14 and 1.00 sr~! for NASA-AC and NIRSWIR at 531 nm and
between 0.78 sr— ! for SS14 and 1.02 sr—! for NASA-AC and NIRSWIR at 547 nm). The values
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Figure 7.1 Scatterplots of the estimated R,s from all 10 AC algorithms vs in-situ Ry
from 412 (top left) to 667 nm (bottom right). The individual scatterplots are provided in
Appendix A.
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Table 7.1 Statistical results from comparing R, derived from various atmospheric cor-
rection algorithms and AERONET-OC data (RD - mean relative difference, RMSD - root
mean square difference, R?- regression, [3- overall difference, « - relative bias in log, N -
number of valid data/model/wavelengths, N<O - number of negative R, values).
‘ RD(%) ‘ RMSD(sr') Slope(sr'l) ‘ Intercept ‘ Bias(sr?) ‘ R? ‘ 5(%) ‘ (%) ‘ N ‘ N<O ‘
UV-AC
R.(412) | 67 0.00327 0.35 0.0026 -0.00042 0.11 | -40 244 620 | O
R,5(443) | 51 0.00291 0.61 0.0029 0.00069 0.39 | 22 142 620 | O
R,s(488) | 34 0.00286 0.81 0.0025 0.00103 0.65 | 15 107 620 | O
R.(531) | 23 0.00259 0.85 0.0012 -0.00011 0.71 -38 135 620 | O
Ris(547) | 23 0.00359 0.90 0.0009 -0.000005 | 0.71 | -44 137 620 | O
R,s(667) | 53 0.00164 0.92 0.0003 -0.00013 0.59 | -69 333 620 | O
SS14
R/s(412) | 95 0.00323 0.64 0.0394 0.00226 0.40 | 171 179 896 | O
R/s(443) | 50 0.00227 0.69 0.00298 0.00122 0.65 | 64 82 896 | O
R,s(488) | 26 0.00185 0.73 0.00250 0.00038 0.82 | 14 45 896 | O
Ris(531) | 20 0.00190 0.75 0.00248 0.00022 0.82 10 38 896 | O
R.s(547) | 18 0.00182 0.78 0.00222 0.00026 082 | 9 35 896 | O
R,5(667) | 23 0.00081 0.79 0.00037 -0.00014 0.82 | -17 57 896 | O
SWIRE
R.s(412) | 73 0.00273 0.29 0.00375 0.00017 0.13 | -13 122 242 | O
R/s(443) | 78 0.00331 0.64 0.00457 0.00239 0.53 | 106 107 242 | O
R,s(488) | 52 0.00333 0.86 0.00370 0.00253 0.77 | 76 76 242 | 0O
R,(531) | 30 0.00277 0.94 0.00231 0.00178 0.82 | 41 43 242 | O
R.s(547) | 27 0.00275 1.01 0.00165 0.00175 0.84 | 36 43 242 | 0O
R.x(667) | 60 0.00153 1.02 0.00099 0.00106 0.85 | 111 118 242 | O
MUMM
R,s(412) | 40 0.00200 0.68 0.000123 -0.000324 | 0.50 | -25 93 412 19
R,s(443) | 25 0.00158 0.83 0.000902 -0.000117 | 0.76 | -12 50 412 | 5
R,5(488) | 16 0.00145 0.91 0.000498 -0.000266 | 0.89 | -15 34 412 | O
Rys(531) | 13 0.00150 0.95 0.000176 -0.000337 | 0.90 | -13 28 412 | O
R.s(547) | 13 0.00144 0.97 -0.000007 | -0.000250 | 0.91 -11 26 412 | O
R.(667) | 29 0.00082 0.99 -0.000321 | -0.000336 | 0.90 | -62 97 412 | O
NASA-AC
Ris(412) | 33 0.00155 0.86 0.00052 0.00015 0.70 | -14 74 510 | 6
R,s(443) | 20 0.00121 0.96 0.00028 0.00004 0.87 | -0.5 38 510 | O
R,5(488) | 13 0.00121 0.98 0.0000 -0.00011 093 | -6 25 510 | O
R.s(531) | 12 0.00137 1.00 -0.00025 -0.00019 092 | -9 24 510 | O
Ris(547) | 11 0.00138 1.02 0.00039 -0.00015 092 | -8 23 510 | O
R.(667) | 24 0.00076 1.08 0.00043 -0.00023 0.92 | -45 69 510 | O
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NIRSWIR
R.s(412) | 32 | 0.00159 | 0.84 | 0.00072 -0.00005 0.69 | -9 68 431 3
R,s(443) | 20 | 0.00130 | 0.95 | 0.00047 | 0.00014 0.86 | 2 38 431 | O
R,s(488) | 13 | 0.00130 | 0.98 | 0.00015 -0.00003 092 | 4 25 431 | O
Ry(531) | 12 | 0.00145 | 1.00 | -0.00013 | -0.00010 091 | -7 26 431 | O
R.(547) | 12 | 0.00146 | 1.02 | -0.00028 | -0.00005 091 | -6 23 431 | O
R.s(667) | 25 | 0.00081 | 1.05 | -0.00033 | -0.00018 0.90 | 41 | 68 431 | O

Polymer
R,(412) | 31 | 0.00146 | 0.84 | 0.0012 0.00046 0.74 | 31 55 892 | O
R,5(443) | 21 | 0.00146 | 0.81 | 0.0012 0.00012 0.80 | 12 38 892 | 0
R,.s(488) | 17 | 0.00183 | 0.79 | 0.0014 -0.00022 0.81 | -2 30 892 1
R.(531) | 16 | 0.00220 | 0.78 | 0.0014 -0.00057 0.76 | -12 | 33 892 | 1
R.s(547) | 16 | 0.00216 | 0.82 | 0.0013 -0.00029 0.75 | -6 29 892 1
R.(667) | 28 | 0.00089 | 0.85 | 0.00003 | -0.00033 0.80 | 47 | 76 892 | 0

FUB
Ris(412) | 30 | 0.00152 | 0.70 | 0.0013 -0.00014 0.66 | -1 70 721 | O
R,s(443) | 25 | 0.00162 | 0.73 | 0.0013 -0.00023 074 | 4 62 721 | O
R/s(488) | 31 | 0.00244 | 0.94 | 0.0019 0.00144 0.81 | 53 60 721 | O
R.(531) | 30 | 0.00310 | 1.10 | 0.0013 0.00220 0.83 | 62 64 721 | O
Ris(547) | 28 | 0.00327 | 1.16 | 0.0007 0.00216 0.81 59 61 721 | O
R(667) | 28 | 0.00119 | 1.30 | -0.00045 | 0.00029 0.84 | 11 63 721 | O
OC-SMART

R.(412) | 35 | 0.00209 | 0.70 | 0.0011 -0.00026 049 | -21 | 76 895 | 0
R.s(443) | 23 | 0.00165 | 0.80 | 0.00087 -0.00027 0.75 | -14 | 49 895 | O
R,(488) | 15 | 0.00162 | 0.87 | 0.0075 -0.00028 0.85 | -11 | 28 895 | 0
R.s(531) | 14 | 0.00179 | 0.87 | 0.00068 -0.00055 0.85 | -16 | 27 895 | O
Rys(547) | 13 | 0.00171 | 0.93 | 0.00044 | -0.00022 0.85 | -9 24 895 | 0
R.(667) | 29 | 0.00082 | 0.88 | -0.00014 | -0.000430 | 0.86 | -74 | 86 895 | 0

C2RCC
Ri(412) | 37 | 0.00225 | 0.48 | 0.0012 -0.00114 043 | -71 | 122 | 786 | O
R/s(443) | 34 | 0.00247 | 0.54 | 0.0017 -0.00084 0.46 | -27 | 99 786 | O
R,(488) | 35 | 0.00295 | 0.67 | 0.0027 0.00024 0.53 | 23 86 786 | O
R.(531) | 25 | 0.00259 | 0.84 | 0.0023 0.00082 0.70 | 31 56 786 | O
R.(547) | 23 | 0.00253 | 0.92 | 0.0018 0.00103 0.74 | 29 | 46 786 | O
R.(667) | 29 | 0.00106 | 0.71 | 0.0002 -0.00050 0.77 | -88 | 98 786 | O
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Figure 7.2 Right panel: Variation of the relative difference (RD) as a function of wave-
length. Left panel: Variation of the RMSD as a function of wavelength

of the slope were correlated with the R? values, with lowest R? at 412 (between 0.13 for UV and
0.74 for Polymer) and 443 nm (between 0.39 for UV and 0.87 for NASA-AC) and the highest
R? at 531 (between 0.70 for C2RCC and 0.92 for NASA-AC) and 547 nm (between 0.71 for UV
and 0.92 for NASA-AC). As UV-AC was mainly applicable for highly turbid waters, it is not
surprising that its performance was lower for match-ups with the in-situ dataset, which only
covers low-to-moderately turbid waters.

Variation of RD and RMSD as a function of wavelength are shown in Fig. 7.2. For RD, a
smiley shape was observed, as mentioned by Jamet et al. (2011), Goyens et al. (2013) and Melin
(2022). This shape is a direct result of overall lower R;¢ in the blue and NIR and higher R;s in
the green for the underlying and predominant OWTs 4-6 (Fig. 6.4). Lower absolute values were
usually associated with higher relative differences and vice versa. However, some algorithms
were less sensitive to wavelength in term of RMSD (NIRSWIR, NASA-AC and OC-SMART) while
others were very sensitive to wavelengths (FUB, Polymer, UV-AC, SWIRE, C2RCC). The shape of
the predominant OWTs 4-6 were reproduced by the absolute differences of Polymer and FUB.

A spider plot of all statistical parameters (except the intercept of the regression line) is
shown in Fig. 7.3, which provides an overview of the performance of each algorithm. The
values of the statistical parameters were normalized so that 1 represented the best value of
a given statistical parameter and O represented the worst value. Thus, the best overall AC
algorithm over our in-situ dataset was the algorithm with the maximum number of 1s. The
accuracies of the AC algorithms depended on the wavelength (Fig. 7.3). In the blue bands
(412 and 443 nm), NASA-AC, NIRSWIR, and Polymer were the most accurate. At 667 nm,
the statistical parameters were not overall consistent and most of the algorithms did not
provide accurate retrievals of R,s. At 531 and 547 nm, NASA-AC, NIRSWIR, OC-SMART, and
MUMM provided accurate retrievals. Overall, NASA-AC, NIRSWIR and OC-SMART were the most
accurate AC algorithms when applied to our in-situ dataset covering low-to-moderate turbid
waters.
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Figure 7.3 Spider-plot of the normalized statistical parameters as a function of wave-
length. Colours correspond to AC model colours used in previous figures.
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Table 7.2 Values of the statistical parameters calculated over the entire spectra. The
bold value highlights the best value for a given statistical parameter.

ALGORITHMS | QAS | X° (%) | SAM(°) | Sww

UV-AC 0.78 | 43.73 | 9.70 18.24
SS14 0.91 | 48.14 | 9.10 27.61
SWIRE 0.82 | 3292 | 8.18 15.91
MUMM 0.95 15.30 5.59 34.59
NASA-AC 0.96 11.01 4.98 38.15
NIRSWIR 0.96 | 10.70 | 4.77 37.55
Polymer 0.97 | 9.59 5.08 35.26
FUB 0.93 20.03 6.91 29.31
OC-SMART 0.97 10.66 491 36.34
C2RCC 0.94 | 4741 | 9.11 26.45

The results of statistical analysis by spectral shape (QAS, Xz’ SAM) are shown in Table 7.2.
The retrieved spectra is compared to the reference spectra through the QAS parameter (Wei
et al. 2016). Most of the algorithms retrieved realistic spectra with values of QAS higher than
0.95 for MUMM, NIRSWIR, NASA-AC, Polymer and OC-SMART. Two algorithms showed less
realistic spectra with QAS values of 0.78 (UV) and 0.82 (SWIRE). X2 and SAM compared the
retrieved spectra to in-situ spectra. NIRSWIR, NASA-AC, Polymer, and OC-SMART presented
the lowest values (10.70%, 11.01%, 9.59% and 10.66% for XQ; 4.77°, 4.98°, 5.08° and 4.91° for
SAM). Three algorithms (UV, SS13, C2RCC) showed values of X2 greater than 40% (43.73%,
48.14% and 47.41%) and values of SAM greater than 9°(9.70°, 9.10° and 9.11°).

Calculation of the overall score (Miiller et al. 2015) considered the accuracies per wave-
length and the shape of the spectra (Table 7.2). The maximum value of the score was 42. One
group of AC algorithms had Syt values higher than 35 [NASA-AC (38.15), NIRSWIR (37.55),
Polymer (35.26) and OC-SMART (36.34)]. Another group had low values, less than 20 (UV-AC
(18.24) and SWIRE (15.91)).

Regarding the statistical parameters for each OWT, only classes 3-9 were included as there
were no match-ups for classes 1-2, which corresponded to the most turbid OWTSs. S}z for the
OWTs are provided in Table 7.3. Only four ACs provided retrievals for OWT9: SS14, Polymer,
OC-SMART and C2RCC. However, OWT9 represented the least turbid optical waters and only
two match-ups concerned this OWT, so the results should be read with caution. Only NIRSWIR
had values greater than 30 for all OWTs. Both NASA-AC and OC-SMART had values of Siytal
greater than 30 for OWT 3-7, and values close to 30 (29.87 and 28.49, respectively) for OWTS.
SS14 showed similar values of Sy for all OWT (around 27), which was not the case for MUMM,
Polymer, FUB and C2RCC.
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Table 7.3 S, Values for all AC as a function of optical water types (OWT). The bold
value highlights the best value for a given OWT.

OWT1 | OWT2 | OWT3 | OWT4 | OWT5 | OWT6 | OWT7 | OWT8 | OWT9
UV-AC 0 0 21.17 22.87 18.50 20.68 18.84 21.75 0
SS14 0 0 27.30 27.50 28.09 26.50 27.21 28.51 32.60
SWIRE 0 0 24.65 10.11 18.34 10.09 10.38 20.80 0
MUMM 0 0 28.76 33.47 34.42 34.83 29.42 24.61 0
NASA-AC 0 0 32.81 38.86 38.45 37.79 33.46 29.87 0
NIRSWIR 0 0 33.73 36.88 37.87 36.20 33.35 30.00 0
Polymer 0 0 29.62 36.02 25.29 33.98 21.29 25.57 20.39
FUB 0 0 21.46 28.18 25.53 26.85 24.98 21.60 0
OC-SMART | 0 0 34.63 37.01 31.76 35.94 30.44 28.49 19.24
C2RCC 0 0 29.27 24.16 22.47 26.90 25.13 27.47 31.72

7.2 Common match-up analyses

In the previous section, we examined the performance of the AC algorithms on their overall
match-up dataset. Here we directly compare the AC algorithms using only those dates and
locations that are common to all algorithms (common match-ups). As SWIRE provided the
least number of match-ups (N=242), the common match-up dataset was reduced to N=83
values. Despite the smaller size, this dataset provided a direct comparison of the statistical
parameters between the ten AC algorithms.

Scatterplots per wavelength are displayed in Fig. 7.4 for the common match-up dataset
(similar to Fig. 7.1). Similar to the overall dataset, there was high scattering in the blue bands
(412 and 443 nm) and scattering decreased at 531 and 547 nm. UV-AC, SS14 and SWIRE
showed very high values of retrieved R, compared to in-situ data at 412 and 443 nm. All
algorithms appeared to provide similar R,s from 488 to 667 nm, except for FUB and C2RCC
which provided high values for in-situ R.s>0.2 sr'! for a few points at 531, 547 and 667 nm.

All statistical parameters per wavelength are provided in Table 7.4 (similar to Table 7.1).
For the common match-up dataset, no algorithm provided negative values of R,s. All statistical
values were better, indicating that all algorithms provided more accurate retrievals of R,s on
the common match-up dataset. Five AC algorithms (NASA-AC, NIRSWIR, MUMM, Polymer, OC-
SMART) provided accurate retrievals at 488, 531 and 547 nm (Table 7.4 and Fig. 7.4), with RD
lower than 15% and R® higher than 0.86 at those three wavelengths. The other five algorithms
(UV-AC, SS14, SWIRE, FUB and C2RCC) provided retrievals with RD higher than 24% for those
wavelengths. At412 nm, low accuracies were obtained for three algorithms (UV-AC, SWIRE and
S$S14) with RD higher than 40%, leading to low slopes (lower than 0.6) and low R? (lower than
0.51). Five algorithms (NASA-AC, NIRSWIR, Polymer, FUB and OC-SMART) provided accurate
retrievals in the blue bands with low RD (lower than 23% at 412 nm and lower than 20% at
443 nm). FUB provided accurate retrievals at 412 and 443 nm but less accurate retrievals
between 488 and 547 nm. This behavior was in contrast to the other AC algorithms, which
tended to have higher differences in the blue bands than in the green and red bands. NASA-AC,



Results based on the in-situ dataset ® 75

Figure 7.4 Scatterplots of the AC algorithm estimated Rrs vs in-situ Rrs from 412 (top
left) to 667 nm (bottom right). Individual scatterplots are provided in Appendix C.
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Figure 7.5 (a) Variation of the RD as a function of wavelength, (b) Variation of the RMSD
as a function of wavelength.

NIRSWIR and OC-SMART were not very sensitive to wavelength, providing accurate retrievals
at all bands with RMSD and RD varying slightly between bands (Fig. 7.5).

Fig. 7.6 presents all statistical parameters as a spider plot (same as Fig. 7.3). For A=412,
443 and 488 nm, four algorithms (NASA-AC, NIRSWIR, OC-SMART, FUB) showed the best over-
all performance for the five statistical parameters considered. For A=667 nm, SWIRE and
C2RCC appeared to be the least accurate, while NIRSWIR, NASA-AC, OC-SMART and FUB ap-
peared to be the most accurate (despite their slopes). For A=531 and 547nm, SWIRE and
C2RCC were the least accurate, while MUMM NASA-AC, NIRSWIR, and OC-SMART were the AC
algorithms with the best overall statistical parameters.

Table 7.5 provides the statistical parameters on the shape of the retrieved spectra com-
pared to the in-situ spectra (same as Table 7.2). For all parameters, the algorithms can be
partitioned into three groups depending on values. For Soiai: 1) Siora1 <20 (SWIRE, C2RCC); 2)
20=<S;ota1<35 (UV-AC, SS14, MUMM, FUB, Polymer); and 3) S;ota1>37 (NASA-AC, NIRSWIR and
OC-SMART). In terms of shape, the vast majority of the algorithms provided accurate spectra
compared to reference spectra with values of QAS >0.90, except for UV-AC (QAS=0.89) and
SWIRE (QAS=0.81). Results were similar to the individual match-up dataset for x? and SAM.
For X2, algorithms clustered as follows: 1) X2>2O% (UV-AC, SS14 and C2RCC); 2) 105)(2520%
(SWIRE, MUMM, Polymer and FUB); and 3) 10%> X2 (NASA-AC, NIRSWIR and OC-SMART). For
SAM, the algorithms clustered with: 1) SAM>8° (SS514 and C2RCC); 2) 5°<SAM<8° (UV-AC,
SWIRE, MUMM and FUB); and 3) SAM<5° (NASA-AC, NIRSWIR, Polymer and OC-SMART).

As for the individual match-up dataset, the statistical parameters for each OWT were stud-
ied. Only classes 3-8 are included here as SWIRE did not provide any match-ups for OWT9.
Values of Sya are provided in Table 7.6. The majority of match-ups were available for OWT6-7
(Table 6.1), which were less turbid waters. There were only a few match-ups (2) for OWT3. Re-
sults of Sy (Table 7.6) were slightly different than for the individual match-up dataset. Siyal
decreased for all AC algorithms for OWT3. This might be explained by the very low number
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Table 7.4 Statistical results from comparing R, derived from various atmospheric cor-
rection algorithms and AERONET-OC data for the common match-up dataset (RD - mean
relative difference, RMSD - root mean square difference, R*- regression, (3- overall differ-
ence, « - relative bias in log, N - number of valid data/model/wavelengths

‘ RD(%) ‘ RMSD (sr') Slope (sr'h) Intercept | Bias (sr'h) ‘ B %) ‘ o (%) ‘ R? ‘ N ‘

UV-AC
R,(412) | 44 0.00273 0.25 0.0005 -0.0008 -43 137 0.11 | 83
Ris(443) | 33 0.00222 052 0.0018 0.0001 1 57 0.48 | 83
R.s(488) | 19 0.00187 0.78 0.0014 0.0002 2 27 0.81 | 83
R.(531) | 16 0.00200 0.89 -0.0003 -0.0009 -28 39 0.87 | 83
R.s(547) | 16 0.00188 0.97 -0.0010 -0.0007 -22 34 0.88 | 83
R,s(667) | 34 0.00094 0.99 -0.0007 -0.0006 -120 137 0.93 | 83

SS14

R.s(412) | 74 0.00318 0.56 0.00514 0.00264 136 136 0.51 | 83
R,s(443) | 40 0.00216 0.71 0.00361 0.00159 45 45 0.78 | 83
R,5(488) | 19 0.00148 0.80 0.00238 0.00047 5 24 0.90 | 83
Ry(531) | 13 0.00148 0.87 0.00159 0.00003 2 22 0.91 | 83
Ri(547) | 11 0.00132 0.92 0.00089 0.000006 -1 23 0.93 | 83
R.(667) | 19 0.00068 0.91 -0.00005 -0.00032 -31 47 0.95 | 83

SWIRE
R.s(412) | 47 0.00253 0.27 0.00359 -0.000542 | -37 112 0.14 | 83
R.s(443) | 47 0.00264 0.61 0.00439 0.00171 54 55 0.57 | 83
R,s(488) | 34 0.00276 0.82 0.00368 0.00198 47 47 0.80 | 83
Ris(531) | 21 0.00233 0.93 0.00202 0.00124 23 32 0.85 | 83
R.s(547) | 20 0.00239 1.00 0.00131 0.00136 25 34 0.87 | 83
R,s(667) | 39 0.00112 1.05 0.00057 0.00072 65 69 0.91 | 83

MUMM
R.s(412) | 33 0.00215 0.49 0.00233 -0.00056 -18 85 0.36 | 83
R,5(443) | 22 0.00169 0.73 0.00170 -0.00018 -8 49 0.70 | 83
R/5(488) | 14 0.00153 0.87 0.00086 -0.00034 -9 27 0.88 | 83
Ris(531) | 11 0.00149 0.96 -0.00004 -0.00048 -13 23 0.92 | 83
R.s(547) | 10 0.00137 1.01 -0.00051 -0.00040 -12 21 0.94 | 83
R.(667) | 28 0.00083 1.04 -0.00052 -0.00040 -44 82 0.93 | 83

NASA-AC

Ris(412) | 22 0.00148 0.78 0.0011 -0.00017 -11 41 0.68 | 83
R.s(443) | 14 0.00126 0.94 0.0005 0.00012 -5 26 0.84 | 83
R,s(488) | 10 0.00126 1.00 -0.00008 -0.00011 -6 20 0.92 | 83
R.s(531) | 10 0.00141 1.05 -0.0008 -0.00030 -11 22 0.93 | 83
Ris(547) | 9 0.00136 1.09 -0.0012 -0.00024 -10 19 0.95 | 83
R,(667) | 23 0.00076 1.15 -0.0007 -0.00028 -54 59 0.96 | 83




78 e Evaluation of Atmospheric Correction Algorithms over Turbid Waters

NIRSWIR
R, (412) | 22 | 0.00143 | 0.80 | 0.0010 -0.00011 | -1 43 0.69 | 83
Ris(443) | 15 | 0.00120 | 0.95 | 0.0005 0.00016 | 8 26 0.86 | 83
R,5(488) 11 | 0.00120 | 1.00 | -0.0001 -0.00009 | -6 22 093 | 83
Ri(531) | 10 | 0.00135 | 1.05 | -0.0008 -0.00029 | -11 | 23 0.94 | 83
Ris(547) | 9 0.00130 | 1.09 | -0.0012 -0.00022 | -10 | 20 0.95 | 83
R.(667) | 23 | 0.00070 | 1.14 | -0.0007 -0.00028 | -53 | 57 0.96 | 83

Polymer
Ris(412) | 23 | 0.00148 | 0.84 | 0.0013 0.00038 21 54 0.70 | 83
Ris(443) | 19 | 0.00147 | 0.80 | 0.0015 0.00010 | 8 35 0.77 | 83
R,5(488) 15 | 0.00174 | 0.82 | 0.0014 -0.00033 | -7 30 0.84 | 83
Ris(531) | 14 | 0.00214 | 0.86 | 0.0007 -0.00084 | -17 | 32 0.84 | 83
R,5(547) 13 | 0.00209 | 0.93 | 0.0003 -0.00057 | -8 25 0.84 | 83
R.(667) | 26 | 0.00085 | 0.95 | -0.0004 -0.00054 | -68 | 77 0.93 | 83

FUB
Ry (412) | 23 | 0.00152 | 0.74 | 0.00139 | -0.00007 | -5 50 0.65 | 83
R,(443) | 20 | 0.00153 | 0.79 | 0.00139 | -0.00004 | -1 43 0.75 | 83
R/(488) | 31 | 0.00282 | 1.00 | 0.00217 | 0.00215 60 | 60 0.84 | 83
Ris(531) | 29 | 0.00365 | 1.17 | 0.00098 | 0.00286 74 74 0.88 | 83
Ris(547) | 27 | 0.00389 | 1.28 | -0.00037 | 0.00273 63 63 0.87 | 83
Ris(667) | 25 | 0.00165 | 1.45 | -0.00096 | 0.00041 1 73 091 | 83
OC-SMART

R, (412) | 22 | 0.00144 | 0.70 | 0.00120 -0.0005 -21 52 0.71 | 83
R,5(443) 15 | 0.00116 | 0.83 | 0.00069 -0.0005 -17 | 33 0.88 | 83
R/(488) | 10 | 0.00112 | 0.91 | 0.00044 | -0.0004 -11 | 19 0.94 | 83
R.s(531) 9 0.00137 | 0.93 | 0.00008 -0.0007 -14 | 19 0.94 | 83
R.s(547) | 8 0.00119 | 1.01 | -0.00044 | -0.0003 -8 15 0.95 | 83
R.(667) | 24 | 0.00073 | 0.96 | -0.00042 | -0.0005 72 | 72 0.96 | 83

C2RCC
Ry (412) | 35 | 0.00222 | 0.50 | 0.00017 | -0.0011 -87 | 139 | 043 | 83
Ris(443) | 33 | 0.00240 | 0.54 | 0.00251 -0.0007 -28 | 88 0.45 | 83
Ry5(488) | 35 | 0.00335 | 0.59 | 0.00450 | 0.0007 22 66 0.45 | 83
R,s(531) 26 | 0.00358 | 0.70 | 0.00417 0.0009 30 46 0.55 | 83
Ris(547) | 24 | 0.00362 | 0.77 | 0.00346 | 0.0009 29 | 49 0.57 | 83
R,5(667) 29 | 0.00161 | 0.62 | 0.00029 -0.0009 -98 | 103 | 0.73 | 83
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Figure 7.6 Spider-plot of the normalized statistical parameters as a function of wavelength.
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Table 7.5 Values of the statistical parameters calculated over the entire spectral range.
The bold value highlights the best value for a given statistical parameter.

ALGORITHMS | QAS | X% (%) | SAM() | St

UV-AC 0.89 | 2430 | 7.70 26.83
SS14 0.92 | 21.94 | 8.96 29.24
SWIRE 0.81 | 16.76 | 7.03 20.95
MUMM 0.96 | 13.83 | 5.32 34.28
NASA-AC 0.96 | 6.91 3.95 38.76
NIRSWIR 0.96 | 7.01 3.98 39.24
Polymer 0.97 | 11.10 4.97 34.34
FUB 0.95 | 14.90 | 6.32 25.06
OC-SMART 0.97 | 7.56 4.09 38.69
CR2CC 0.95 | 33.20 | 833 15.58

Table 7.6 Sy Values for all AC algorithms as a function of OWT. Bold highlights the
best value for a given parameter.

OWT1 | OWT2 | OWT3 | OWT4 | OWT5 | OWT6 | OWT7 | OWT8 | OWT9
UV-AC 0 0 20.71 31.72 23.68 19.41 22.62 18.65 0
SS14 0 0 16.72 26.75 26.03 25.59 31.17 37.41 0
SWIRE 0 0 18.14 21.90 18.05 10.39 25.11 35.39 0
MUMM 0 0 18.39 33.32 33.72 34.69 29.16 22.80 0
NASA-AC 0 0 14.51 39.80 40.37 37.08 36.23 28.21 0
NIRSWIR 0 0 21.69 39.09 39.58 37.08 36.23 28.21 0
Polymer 0 0 24.21 37.23 24.78 31.07 29.01 12.87 0
FUB 0 0 12.37 26.79 24.80 23.93 24.41 24.05 0
OC-SMART | 0 0 26.02 40.56 35.42 37.17 28.98 26.76 0
C2RCC 0 0 18.37 15.29 17.40 29.88 11.13 20.19 0

of match-ups for this OWT. For OWT4-7, NIRSWIR and NASA-AC showed S;a Values greater
than 36. Siota Values tended to decrease from OWT4 to OWTS8. This can be explained by the
fact that all AC algorithms in this study were designed to deal with moderate to very turbid
waters, while the turbidity of the OWTs decreased from OWT3 to OWTS.

7.3 Sensitivity studies

The AOT at 869 nm (7(869)) and turbidity of coastal waters via SPM concentrations were ex-
amined for each algorithm. 7(869) was directly measured by the AERONET-OC stations. SPM
was estimated from corresponding in-situ R, using the algorithm of Han et al. (2016). The
algorithm uses a switching threshold to better estimate the lower and higher values of SPM at
R,(667), and showed good performance in coastal waters (Subirade et al. 2024).

Ideally, a sensitivity study should be done by fixing all parameters except one. In the
case of the AERONET-OC in-situ data, this was difficult to achieve, as information on other co-
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varying constituents such as CDOM and chlorophyll-a (chl-a) were not measured. Therefore,
the sensitivity of the relative R,¢ difference as a function of 7(869) may include any possible
water quality combination (SPM, chl-a, CDOM) and sun/observing geometry for each AOT bin.
The same is true for the R, difference sensitivity as a function of SPM, which may include any
possible CDOM, chl-a, 7(869) and sun/observing geometry combination for each SPM bin. As
this sensitivity analysis therefore remains inconclusive, we refer hereafter to the use of SPM-
and 7(869)-proxies.

The ratio of R,s commonly used for chl-a concentration: g:zggi%, g:zggiig and g;:ggi%
(O'Reilly et al. 1998, 2019) are also presented.

7.3.1 Individual spectra match-up dataset
7.3.1.1 Sensitivity to 7(869)-proxy

Variation of RD on the retrieval of R5()) as a function of 7(869)-proxy for all ten algorithms
is shown in Fig. 7.7. Two groups of algorithms emerged: a first group (NASA-AC, NIRSWIR,
MUMM, Polymer, OC-SMART, UV-AC) for which RD was slightly dependent on the 7(869)-proxy;
and a second group (SWIRE, SS14, FUB) for which the accuracy of the retrievals was highly
dependent on the 7(869)-proxy. This was particularly true for bands between 412 and 488
nm.

7.3.1.2 Sensitivity to SPM-proxy

Variation of RD as a function of SPM that includes the variability of all other parameters is
shown in Fig. 7.8. For all algorithms, the shape of RD had a smiley form, which meant that
they provided better retrievals for a specific range of SPM values. As for the 7(869)-proxy, the
same two groups of algorithms emerged based on sensitivities to SPM-proxy values.

7.3.1.3 Estimation of R, ratios

Fig. 7.9 shows the Ry()\) ratios commonly used in chl-a retrieval algorithms versus the in-
situ as estimated by the ten AC algorithms. R.s()) ratios can be of high quality even when
individual retrievals of R.s()\) show high differences. Thus, it was necessary to investigate

the potential impact of retrieval differences on the estimation of chl-a concentration or SPM.
As expected, high scattering around the 1:1 line was observed for %, especially for
UV-AC, SS14 and SWIRE. This was related to the large differences observed at 443 nm for

these algorithms. In contrast, NASA-AC, NIRSWIR and OC-SMART showed less scattering for
this ratio. Scattering around the 1:1 line decreased as A increased. For %, most of
the AC algorithms provided estimates close to the 1:1 line, except for values higher than 1.3
or less than 0.75. All algorithms tended to overestimate low values of %. This was
in accordance with the statistical parameters (Table 7.7) which showed a decrease in slopes
Rrs(488) 4 Rrs(531)

between 7%=/ Rrs (547)

for all algorithms.
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Figure 7.7 Variation of the RD as a function of the aerosol optical thickness 7(869)-
proxy for each wavelength.
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Figure 7.8 Variation of RD as a function of the suspended particulate matter (SPM)-
proxy for each wavelength.

Figure 7.9 Scatterplot of the retrieved versus in-situ ratios of R,s over the individual

match-up dataset: left panel:%; middle panel: %; right panel: %.

Individual scatterplots for each algorithm are provided in Appendix B.
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Table 7.7 Statistical results from R, ratios derived from AC algorithms and AERONET-
OC individual match-up dataset (RD - mean relative difference, RMSD - root mean square
difference, R%- regression)

‘ RD(%) ‘ RMSD ‘ Slope ‘ Intercept ‘ Bias ‘ R? ‘
UV-AC
rets | 38 0279 | 0.54 | 041 0131 | 0.14
retle | 24 0233 | 0.84 | 0.29 0163 | 0.49
R | 4 0.051 | 0.78 | 0.21 0.003 | 0.63
ss14
ReG | 33 0.215 | 0.61 | 0379 0.1408 | 0.34
ret | 1 0.108 | 0.66 | 0.321 0.0352 | 0.71
red | 4 0.047 | 055 | 0454 0.0026 | 0.65
SWIRE
meGw | 37 0.234 | 048 | 0485 0.157 | 0.25
mea | 19 0.168 | 0.66 | 0.416 0.125 | 0.66
A= | 30043 | 0.63 | 0380 | 00108 | 072
MUMM
e | 17 0129 | 0.73 | 0.183 0.0159 | 0.48
mea | 7 0.076 | 0.83 | 0.145 0.0023 | 0.81
e lE 0.041 | 0.65 | 0.345 10.0058 | 0.70
NASA-AC
reem | 15 0.109 | 0.79 | 0.147 0.0225 | 0.61
ree | 7 0.069 | 0.86 | 0.120 0.0063 | 0.86
o lE 0.039 | 0.71 | 0.290 0.0022 | 0.74

Rya(443)
Rr.(317) ©
\ R,s(443)
SWIR and OC-SMART) and 38% (UV-AC) for Rrs (547)
Rrs(547) )

Rys(531)
Rys(547)

and between 3% (NASA-AC, NIRSWIR,

RD and RMSD values decreased from

. RD varied between 14% (NIR-

MUMM and SWIRE) and 6% (C2RCC) for

7.3.2 Common spectra match-up dataset

Similar types of sensitivity studies were conducted for the common match-up dataset.

7.3.2.1 Sensitivity to 7(869)-proxy

Variation of RD as a function of 7(869)-proxy values are shown in Fig. 7.10. Values of 7(869)
were limited to 0.15 for the common match-up dataset, compared to up to 0.28 for the in-
dividual match-up dataset. The results and trends were similar to those for the individual
match-up datasets. Three main groups of algorithms were observed. The first group (UV-
AC, SS14, SWIRE) showed high sensitivity to 7(869)-proxy values as RD increased, with higher
values of 7(869)-proxy for all wavelengths. The second group (NIRSWIR, NASA-AC, MUMM,
Polymer, OC-SMART) showed low sensitivity to 7(869)-proxy values. The third group (FUB)
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NIRSWIR
Rty | 14 | 0.108 | 078 | 0.161 | 0.0274 | 0.60
wlaar | 6 | 0.068 | 086 | 0.127 | 0.0075 | 085
R=Ga | 3] 0037 | 071 | 0287 | -0.0031 | 0.72
Polymer
R | 17 | 0141 | 110 | 0002 | 00637 | 0.70
R | 9 | 0096 | 0.96 | 0064 | 00271 | 0.80
Fee | 4| 0048 | 075 | 0.223 | 00255 | 0.72
FUB
TG | 24 [ 0178 | 0.73 | 0059 | 0.108 | 048
Feef2 [ 15 | 0154 | 078 | 0178 | 0.0044 | 0.50
R |5 | 0062 [ 074 | 0276 | 00139 | 0.50
OC-SMART
e | 14 | 0112 | 091 | 0.054 | -0.0036 | 0.67
Fetam | 7| 0077 | 095 | 0.041 | 00016 | 085
R |4 ] 0052 | 065 | 0323 | 00315 | 0.71
C2RCC
R=5is | 28 | 0222 | 046 | 0196 | -0.1334 | 0.22
R=(5iy | 20 | 0215 | 0.55 | 0334 | -0.0440 | 0.23
Fem | 6| 0075 | 048 | 0503 | 00131 | 026

showed a high sensitivity to wavelength at 531 and 547 nm, which corresponded to the bands
where this algorithm was less accurate. At other wavelengths, FUB was slightly sensitive to
7(869)-proxy values.

7.3.2.2 Sensitivity to SPM-proxy

Fig. 7.11 shows the variation of RD as a function of SPM-proxy that included all other possible
variables. In the common match-up dataset, the values of SPM-proxy were limited to 17 g
m?3. As was the case for the individual match-up dataset, two groups of algorithms were
observed. The first group (UV-AC, SS14, SWIRE) was very sensitive to SPM-proxy values for all
wavelengths, while the second group (NIRSWIR, NASA-AC, MUMM, Polymer, OC-SMART) was
only slightly sensitive to SPM-proxy values for all wavelengths (except at 667 nm). Similar to
7(869), FUB was very sensitive to SPM values at 531 and 547 nm with RD varying from 27% to

52% at 531 nm and between 20% and 46% at 547 nm.

7.3.2.3 Estimation of R, ratios

Scatterplots of the estimated versus in-situ R sratios of R, at 443, 488 or 531 to R.s(547) ratios

are shown in Fig. 7.12. Similar to the individual match-up dataset, the R;¢ ratios were better

R, (531) Ry (443)
R (547) thanat -

, especially for UV-AV, SS14, and SWIRE. FUB and C2RCC appeared to under-estimate

retrieved at . High scattering and over-estimation were observed for

R,5(443)
Rys(547)
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Figure 7.10 Variation of RD as a function of the aerosol optical thickness 7(869)-proxy
for each wavelength.
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Figure 7.11 Variation of RD as a function of the suspended particulate matter (SPM)-
proxy for each wavelength.
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Figure 7.12 Scatterplot of the retrieved vs in-situ ratios of R;s over the common match-

up dataset: left panel: grf Egigg; middle panel: gffggfég; right panel: grgiig The

individual scatterplots for each algorithm are provided in Appendix D.

%. Most algorithms appeared to over-estimate %. This was especially true for
UV-AC, $514, and SWIRE. FUB and C2RCC over-estimated 71752}

provided estimates closer to the 1:1 line. These results can be observed in the statistical

, while all other algorithms

parameters in Table 7.8.

7.4 Discussion

7.4.1 Switching between NIR and SWIR bands

NIRSWIR is based on a switching algorithm that uses either the SWIR bands or the NIR bands
(same as for NASA-AC) to estimate the aerosol reflectance. To study the advantage of using
NIRSWIR compared to NASA-AC (i.e., the advantage of using SWIR bands), we investigated
how often NIRSWIR switched to using SWIR bands. On the individual and common match-up
datasets, NIRSWIR used SWIR bands 12% of the time (51 out of 426), and 16% of the time (13
out of 83), respectively. This means that the switching procedure was seldom chosen due to
the threshold on the turbidity index in NIRSWIR (in agreement with Zhang et al. (2018)). Fig.
7.13 shows scatterplots of R, estimated by NASA-AC versus by NIRSWIR for the match-ups
corresponding to the switch to the SWIR bands. NIRSWIR used SWIR bands for all levels of R,
however, the number of match-ups was lower (431) than for NASA-AC (510). This is in contract
to Zhang et al. (2018), who showed that NIRSWIR could provide more R, retrievals compared
to NASA-AC. This result indicates that the MODIS-Aqua SWIR bands were not optimal for our
in-situ dataset, which aligns with the fact that the bands were not defined for studying the
ocean (Werdell et al. 2010; Wang and Shi 2012; Goyens et al. 2013; Carswell et al. 2017).
Statistical parameters were calculated on the 51 valid match-ups in the individual match-
up dataset where the SWIR bands were used instead of the NIR bands (Table 7.9). On our in-
situ dataset (i.e. including only low-to-moderate turbid waters) switching to the SWIR bands
showed no advantage in RD or RMSD. Along with moderate turbidity, less favorable statistics
might also be explained by the low signal-to-noise ratio (SNR) in these bands (Werdell et al.



Table 7.8 Statistical results from R, ratios derived from AC algorithms and AERONET-
OC common match-up dataset (RD - mean relative difference, RMSD - root mean square

difference, R*- regression)

Results based on the in-situ dataset

‘ RD(%) ‘ RMSD ‘ Slope ‘ Intercept ‘ Bias ‘ R? ‘

UV-AC

% 30 0252 | 0.74 | 0.296 0127 | 0.25

% 18 0.189 | 1.04 | 0.098 0.136 | 0.68

% 3 0.041 | 095 | 0.053 -0.001 | 0.74
$s14

el | 4 0.225 | 0.64 | 0.410 0.181 | 0.44

% 11 0.107 | 0.70 | 0.323 0.064 | 0.79

% 3 0.038 | 0.64 | 0.371 0.010 | 0.76
SWIRE

G | 0.176 | 0.60 | 0.363 0.104 | 0.38

% 14 0.132 | 0.79 | 0.282 0.096 | 0.76

InealE 0.035 | 0.73 | 0.268 -0.001 | 0.7
MUMM

% 17 0.124 | 0.68 | 0.230 0.027 | 051

% 7 0.071 | 0.84 | 0.150 0015 | 0.86

% 2 0032 | 0.75 | 0.247 -0.001 | 0.81
NASA-AC

% 12 0.093 | 0.76 | 0.194 0.0391 | 0.74

% 5 0.056 | 0.97 | 0.129 0021 | 0.92

% 2 0.030 | 0.77 | 0.221 -0.0009 | 0.83

89



90 e Evaluation of Atmospheric Correction Algorithms over Turbid Waters

Figure 7.13 Scatterplot of NASA-AC-estimated R;s versus NIRSWIR-estimated R,s from
the individual match-up dataset for 412 (top left) to 667 nm (bottom right) for the 51
match-ups for which NIRSWIR used SWIR bands.
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NIRSWIR
=i | 12 | 0.094 | 0.74 | 0207 | 0.0391 | 0.74
=i |5 | 0057 | 087 | 0138 | 00192 | 0.92
=38 |2 | 0030 | 077 | 0227 | -0.0009 | 0.83
Polymer
% 18 | 0.172 | 1.13 | -0.005 | 0.083 | 0.61
2= | 10 | 0119 | 099 | 0.051 | 0045 | 0.73
2= |3 | 0042 | 085 | 0137 | -0.018 | 0.75
FUB
% 20 | 0156 | 0.85 | -0.008 | -0.104 | 0.60
% 12 | 0.129 | 091 | 0.097 | 0.020 | 0.64
% 5 | 0056 | 0.90 | 0.128 | 0.024 | 0.62
OC-SMART
% 11 | 0.081 | 099 | -0.001 | -0.007 | 0.80
% 5 | 0.054 | 1.00 | -0.0002 | 0.0008 | 0.92
% 3 | 0042 | 0.73 | 0247 | -0.0268 | 0.82
C2RCC

f=li5 | 26 | 0195 | 046 | 0.250 | -0.095 | 0.2

% 17 | 0.193 | 0.60 | 0366 | 0.016 | 0.28
% 5 | 0.066 | 0.55 | 0.465 | 0.008 | 0.33

Table 7.9 Statistics for the 51 match-ups from the individual match-up dataset that
used SWIR bands. Bold values highlight the best value for a given parameter.

Wavelengths 412 443 488 531 547 667
Relative difference (%) NASA-AC | 29 18 12 11 11 19
Relative difference (%) NIRSWIR | 35 23 15 12 12 22
RMSD NASA-AC 0.0021 | 0.0018 | 0.0018 | 0.0020 | 0.0021 | 0.0011
RMSD NIRSWIR 0.0022 | 0.0020 | 0.0020 | 0.0020 | 0.0021 | 0.0011
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2010). Liu et al. (2021) showed that the turbidity index used in the NIRSWIR AC for the
switching scheme is not always equal to 1, and varies between 0.7 and 2.2 depending on

aerosol concentrations and observing geometries.

When comparing OWTs, NIRSWIR provided less match-ups from the individual match-up
dataset than NASA-AC for all OWTs except OWT3 (8 match-ups for both algorithms) and OWTS8
(34 for NIRSWIR versus 33 for NASA-AC). The largest difference was observed for OWT4 (114
for NASA-AC versus 86 for NIRSWIR) and OWT6 (177 for NASA-AC versus 151 for NIRSWIR).

7.4.2 Impact of vicarious calibration & choice of in-situ data

NASA-AC and NIRSWIR are vicariously calibrated which is not the case for the other algorithms.
This could explain why these algorithms provided the most accurate and stable retrievals.

They also use the Ahmad aerosols models, which were derived from AERONET observations.
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OC-SMART was based on three different bio-optical models and constructed to provide a
seamless transition between clear open ocean water and turbid coastal waters (Fan et al. 2021).
It was partly developed on a synthetic dataset generated by using the CoastColour bio-optical
model (Ruddick 2010) for coastal waters (among others) and validated using AERONET-OC
data, which could explain why OC-SMART was one of the most suitable for the in-situ datasets
tested here.

SS14 is based on three thresholds calculated using ratios of L,. through a N parameter.
SS14 was validated using in-situ measurements along the coasts of India (sediment-laden wa-
ters) and in open ocean waters. The N parameter was used to calculate a reference spectrum
which was then used to estimate the aerosol reflectance in the visible and NIR. When we ex-
amined estimates obtained when N values were classified as in-water algal blooms or floating
blooms, the accuracy of the retrievals decreased. This indicates that SS14 considered turbid
waters for floating blooms or in-water algal bloom. The definition of N should be revised to
better discriminate turbid waters. An updated version of SS14 (UV-NIR) has been published
by Singh et al. (2019) for considering extremely turbid waters using the band at 412 nm, and
has been applied to HICO images and compared to SS14. The retrievals were compared to
AERONET-OC data and the results showed improved estimation of R, with UV-NIR.

7.4.3 Impact of model construction

UV-AC uses the hypothesis that the ocean is totally absorbing in the UV spectral range due to
detritus or CDOM. MODIS-Aqua does not have UV bands so UV-AC used theband at412nmasa
substitute “UV” band. This helps to explain why retrievals at 412 and 443 nm were not accurate
with this algorithm. The ocean color imager on PACE has UV bands, and the UV algorithm
may be more suitable for this ocean colour sensor. UV-AC also uses a spectrally flat aerosol
reflectance, an assumption that is valid for coastal and maritime aerosol models, typical of
coastal regions. He et al. (2012) showed that their algorithm underestimated the water-leaving
reflectance for extremely turbid waters. In summary, the assumption of zero water-leaving
radiance at UV would tend to overestimate the aerosol scattering reflectance at UV, but on
the contrary, the overestimation of the epsilon value would cause the underestimation of
the aerosol scattering reflectance at NIR, which was extrapolated from the aerosol scattering
reflectance at UV by using the epsilon value. Thus, the two compensating effects could get a
reasonable estimation of the aerosol scattering reflectance (please see the details in He et al.
2012). However, our in-situ dataset did not represent extremely turbid waters as the maximum
estimated in-situ SPM values were 32.2 g m™>. One advantage of UV-AC is that it did not provide
any negative values of R.

SWIRE assumed that the ocean is totally absorbing in the SWIR bands, even for high sedi-
ment concentrations, and was based on an extrapolated Rayleigh-corrected reflectance defined
as Qef = aeb)‘, where a and b are fitting coefficients, the values of which were different for each
pixel using the 1.24, 1.64, and 2.13 pm bands. The authors assumed that g, r was the aerosol-
related reflectance and therefore could be used to estimate the aerosol parameter €(748,869)
and the contribution of aerosols in the visible bands. The lower number of match-ups might
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be explained by the inadequacy of the extrapolation function, and by the fact that the ocean
is not totally absorbing for high concentrations of sediment in the SWIR bands (Knaeps et al.
2012).

MUMM used a constant value for the ratio of the water-leaving reflectances (Ruddick et
al. 2006). However, it has been shown that this ratio is no longer constant when turbidity
increases (Goyens et al. 2013b, c).

Polymer used a polynomial function for the atmosphere and the model of Park and Rud-
dick (2005) for the ocean. The atmospheric function is empirical, and is composed of three
terms: one for the Rayleigh component; one for the aerosol component; and one for glint.
The model of Park and Ruddick was suitable for case 1 and case 2 waters. Polymer tunes five
parameters (three for the atmosphere and two for the ocean) with R, as an indirect product.

The results from the three ANN-based AC algorithms (FUB, OC-SMART, and C2RCC) were
somewhat different. Even if the inversion technique was the same, the training datasets and in-
verse model parameterizations were different, (as explained in Chapter 2) which could explain
the differences in accuracies.

7.4.4 Caveats

The AC algorithms may be sensitive to uncertainties in ancillary data (e.g., ozone) and in the
correction for whitecaps, and sun glint, as shown by Melin et al. (2022) and Gilerson et al.
(2022). We have not considered those uncertainties in our analysis.
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Chapter 8

Results based on the simulated dataset

The evaluation results for the simulated dataset are presented in this section for the global
match-up dataset. MUMM was excluded from this analysis because of the inherent assump-
tions of the algorithm—a spatial estimation of the aerosol ratio over a region of 1°-by-1°.
C2RCC was also excluded due to its inability to process the format of the simulated dataset.

8.1 Individual match-up dataset studies

Fig. 8.1 shows scatterplots of satellite-retrieved R, versus the simulated values for the eight
AC algorithms analyzed. Table 8.1 provides the statistical results. A total of 12,301 simulated
cases were considered turbid waters, using the same threshold as Robinson et al. (2003).

As shown in Table 8.1, the number of match-ups varied highly, from 3,007 for FUB to
12,198 for SS14. The number of retrievals for FUB was low because out-of-scope data were
masked and excluded from further processing. FUB ensured that the input and output data
were between the minimum and maximum of the ANN training data to avoid extrapolation.
In addition to this min/max 'out of range’ test, we also excluded simulated data for FUB that
were not within the simulated concentration ranges used to train the network (specifically,
chl-a=[0.05-50] mg m™, SPM=[0.05-50] g m™ and CDOM=[0.005-1] m™).

Negative R, (Table 8.1) were retrieved for NASA-AC (between 45 (0.6%) at 547 nm and 574
(7.4%) at 412 nm), NIRSWIR (between 73 (0.9%) at 547 nm and 666 (7.8%) at 412 nm), SS14
(between 13 (0.1%) at 488 nm and 90 (0.7%) at 443 nm), SWIRE (between 9 (0.1%) at 667 nm and
4151 (52%) at 412 nm) and UV-AC (between 842 (8%) at 547 nm and 1781 (17%) at 412 nm).
Polymer, FUB, and OC-SMART did not yield any negative results. The number of match-ups
obtained with NIRSWIR (8,499) was higher than that obtained with NASA-AC (7,720), which
showed the contribution of the scheme developed in NIRSWIR for highly turbid waters.

A high degree of scatter (or spread) was observed at all wavelengths (Fig. 8.1). This was
especially true at 412 nm for all AC algorithms, except OC-SMART. Scatter tended to decrease
as wavelength increased. For example, FUB, OC-SMART and Polymer showed a decrease of
scatter around the 1:1 line at 488, 531 and 547 nm. However, a few algorithms still showed
high scatter across all bands (e.g. SWIRE, SS14). OC-SMART showed the least scatter across
all bands. The reduced scatter for OC-SMART can be explained by the fact that this ANN was
partly trained using simulated datasets generated by a forward radiative transfer model for
the coupled atmosphere-ocean system (Stamnes et al. 2018) similar to the one used in this
study. SWIRE, UV-AC and FUB showed overestimation of R, at most wavelengths, while SS14
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Table 8.1 The statistical results of the remote sensing reflectance, R,; derived from
various atmospheric correction algorithms and simulated data R, (RD - mean relative

difference, RMSD - root mean square difference, R?- regression, N- number of valid

data/model/wavelength).

‘ RD(%) ‘ RMSD (sr’l) Slope (sr'l) Intercept | Bias (sr’l) ‘ R? ‘ N ‘ N<O ‘
UV-AC
Ris(412) | 93 0.00430 0.48 0.0028 0.0002 0.08 10516 | 1781
Rys(443) | 52 0.00371 0.69 0.0026 0.0003 0.34 10516 | 975
R/s(488) | 23 0.00322 0.84 0.0026 0.0006 0.73 10516 | 864
Ry(531) | 13 0.00277 0.90 0.0022 0.0004 0.89 10516 | 844
R.s(547) | 11 0.00262 0.91 0.0020 0.0004 0.92 10516 | 842
R.(667) | 37 0.00194 0.93 0.0006 0.0002 0.93 10516 | 844
SS14
Ris(412) | 53 0.00273 0.43 0.0017 -0.0011 0.24 12198 | 72
R.s(443) | 43 0.00388 0.42 0.0012 -0.0029 0.53 12198 | 90
R,s(488) | 47 0.00695 0.43 0.0009 -0.0059 0.79 12198 | 13
R.s(531) | 45 0.00896 0.48 0.0010 -0.0076 0.84 12198 | O
Ry5(547) | 46 0.00981 0.48 0.0009 -0.0083 0.86 12198
R,s(667) | 44 0.00409 0.60 0.0014 -0.0008 0.71 12198
SWIRE
R.s(412) | 123 0.0582 0.59 0.0041 0.0019 0.0001 | 8021 4151
R.s(443) | 79 0.0231 0.75 0.0048 0.0028 0.015 8021 1684
R,s(488) | 38 0.0092 0.88 0.0047 0.0030 0.28 8021 434
R.s(531) | 29 0.0081 0.96 0.0046 0.0039 0.58 8021 109
R,s(547) | 28 0.0081 0.99 0.0044 0.0041 0.65 8021 49
R,(667) | 86 0.0061 0.97 0.0026 0.0024 0.66 8021 9
NASA-AC
R.s(412) | 30 0.0029 1.08 -2.62.10° | 0.00032 0.43 7720 574
R,s(443) | 18 0.0029 1.08 -0.00011 0.00038 0.59 7720 187
R,s(488) | 8 0.0028 1.05 -0.00020 0.00038 0.78 7720 55
Ry(531) | 5 0.0028 1.05 -0.00038 0.00034 0.86 7720 46
Ris(547) | 4 0.0027 1.05 -0.00044 0.00029 0.89 7720 45
R.s(667) | 14 0.0028 1.12 -5.50.10° | 0.00039 0.67 7720 52
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NIRSWIR
R,s(412) | 24 | 0.0020 | 0.97 | 0.0026 0.00012 | 0.61 | 8499 | 666
Rys(443) | 14 | 0.0019 | 0.99 | 0.0024 0.00018 | 0.78 | 8499 | 340
R,s(488) | 6.2 | 0.0018 | 1.00 | 0.0020 0.00020 | 0.92 | 8499 | 140
Rys(531) | 3.7 | 0.0017 | 1.01 | 9.27.10° | 0.00018 | 0.96 | 8499 | 78
R,s(547) | 3.2 | 0.0017 | 1.01 | 4.56.10° | 0.00014 | 0.97 | 8499 | 73
R,s(667) | 9.7 | 0.0017 | 0.99 | 0.0003 0.00022 | 0.93 | 8499 | 159
Polymer
Rys(412) | 80 | 0.00633 | 1.37 | 0.00129 | 0.00308 | 0.31 | 12116 | 0
Rys(443) | 38 | 0.00494 | 1.19 | 0.00091 | 0.00173 | 0.45 | 12116 | 0
R,s(488) | 16 | 0.00452 | 0.96 | 0.00072 | 0.00020 | 0.62 | 12116 | 0
Rys(531) | 11 | 0.00481 | 0.95 | 0.00030 | -0.00059 | 0.74 | 12116 | 0
Rys(547) | 11 | 0.00497 | 0.94 | 2.61.10° | -0.00107 | 0.77 | 12116 | O
R,s(667) | 19 | 0.00363 | 1.03 | -0.00027 | -0.00012 | 0.82 | 12116 | 0
FUB
R,s(412) | 36 | 0.00183 | 0.93 | 0.0014 0.00105 | 0.68 | 3007 | 0
Rs(443) | 24 | 0.00191 | 0.92 | 0.0014 0.00086 | 0.77 | 3007 | O
R,s(488) | 26 | 0.00356 | 1.07 | 0.0017 0.00247 | 0.84 | 3007 | 0
Rs(531) | 30 | 0.00524 | 1.15 | 0.0019 0.00427 | 0.91 | 3007 | O
Rys(547) | 25 | 0.00490 | 1.13 | 0.0017 0.00386 | 0.92 | 3007 | 0
R,s(667) | 38 | 0.00168 | 1.01 | 0.0011 0.00112 | 0.94 | 3007 | O
OC-SMART

Rys(412) | 3.5 | 0.0003 | 0.99 | 3.98.10° | 4.78.10° | 0.99 | 12065 | 0
R,5(443) | 3.2 | 0.0003 | 1.00 | 3.41.10° | 4.92.10° | 0.99 | 12065 | 0
R,s(488) | 2.8 | 0.0005 | 1.00 | 3.14.10° | 5.53.107 | 0.99 | 12065 | 0
R,s(531) | 2.6 | 0.0007 | 1.00 | 3.07.10° | -2.49.10° | 0.99 | 12065 | 0
Rys(547) | 2.7 | 0.0007 | 1.00 | 2.24.10° | -4.28.10° | 0.99 | 12065 | 0
R,s(667) | 3.7 | 0.0006 | 0.99 | 3.94.10° | -8.03.10° | 0.99 | 12065 | 0
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showed underestimation for all wavelengths. Polymer tended to overestimate R, at 412 and
443 and to slightly underestimate R,g at 488, 531 and 547 nm. NASA-AC and NIRSWIR slightly
overestimated R,s at 412 and 443 nm, and did not show any bias at the other wavelengths.

Relative difference (Table 8.1; Fig. 8.2) was highest at 412 nm (between 3.5% for OC-SMART
and 123% for SWIRE) and 443 nm (between 3.2% for OC-SMART and 79% for SWIRE) and the
lowest at 531 and 547 nm (between 2.6% for OC-SMART and 45% for SS14 at 531 nm and
between 2.7% for OC-SMART and 46% for SWIRE at 547 nm). The differences in scatter at 412
and 443 nm can be observed with the slope of the regression line values (between 0.43 for
S§S14 and 0.99 for OC-SMART at 412 nm and between 0.42 for SS14 and 1 for OC-SMART at
443 nm). The closest values of the slope to 1 are obtained at 531 and 547 nm (between 0.48 for
SS14 and 1 for OC-SMART at 531 nm and between 0.48 for SS14 and 1 for OC-SMART at 547
nm). Low slope values for SS14 can be explained by the high underestimation of the retrievals
obtained with this algorithm. The values of the slope were correlated with the values of the
correlation coefficient, R?. The lowest R? were observed at 412 (between 0.0001 for SWIRE and
0.45 for all other algorithms except OC-SMART, FUB and NIRSWIR) and at 443 nm (between
0.015 for SWIRE and 0.7 for all other algorithms except OC-SMART, FUB, and NIRSWIR). The
highest values of R? were at 531 (between 0.58 for SWIRE and 0.99 for OC-SMART, values being
higher than 0.70 for most of the algorithms) and 547 nm (between 0.65 for SWIRE and 0.99
for OC-SMART, values being higher than 0.75 for most of the algorithms; Table 8.1).

Fig. 8.3 shows a spider plot of all statistical parameters, except the intercept of the re-
gression line. Here, the dependence of the accuracies of the AC algorithms on wavelength can
be better observed. In the blue bands (412 and 443 nm), OC-SMART, NASA-AC, and NIRSWIR
were the most accurate. At 667 nm, most of the algorithms did not provide accurate retrievals
of Ry as the statistical parameters were not overall consistent. At 531 and 547 nm, NASA-
AC, NIRSWIR, OC-SMART, UV-AC and Polymer provided accurate retrievals. Overall, NASA-AC,
NIRSWIR and OC-SMART were the most accurate AC algorithms, and SS14 and SWIRE were the
least accurate AC algorithms on our simulated dataset.

Regarding the shape of the retrieval spectra, QAS, le and SAM were examined and are
presented in Table 8.2. The QAS parameter compares the retrieved spectra to reference spec-
tra. The majority of the algorithms retrieved realistic spectra, with values of QAS higher than
0.93 for NIRSWIR, NASA-AC, Polymer, and OC-SMART. Four algorithms showed less realistic
spectra, with QAS values lower than 0.90 (0.81 for UV-AC, 0.85 for SWIRE, and 0.87 for SS14
and FUB). X2 and SAM compared the retrieved spectra to our simulated spectra. NIRSWIR,
NASA-AC, FUB and OC-SMART presented the lowest values for both parameters (X2 0.17% -
7.73%; SAM 0.47° - 3.32°). As UV-AC and SWIRE yielded high inaccuracies at 412 and 443 nm,
they showed the highest values of X2 (150.65% and 130.29%, respectively). SS14 showed the
highest value of SAM, at 9.33".

The overall score, Syyq; With a possible maximum value of 42, considered the accuracies
per wavelength and the shape of the spectra (Table 8.2). Algorithms clustered into 3 groups
based on Siotai: Stotal > 33 (NASA-AC at 33.32, NIRSWIR at 37.41, and OC-SMART at 41.93);
Stotal < 20 (SWIRE at 11.61m and SS14 at 18.40); 20 < Siotar < 33 (FUB at 26.25, UV-AC at
29.05, and Polymer at 30.30).
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Figure 8.1 Scatterplots of the AC algorithms estimated R,s versus simulated R,s from
412 (top left) to 667 nm (bottom right). The individual scatterplots are provided in Ap-
pendix E.
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Figure 8.2 (a) Variation of the relative difference as a function of wavelength, (b) Vari-
ation of the RMSD as a function of wavelength.

Table 8.2 Statistical parameters calculated over the entire spectra for the simulated
dataset. Bold values highlight the best value for a given parameter.

ALGORITHMS | QAS | X° %) | SAM(°) | S

UV-AC 0.81 150.65 741 29.05
SS14 0.87 27.40 9.33 18.40
SWIRE 0.85 130.29 7.01 11.61
NASA-AC 0.93 7.73 2.26 33.32
NIRSWIR 0.93 5.77 2.03 37.41
Polymer 0.95 | 23.21 7.81 30.30
FUB 0.87 3.88 3.32 26.25
OC-SMART 0.93 0.17 0.47 41.93
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Figure 8.3 Spider-plot of the normalized statistical parameters as a function of wavelength.
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Table 8.3 Total scores (Si,iq:) for all AC algorithms as a function of OWT.

OWT1 | OWT2 | OWT3 | OWT4 | OWT5 | OWT6 | OWT7 | OWT8 | OWT9
UV-AC 38.04 31.97 26.93 25.41 27.30 25.18 32.65 28.97 0
SS14 27.00 17.09 14.24 19.31 17.39 18.72 29.30 15.65 0
SWIRE 31.41 25.66 16.96 9.13 13.44 9.24 5.00 14.83 0
NASA-AC 0 26.50 22.28 33.22 35.91 32.30 38.29 36.38 0
NIRSWIR 36.20 37.42 30.70 37.41 36.39 34.39 38.23 35.87 0
Polymer 7.69 22.14 27.79 31.44 30.38 31.52 33.83 26.71 0
FUB 0 23.84 23.73 25.01 26.18 22.82 27.32 21.49 0
OC-SMART | 30.52 40.00 41.88 42.00 41.97 41.98 41.50 40.84 0

Stotal values per OWT are provided in Table 8.3. The simulated dataset was mainly rep-
resentative of OWT4 and then of OWTs 3, 5 and 6 (Table 6.1). The most oligotrophic waters
were not included in the simulated dataset as there were no retrievals for OWT9. OC-SMART
showed the highest Syt for OWT2 to OWTS8. For OWT1, UV-AC had the highest .S}, (38.04),
followed by NIRSWIR (36.20) and SWIRE (31.41). As expected, Polymer had the lowest Stotq:
for OWT1 (7.69), as it was not developed for very turbid waters. NASA-AC and FUB did not
provide any retrievals for OWT1. NIRSWIR had the highest S}, compared to NASA-AC for
OWT2 to OWT6, which showed the benefit of the use of the SWIR bands as turbidity increased.
NIRSWIR, NASA-AC and Polymer were most relevant for OWTs 4 - 6. UV-AC and FUB showed
similar Sy,tq; for OWTs 3 - 6.

8.2 Sensitivity studies

As mentioned previously, ideally, sensitivity studies should be done by fixing all parameters
except one. In these sensitivity studies, the entire simulated dataset was used, without fixing
any parameter. As a result, the sensitivities remain inconclusive, and we refer hereafter to

proxies.

8.2.1 Sensitivity to 7(869)-proxy

Fig. 8.4 shows the variation of RD on the retrieval of R,s(\) as a function of the 7(869)-proxy for
all eight algorithms. For most of the AC algorithms, RD increased as 7(869)-proxy increased.
RD was higher at 412 and 667 nm and lower at 531 and 547 nm. For SS14, RD showed a
U-shape, with the lowest values for 7(869)-proxy around 0.20-0.25. Two groups of algorithms
emerged depending on their RD: NIRSWIR, Polymer, OC-SMART, and SS14 for which RD was
slightly dependent on values of 7(869)-proxy; and SWIRE, NASA-AC UV-AC, and FUB, for which
the accuracy of the retrievals was highly dependent on the values of 7(869)-proxy.
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Figure 8.4 Variation of RD as a function of the 7(869)-proxy for each wavelength.
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Figure 8.5 Variation of RD as a function of the Angstrom coefficient, «(443,869)-proxy,
for each wavelength.

8.2.2 Sensitivity to Angstrom coefficient ««(443,869)-proxy

Fig. 8.5 shows the variation of RD as a function of the Angstrém coefficient c«(443,869)-proxy
for each wavelength. Compared to 7(869)-proxy, RD was slightly dependent on the value of
a(443,869)-proxy for all AC algorithms, except for SWIRE, UV-AC and FUB. For SWIRE, RD
sharply increased as «(443,869)-proxy increased. For instance, at 412 nm RD increased from
20% (au(443,869)-proxy =-0.5) to 150% («(443,869)-proxy =2.2). This behavior can be observed
at all wavelengths. RD varied slightly with wavelength, with lowest values at 488, 531 and 547
nm.

8.2.3 Sensitivity to SPM-proxy

The variation of RD as a function of SPM-proxy for all algorithms is displayed Fig. 8.6. The
values of SPM-proxy varied from 0.09 to 493 g m™3. However, some AC algorithms were unable
to retrieve Ry, for SPM values greater than 300 g m™>. This was the case for $S14, NASA-AC,
NIRSWIR, FUB and OC-SMART. FUB showed the lowest range of values for SPM (up to 42 g
m™) as data were restricted to the upper valid concentration of 50 g m 3 for this algorithm.
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This ensured that the input and output data were between the minimum and maximum of the
ANN training data to avoid extrapolation. In addition to this min/max ’out of range’ test, we
also excluded simulated data for FUB that were not within the simulated concentration ranges
used to train the network (specifically, CHL-a=[0.05-50] mg mf?’, SPM=[0.05-50] g m~3 and
CDOM=[0.005-1] m~ ).

All algorithms were slightly sensitive to the variation of SPM-proxy for concentrations up
to around 150 g m™, after which the behaviour of the AC algorithms differed. RD sharply
increased for Polymer for all wavelengths. This sharp increase in RD was also observed for
NASA-AC, UV-AC and SWIRE. NIRSWIR appeared less sensitive than NASA-AC for high values
of SPM-proxy, which was in accordance with the switching procedure’s dependence on the
turbidity for the use of the SWIR bands.

8.2.4 Sensitivity to CDOM-proxy

Fig. 8.7 shows the variation of RD as a function of CDOM-proxy. As for the SPM-proxy, not
all AC algorithms provided retrievals for the entire range of CDOM-proxy values. Such was
the case for NASA-AC (max values=4.06 m™) and FUB (max values=0.99 m!). Most of the
algorithms were not sensitive to the variation of CDOM-proxy for values up to 1 m’!. For
values higher than 1 m™", RD increased for most algorithms. This increase in RD was sharp
for UV-AC, SWIRE and Polymer, and less pronounced for SS14, NASA-AC, and NIRSWIR. It is
interesting to note that the increased RD was higher for NASA-AC than for NIRSWIR, indicating
that for high values of CDOM-proxy, NIRSWIR used the SWIR bands. For OC-SMART, RD did not
appear to be sensitive to the values of CDOM-proxy. RD varied differently with CDOM-proxy
at 667 nm, with a U-shape and the lowest RD for a given range of CDOM-proxy.

8.2.5 Sensitivity to CHL-proxy

The variation of RD as a function of CHL-proxy for each wavelength is shown in Fig. 8.8.
There was a reduced range of CHL-proxy values for each AC algorithm. As for SPM and CDOM,
NASA-AC and FUB were not able to estimate R,s for the entire range of CHL-proxy values
(NASA-AC range was 0.83 - 214 mg m™, FUB range was 0.96 - 42 mg m™). Algorithms were
slightly sensitive to CHL-proxy up to 10 mg m>. For higher CHL-proxy values up to 100 mg
m~3, RD increased for most algorithms. Then for lower CHL-proxy values, RD either increased
(OC-SMART) or decreased (UV-AC, SS14, SWIRE, NASA-AC, Polymer, FUB). The variation of RD
for NIRSWIR was lower than the variation for NASA-AC, but RD was very similar for these
algorithms for CHL-proxy up to 2 mg m™. For higher CHL-proxy values, RD was lower for
NIRSWIR than for NASA-AC. OC-SMART, NIRSWIR, NASA-AC and FUB were the least sensitive
to CHL-proxy values. At 667 nm, the variation of RD was the inverse of that observed at
other wavelengths, with a decrease of RD as CHL-proxy increased up to the highest CHL-proxy
values, for which RD increased.
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Figure 8.6 Variation of RD as a function of the SPM-proxy for each wavelength.
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Figure 8.7 Variation of RD as a function of the CDOM-proxy value for each wavelength.
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Figure 8.8 Variation of RD as a function of the CHL-proxy value for each wavelength.
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Figure 8.9 Scatterplot of the retrieved versus in-situ ratios of R,y over the individual
R...(547) middle panel: 772 rig t panel: R (507)"
Individual scatterplots for each algorithm are provided in Appendix G.

match-up dataset: left panel:

8.2.6 Estimation of R, ratios

Fig. 8.9 shows the ratios of Rys(\) commonly used in chl-a retrieval algorithms estimated by
the eight algorithms versus the simulated ratios. As expected, high scatter around the 1:1
g: Egi?g and g:ggi%, especially for UV-AC, SS14, SWIRE and Polymer.
This was related to the large RD observed at 443 and 488 for these algorithms. In contrast,
NASA-AC, NIRSWIR and OC-SMART showed less scatter for these ratios. OC-SMART showed

very good retrievals of all ratios, with almost no scatter around the 1:1 line. Scatter around the

line was observed for

1:1 line decreased as wavelength increased. This was also true for RD and RMSD (Table 8.4),

Rys(443) . Rys(531) . .
Rys(547) (o} e (547)" RD varied between 1.7% (OfS-?S)i\;IART)

and between 0.3% (OC-SMART) and 4% (FUB) for Rys(507)"

as both parameters decreased from

R,(443)

and 42% (Polymer) for 7"=77=
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Table 8.4 Statistical results from Ry, ratios derived from AC algorithms and the sim-
ulated dataset (RD - mean relative difference, RMSD - root mean square difference, R?-

regression)
| RD@) | RMSD | Slope | Itercept [ Bias [ R |
UV-AC
2 | 35 0.166 | 0.67 | 0.14 0.013 0.17
Rl | 97 0091 | 0.85 | 0.12 0.019 0.60
e=ts |16 0.023 | 0.90 | 0.10 0.005 0.81
$S14
i | 29 0.147 | 0.62 | 0.198 0.0507 | 0.21
%‘;if; 9.4 0081 | 071 | 0.170 -0.0270 | 0.64
o lE 0.030 | 0.82 | 0.180 0.0108 | 0.73
SWIRE
2= | 33 0.248 | 059 | 0.200 0.0373 | 0.07
g | 95 0.095 | 0.72 | 0.193 0.0020 | 051
2= | 17 0025 | 0.79 | 0.194 0.0012 | 0.77
NASA-AC
g i 0.0.68 | 0.82 | 0.080 0.0072 | 0.66
=i | 33 0.038 | 091 | 0.077 0.0079 | 0.91
=i | 065 | 0012 | 093 | 0069 0.0042 | 0.96
NIRSWIR
Fe=lis | 10 0.061 | 0.86 | 0.061 0.0056 | 0.72
calE 0.033 | 093 | 0.055 0.0064 | 0.93
=iy | 58 0.010 | 0.96 | 0.043 0.0035 | 0.97
Polymer
% 42 0.297 | 090 | 0.182 0.145 0.13
FEEe |1 0.106 | 0.88 | 0.146 0.064 0.64
FralB2 | 32 0.048 | 0.92 | 0.106 0.029 0.67
FUB
TG | 14 0.070 | 0.69 | 0.095 0.027 | 062
2 | 8 0071 | 079 | 0.143 -0.003 | 0.66
%ﬁ;g 4 0.043 | 1.04 | -0.0002 | 0.0351 | 0.80
OC-SMART
=g | 17 0.017 | 1.00 | 0.0005 | 0.00065 | 0.98
2 | 1 0017 | 1.00 | -0.0021 | 0.00033 | 0.98
2= | 03 0.005 | 1.00 | -0.0027 | 0.00016 | 0.99




Chapter 9

Ranking of AC algorithms based on scores

Based on our analyses, we have proposed ranking for MODIS-Aqua AC algorithms, depending
on OWTs. Rankings are based on the Sy, results of analysis with the simulated dataset
(Table 8.3) and the match-up analyses (Table 7.6), and are displayed in Tables 9.1 and 9.2,
respectively. Combined rankings (Table 9.3) are the sum of Sy, from both analyses, but
excludes MUMM and C2RCC (which were excluded from analyses with the simulated dataset),
and also excludes OWTs 1, 2 (no match-ups with in-situ data) and OWT9 (no retrievals in the
simulated dataset).

It must be noted that the remarkable performance of OC-SMART on the simulated data
is partly due to the fact that its training data included a simulated dataset generated by a
bio-optical model that was similar to that used in our analyses, except for the absorption of
chlorophyll-a. The full training data of OC-SMART, however, included a much larger set of
simulations accounting for other bio-optical models and a significantly wider range of con-
centrations compared to the simulation dataset used for testing in this study.
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Table 9.1 Algorithm ranking based on Sy, using the simulated dataset (Table 8.3),
excluding OWT 9 (no retrievals), MUMM and C2RCC (not included in simulated dataset

analysis). No output from NASA-AC and FUB for OWT 1.

Rank | OWT
1 2 3 4 5 6 7 8 9
1 UV-AC 0oC- 0C- 0oC- OC- OC- 0oC- OC- n/a
SMART SMART SMART SMART SMART SMART SMART
38.04 40.00 41.88 42.00 41.97 41.97 41.50 40.84
2 NIRSWIR | NIRSWIR | NIRSWIR | NIRSWIR | NIRSWIR | NIRSWIR | NASA- NASA- n/a
AC AC
36.20 37.42 30.70 37.41 36.39 34.39 38.29 36.38
3 SWIRE UV-AC Polymer NASA- NASA- NASA- NIRSWIR | NIRSWIR | n/a
AC AC AC
31.41 31.97 27.79 33.22 35.91 32.30 38.23 35.87
4 OC- NASA- UV-AC Polymer Polymer Polymer Polymer UV-AC n/a
SMART AC
30.52 26.50 26.93 31.44 30.38 31.52 33.83 28.97
5 SS14 SWIRE FUB UV-AC UV-AC UV-AC UV-AC Polymer n/a
27.00 25.66 23.73 25.41 27.30 25.18 32.65 26.71
6 Polymer FUB NASA- FUB FUB FUB SS14 FUB n/a
AC
7.69 23.84 22.28 25.01 26.18 22.82 29.30 21.49
7 Polymer SWIRE SS14 SS14 SS14 FUB SS14 n/a
22.14 16.96 19.31 17.39 18.72 27.32 15.65
8 SS14 SS14 SWIRE SWIRE SWIRE SWIRE SWIRE n/a
17.09 14.24 9.13 13.44 9.24 5.00 14.83




Ranking of AC algorithms based on scores ®

Table 9.2 Algorithm ranking based on Sy, from the in-situ AERONET-OC match-up
dataset (Table 7.6), excluding OWTs 1 and 2 (no match-ups with in-situ data), and 9
(limited match-ups).
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Rank | OWT
1 2 3 4 5 6 7 8 9
1 n/a | n/a | OC-SMART | OC-SMART | NASA-AC OC-SMART | NASA-AC SS14 n/a
26.02 40.56 40.37 37.17 36.23 37.41
2 n/a | n/a | Polymer NASA-AC NIRSWIR NASA-AC NIRSWIR SWIRE n/a
24.21 39.80 39.58 37.08 36.23 35.39
3 n/a | n/a | NIRSWIR NIRSWIR OC-SMART | NIRSWIR SS14 NASA-AC n/a
21.96 39.09 35.42 37.08 31.17 28.21
4 n/a | n/a | UV-AC Polymer MUMM MUMM MUMM NIRSWIR n/a
20.71 37.23 33.72 34.69 29.16 28.21
5 n/a | n/a | MUMM MUMM SS14 Polymer Polymer OC-SMART | n/a
18.39 33.32 26.03 31.07 29.01 26.76
6 n/a | n/a | C2RCC UV-AC FUB C2RCC OC-SMART | FUB n/a
18.37 31.72 24.80 29.88 28.98 24.05
7 n/a | n/a | SWIRE FUB Polymer SS14 SWIRE MUMM n/a
18.14 26.79 24.78 25.59 25.11 22.80
8 n/a | n/a | SS14 SS14 SS14 FUB FUB C2RCC n/a
16.72 26.75 26.03 23.93 24.41 20.19
9 n/a | n/a | NASA-AC SWIRE SWIRE UV-AC UV-AC UV-AC n/a
14.51 21.90 18.05 19.41 22.62 18.65
10 n/a | n/a | FUB C2RCC C2RCC SWIRE C2RCC Polymer n/a
12.37 15.29 17.40 10.39 11.13 12.87
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Table 9.3 Combined algorithm ranking based on the mean Siy) excluding MUMM and
C2RCC, and OWTs 1, 2 and 9.

Rank | OWT
1 2 3 4 5 6 7 8 9
1 n/a | n/a OC-SMART | OC-SMART OC-SMART OC-SMART | NASA-AC OC-SMART | n/a
54.89 62.28 59.68 60.57 56.41 54.22
2 n/a | n/a | NIRSWIR NIRSWIR NIRSWIR NIRSWIR NIRSWIR NASA-AC n/a
41.55 56.96 56.18 52.93 56.35 50.49
3 n/a | n/a | Polymer NASA-AC NASA-AC NASA-AC OC-SMART | NIRSWIR n/a
39.90 53.12 56.10 50.84 55.99 49.98
4 n/a | n/a | UV-AC Polymer Polymer Polymer Polymer UV-AC n/a
37.29 50.06 42.77 47.06 48.34 38.30
5 n/a | n/a | FUB UV-AC UV-AC UV-AC SS14 SS14 n/a
29.92 41.27 39.14 34.89 44.89 34.36
6 n/a | n/a | NASA-AC FUB FUB FUB UV-AC SWIRE n/a
29.54 38.41 38.58 34.79 43.96 32.53
7 n/a | n/a | SWIRE SS14 SS14 SS14 FUB FUB n/a
26.03 32.69 30.14 31.52 39.53 33.52
8 n/a | n/a | SS14 SWIRE SWIRE SWIRE SWIRE Polymer n/a
22.60 20.08 22.47 14.44 17.56 33.15




Chapter 10

Unconsidered corrections and additional complexity

In this section, we briefly describe other issues when observing coastal and inland waters that
lead to additional uncertainties in the estimates of R;s. The main issues are the contamination
to the TOA reflectance by land (adjacency effect), and the presence of absorbing aerosols, such
as smoke and dust. None of the AC algorithms used in this inter-comparison corrected for
these issues. Continuous efforts have been made to tackle these issues, and the latest efforts
to address these problems have been briefly summarized herein.

10.1 Adjacency effects

Satellite measurements of coastal waters suffer from land adjacency effects. In coastal areas, a
fraction of the light reflected by the land reaches the sensor. The adjacency effect occurs when
light reflected by nearby land is scattered into the field of view of the sensor. The adjacency
effect, thus, modifies the recorded at-sensor radiance of the water pixel. The magnitude of
the adjacency effect depends on various factors, such as the aerosol optical properties and
vertical distribution/scale height, the contrast between land and water albedo (wavelength
dependent), viewing and illumination geometry, and distance to land (Santer and Schmechtig
2000; Bulgarelli and Zibordi 2018a; Bulgarelli et al. 2018).

Adjacency effects can spread beyond the first kilometer offshore, particularly for highly
reflecting land (in the NIR) and for highly sensitive sensors. Extensive theoretical simula-
tions of land adjacency effects in typical ocean colour observation conditions (Bulgarelli and
Zibordi 2018b; IOCCG 2019) showed that the average adjacency effect in data from MODIS-
Aqua, MERIS, and Sentinel-3-OLCI are still detectable (i.e. above the sensor noise level) up to 36
km offshore, except for adjacency effects caused by green vegetation at the red wavelengths.

When neglected, the adjacency effect can introduce significant differences in the retrieved
water-leaving signal, leading (in complex ways) to uncertainties in the derived products. The
impact of the adjacency effect, however, depends on the characteristics of the AC algorithm.
For atmospheric correction schemes that do not derive the atmospheric properties from satel-
lite data and/or from the water pixel, simulations showed that adjacency effect induced arti-
facts in the water reflectance that were positive for all wavelengths, with biases that monotoni-
cally decreased with distance from land (Bulgarelli and Zibordi 2017, 2018a). For atmospheric
correction schemes inferring the aerosol properties from NIR data, biases were mainly nega-
tive, apart from cloud-induced adjacency effects. Perturbations induced by adjacency effects
at NIR and visible wavelengths might compensate each other. Consequently, biases induced
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by adjacency effects on the water reflectance are not strictly correlated to the intensity of the
reflectance of the nearby land. Pan et al. (2022) evaluated ten AC algorithms for Landsat-8
and Sentinel-2 over 300 lakes in Canada, and showed that none of the AC algorithms met
the 30% retrieval accuracy target across all bands. To understand the reason, they performed
three-dimensional radiative transfer simulations and compared the outputs to satellite obser-
vations. Their simulations showed that up to 60% of the TOA reflectance in the NIR bands
over the lake was from the adjacent lands covered with green vegetation.

Some studies exclude pixels within a fixed distance from the shoreline. The horizontal
range of the adjacency effect is, however, not fixed, and is impacted by various factors, such as
the vertical distribution of aerosols in the atmosphere. A conservative threshold might remove
water pixels that are not affected by land. Several approaches have been developed to identify
and flag pixels influenced by adjacency effects. Sterckx et al. (2011) proposed a method to flag
pixels based on the deviations from the NIR similarity spectrum. Jiang et al. (2023) developed
new OWTs containing the land-affected signal to flag and mask land-affected observations in
inland water scenes. Feng and Hu (2017) explored the elevated radiance in the MODIS SWIR
bands at 1240 and 2130 nm to develop a statistical method to quantify land adjacency effects.
Burazerovic et al. (2013) proposed spectral unmixing techniques to quantify adjacency effects.

While full 3D Monte-Carlo simulations allow for accurate simulation of adjacency effects,
simplified formulations are needed for implementation of an operationally fast correction
scheme. Physical correction approaches often involve the use of the atmospheric Point Spread
Function (PSF), which allows calculation of contributions from neighboring pixels to the at-
sensor radiance from a target pixel. To calculate the atmospheric PSF in a time-efficient man-
ner, these approaches mostly rely on the single scattering approximation (Santer and Schmect-
ing 2000). This primary scattering assumption is used in the sensor-independent adjacency
correction algorithm developed by Kiselev et al. (2015). The adjacency correction module
is integrated within the Modular Inversion and Processing (MIP) system (Heege et al. 2014).
Also, the Improved Contrast between Ocean and Land (ICOL) processor (Santer and Zagolski
2009), developed specifically for MERIS, relies on the primary scattering assumption. RADCOR
(Castagna and Vanhellemont 2022) is a new physically based adjacency correction algorithm
using Dark Spectrum Fitting (DSF)-integrated adjacency correction algorithm working in the
frequency domain. Some approaches incorporate empirical assumptions into the physical
methods to determine the adjacency range or background contribution. Sterckx et al. (2015),
for instance, proposed the SIMilarity Environment Correction (SIMEC) which estimates the con-
tribution of the background iteratively by checking the correspondence of the retrieved water
reflectance with the NIR similarity spectrum defined by Ruddick et al. (2006). Pan and Bélanger
(2024) proposed using a machine learning technique to deal with adjacency effects during the
atmospheric correction procedure. The latter simultaneously retrieves AOD, sun glint, adja-
cency effects, R, and IOPs of seawater, and is based on a genetic optimization scheme. The
authors showed improved retrievals of R, by a factor of almost 2 for all wavelengths, com-
pared to widely used AC schemes (ACOLITE, iCOR+SIMEC) over 100 lakes in Canada.

None of the AC algorithms considered in this report corrected for adjacency effects. We
note however, based on extensive testing (Fan et al. 2021), that OC-SMART appeared to be
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resilient to contamination from sun glint and adjacency effects of land and cloud edges.

10.2 Absorbing aerosols

Most AC algorithms do not consider strongly absorbing aerosols (dust, smoke, etc.). This
is especially true for standard AC algorithms from the space agencies and for the algorithms
considered in this report. Consideration of strong absorbing aerosols is complicated to handle,
and all previously published methods are time-consuming. Absorbing aerosols, especially
dust, are not detectable using only NIR bands, because they have a spectral dependency, and
have absorbing signatures similar to optically active components of the ocean. Finally, these
aerosols absorb in the shorter UV wavelengths, which makes them difficult to detect by the
NIR/SWIR algorithms.

Song et al. (2022) calculated the percentage of days dominated by maritime aerosols, dust,
smoke, and mixed aerosols, and found that absorbing aerosols occurred frequently over the
coasts of the Sahara and Arabian desert, China, south-central Africa, and the Indian Peninsula
(Fig. 10.1a and b). The authors also found that the impact of the vertical distribution of ab-
sorbing aerosols was up to +=8% for dust and +10% for smoke based on radiative transfer sim-
ulations (Fig. 10.1c). A two-layer atmosphere model may lead to differences of water-leaving
radiance up to 30% - 40% in the case of dust in the traditional NASA standard AC algorithm
(Song et al. 2022). Based on multiple years of satellite LIDAR (light detection and ranging)
observations from CALIPSO (Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observa-
tions), a prediction model of vertical distribution of absorbing aerosol was constructed, which
can quantitatively estimate the vertical distribution of absorbing aerosol from meteorological
reanalysis products (Song et al. 2020).

Frouin et al. (2019) provided a review of the algorithms dealing with absorbing aerosols,
and limitations of the current approaches. AC algorithms incorporating absorbing aerosols
have mostly been developed for open ocean waters (Moulin et al. 2001a, 2001b; Chomko and
Gordon 1998, 2001; Nobileau and Antoine 2005; Banzon et al. 2009; Mao et al. 2020) and were
specifically designed to only detect absorbing aerosols. Few tackle non-zero R,s(NIR) and ab-
sorbing aerosols at the same time. Those algorithms are based either on spectral optimization
to estimate R,s(Jamet et al. 2004; Brajard et al. 2006, 2012; Kuchinke et al. 2009), spectral
relationships of the aerosol reflectance (Al Shehhi et al. 2017), or a modification of a current
algorithm such as Polymer (Zhang et al. 2019). Bai et al. (2020, 2023) developed a practical
interpolation-based algorithm (UV-SWIR-AC algorithm) to remove absorbing aerosol effects in
turbid waters.

Recently, Song et al. (2023) proposed an AC algorithm (OC-XGBRT) to retrieve R4 at short
wavelengths of visible light in the presence of absorbing aerosols, that considers the vertical
distribution of absorbing aerosol. Based on an extensive simulation dataset, the OC-XGBRT al-
gorithm was established using a machine learning method. The TOA reflectance and R, were
simulated considering multiple types of absorbing aerosols (dust, smoke, and urban aerosols)
and their vertical distribution under a comprehensive aquatic environment. Application re-
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Figure 10.1 (a, b) Spatial distributions of the annual occurrence frequencies of (a) dust
and (b) smoke aerosols over the ocean averaged from 2013 to 2020. Dark gray areas indi-
cate no data. (c) Polar diagrams of the relative differences of simulated TOA reflectance
(Ap) at 412 nm along the mean height (H,,) of dust aerosols (AOD = 0.3) and relative az-
imuth angle (RAA) with solar zenith angle (SZA) (= 0° and 60°) and viewing zenith angle
(VZA) (=20° and 60°) used for the radiative transfer simulations. Note that the radius
of the polar diagram represents a change in H,, from 0.1 to 2.9 km in steps of 0.1 km,
and the polar angle denotes a change in RAA from 0" to 180" in steps of 5%; RAA = 180"
indicates that the sensor and the sun are in the same direction, corresponding to the
solar plane. This figure was modified from Song et al. (2022).

sults revealed that the OC-XGBRT algorithm substantially improved the quality of the retrieved
R, at blue light bands compared with the original R, products in the presence of absorbing
aerosols.



Chapter 11

Summary & Conclusions

Atmospheric correction over turbid waters is still a complex task, and numerous AC algo-
rithms have been developed for the past twenty years. For end-users interested in using
remote-sensing reflectance data to estimate inherent optical properties of seawater or biogeo-
chemical parameters, it can be difficult to know which AC algorithm to apply. In this IOCCG
report, we compared ten AC algorithms for MODIS-Aqua, some of them widely used, that are
based on differing assumptions, and applied them to waters covering nine optical water types.
We performed a standard match-up analysis using in-situ measurements from the AERONET-
OC network to evaluate the accuracy of the different algorithms. As the AERONET-OC stations
only represented low to moderate turbid waters, a simulated dataset was also developed for
consideration of very turbid waters. We considered only weakly absorbing aerosols, as the
aerosol models used in our simulated dataset were the weakly-absorbing aerosol models in-
cluded in NASA SeaDAS processing.

From our analyses for MODIS-Aqua, we recommend using ANN-based OC-SMART (Fan et
al. 2017, 2021), NIRSWIR (Wang and Shi 2007) and NASA-AC (Bailey et al. 2010) for optical
water types 3-8 and NIRSWIR for extremely turbid water with OWTs 1 and 2. UV-AC (He et
al. 2012) showed best performance for extremely turbid waters classified as OWT1. NIRSWIR
showed consistently good performance across all OWTs, however, its performance was highly
related to the sensor’s signal-to-noise ratio of the SWIR bands, and this was particularly true
for low turbidity waters.

Table 11.1 provides a brief overview of some of the advantages and limitations of the AC
algorithms studied.

11.1 Applicability to other sensors

This inter-comparison of AC algorithms was applied to MODIS-Aqua, however, most ocean-
colour-capable sensors have similar bands, thus, we believe the results of this report could
be applicable to other sensors. NASA-AC has been tuned to process all major ocean colour
satellite images including OLCI. Algorithms based on the direct inversion of the full TOA spec-
tral signal, such as FUB and CR2CC, are expected to perform differently when applied to other
ocean colour missions. OC-SMART has been shown to perform well for eleven different ocean
colour sensors (Fan et al. 2021). We expect that accuracy will increase with an increased num-
ber of spectral bands, such as for OLCI, and slightly decrease for sensors with fewer bands
compared to MODIS-Aqua, such as VIIRS. The overall performance of the ANN-based methods,
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Table 11.1 Overview of some advantages and limitations of the AC algorithms reviewed
in this report.

Model Advantages Limitations
UV-AC | Applicable to extremely turbid or eutrophic Assumption of negligible water-leaving
waters radiance at UV or short blue bands
Easy to implement Assumption of “white’ aerosol reflectance
spectrum
Fast to process the images
Applicable to different ocean colour sensors
based on the general Rayleigh scattering
lookup table
SS14 Atmospheric correction per optical water Applicable only to weakly absorbing aerosols
types
Calculation of a single parameter ~ Empirical relationships
Empirical relationships to correct the aerosol | Extrapolation to estimate the aerosol
radiance radiance
No aerosol models required Results deteriorated in dense bloom waters
Easy to implement
SWIRE Based on Gordon and Wang (1994) Applicable only to weakly absorbing aerosols
Developed for suspended sediments Extrapolation depends on the dataset used
to define the function
Use of SWIR bands Need SWIR bands
Empirical function to extrapolate the Developed only for MODIS-Aqua
Rayleigh-corrected reflectance from SWIR to
NIR used as a reference
Easy to implement
Developed specifically for MODIS-Aqua
MUMM | No aerosol models required Three steps required
No bio-optical models required Need to estimate the epsilon parameter for
each pixel of a given image
Available for SeaWiFS, MODIS-Aqua, MERIS The ocean parameter, ¢, is not constant
and OLCI when the turbidity is high
Based on Gordon and Wang (1994) for the Applicable only to weakly absorbing aerosols
first step
Easy to implement
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NASA-AC | Diverse optical domains Requires aerosol models
80 aerosol models Use of empirical optical models (e.g. spectral
backscattering, particulate and dissolved
absorption) limits the applicability
iteration processing Practical implementation of the iteration
scheme can result in conditions of
non-convergence
Based on Gordon and Wang (1994) for the Applicable only to weakly absorbing aerosols
first step
Requires a first value of the parameters of
interest to start the iteration process
NIRSWIR No bio-optical model required Requires aerosol models
Assumption of black pixel Extrapolation of model aerosol from SWIR to
VIS
Applicable only to weakly absorbing aerosols
Low SNR for the SWIR bands
Polymer Spectral matching inversion Limited to moderate turbid waters due to the
bio-optical model
No aerosol models required Bio-optical model covering a wide range of
optical water types is needed for global
applicability
Spectral approximation of the atmospheric The aerosol’s diffuse transmittance is fixed
component to 1.0
Analytical formulation does not rely on
aerosol models
Correction of sun glint
Applicable to moderately absorbing aerosols
Available for MODIS-Aqua, MERIS and OLCI
C2RCC Direct inversion Dependent on the training dataset

Fast to process the images

Available for OLCI, MERIS and MODIS-Aqua,
VIIRS, MSI, OLI and SeaWiFS

No negative reflectance retrieval due to
logarithmic transformation of the training
data
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FUB

Direct inversion of full spectral TOA
radiance signal

Fast to process data once the networks are
trained

Bio-optical model used on forward radiative
transfer simulations based on European
coastal waters

No negative reflectance retrieval due to
logarithmic transformation of the training
data

Robust to input errors as training included
noise

Available for MODIS-Aqua, MERIS and OLCL
The MERIS and OLCI plugins for SNAP also
provide estimates of Chl-a, SPM and CDOM
with per-pixel uncertainties included for
OLCI

Applicable only to weakly absorbing aerosols

Limited to moderately turbid waters with
maximum concentrations of 50 g m™ for SPM
and 50 mg m™ for Chl-a with CDOM at 443
nm not exceeding 1 m™

Dependent on the training dataset

OC-SMART

Applicable in open ocean and coastal/inland
waters, as well as in extreme conditions such
as heavy aerosol loadings, extremely turbid
water, etc.

Applicable to sensors with low signal to
noise ratio (SNR)

Resilient to contamination due to sun glint
and adjacency effects of land or cloud edges

Only positive Ry value are retrieved

Multi-sensor support: SeaWiFS, MODIS/Aqua,
SNPP/VIIRS, ISS/HICO, Landsat8/0LI,
DSCOVR/EPIC, Sentinel-2/MSI,
Sentinel-3/0LCI, COMS/GOCI, GCOM-C/SGLI
and FengYun-3D/MERSI2

Applicable only to weakly absorbing aerosols

Based on a scalar RTM (polarization effects
not considered)

Coupled RTM based on a flat air-water
interface (surface roughness effects not
included) - sky glint and “weak” sun glint
included, but not “strong” sun glint
Inelastic scattering processes (Raman,
fluorescence scattering) not included in RTM

Dependent on the training dataset
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however, will strongly depend on the applicability of the training dataset and the underlying
bio-optical model assumptions.

Additional studies support the use of these algorithms for other sensors. Hieronymi et
al. (2023) compared five AC algorithms (including Polymer and C2RCC) for OLCI-A and -B
on-board Sentinel-3 using mainly the AERONET-OC in-situ dataset. Similar to this work, the
authors also provided comparison over different optical water types.

11.2 Limitations of the study

For the convenience of the reader, we summarize here a few of the limitations of the study to

keep in mind, previously mentioned within the text:
< The in-situ match-up exercise did not include very turbid waters, as SPM did not exceed
32.2 mg m?

< Absorbing aerosols and adjacency effects were not considered

«» NASA-AC and NIRSWIR were vicariously calibrated, which is not the case for the other
AC algorithms discussed

< The design of the sensitivity study remained too complex, as the dependent variables
were not fully isolated, resulting in inconclusive interpretation and ambiguous results.

«» With a focus on MODIS-Aqua, detailed transfer of AC performance results to other sen-
sors remains problematic and cannot be concluded.

«» The BRDF was not considered in the match-up exercise. Pitarch et al. (2025) proposed
a new BRDF correction method applicable to a very wide range of optical water types,
covering virtually all global waters. Further work in this area will be to apply this correc-
tion in order to better assess the uncertainties in R, retrievals, and examine the impact

of not correcting the BRDF.

11.3 Recommendations

Based on the efforts and analysis of the working group, the following perspectives and recom-

mendations are put forward to improve future analyses of atmospheric correction algorithms

and their performance:
« There needs to be a continuous effort to collect more in-situ measurements over a wide
range of atmospheric and oceanic conditions. The AERONET-OC network is very useful,
but diversity of the optical water types should be improved (OWTs 1 - 3). Systematic
concomitant measurements of R, IOPs and aerosol parameters should be encouraged.

< Future inter-comparison experiments should consider including adjacency effects and
absorbing aerosols.

< Future efforts should also include validation of NIR R, using fiducial references mea-
surements, as many biogeochemical algorithms for coastal waters are based on bands
greater than 670 nm.

«» With the launch of the PACE mission on 8 February 2024, efforts should be dedicated to
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R
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the use of polarization to improve R, retrievals. Polarization observations can obtain
more accurate aerosol scattering/absorption properties which are expected to be greatly
helpful for improving AC accuracy, not only in open oceans, but also in turbid waters
(Loisel et al. 2008; Frouin et al. 2019; Jamet et al. 2019; He et al. 2024).

Use of LIDAR techniques could help to quantify highly absorbing aerosols. LIDAR, as an
active remote sensing technique, is able to provide profiles of aerosols throughout the
atmospheric column, as well as identify aerosol types (Weitkamp 2005; Lolli 2023). The
standard AC algorithms do not consider absorbing aerosols, because although it may
be possible to discriminate them, it remains difficult to obtain a vertical distribution. It
is important to have information about the vertical distribution of the aerosols in order
to accurately correct for absorbing aerosol impact. There is currently no space-borne
oceanic profiling LIDAR. However, CALIOP (NASA Cloud Aerosol Lidar with Orthogonal
Polarization) on-board the CALIPSO mission (2006-2023) was in the A-Train, a constel-
lation of satellites (Stephens et al. 2002), and there may be a potential to merge CALIOP
and MODIS-Aqua to better estimate R, in an atmosphere containing absorbing aerosols.
In the near-future, the Italian Space Agency (ASI) and NASA plan to launch a multi-
purpose space LIDAR mission dedicated to the observation of the Earth’s atmosphere,
surface and oceans. This space-borne LIDAR mission will have ocean capabilities, and
will provide the vertical structure of the back-scattering and diffuse attenuation coeffi-
cients up to 50 meters depth.

There should be continuous effort and support from space agencies to compare AC
algorithms (including new algorithms) across a wider range of ocean colour sensors,
and to establish protocols for sensitivity studies on the atmospheric and bio-optical /
biogeochemical parameters.
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Individual scatterplots for the individual match-up dataset
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Appendix B

Scatterplots of R.(\) ratios for the individual match-up
dataset
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Scatterplots of R,s(\) ratios for the individual match-up dataset o 133
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Appendix C

Individual scatterplots for the common match-up dataset
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Appendix D

Scatterplots of R.4(\) ratios for the common match-up
dataset
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Scatterplots of R,s(\) ratios for the common match-up dataset o 143
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Appendix E

Individual scatterplots for the simulated dataset
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Appendix F

Individual density scatterplots for the simulated dataset
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Appendix G

Scatterplot of R,(\) ratios for the simulated dataset
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Acronyms and Abbreviations

AC Atmospheric Correction

AccuRT A Radiative Transfer model for the coupled atmosphere-water system
AERONET-OC  AErosol RObotic NETwork Ocean Colour

ANN Artificial Neural Networks

AOPs Apparent Optical Properties

AOD Aerosol Optical Depth

AOT Aerosol Optical Thickness

BRDF Bidirectional Reflectance Distribution Function

C2RCC Case 2 Regional CoastColour

CCRR CoastColour Round Robin

CDOM Coloured Dissolved Organic Matter

CHL Chlorophyll-a

COASTLOOC Coastal Surveillance Through Observation of Ocean Color
CcVv Coefficient of Variability

CZCS Coastal Zone Color Scanner

DOC Dissolved Organic Carbon

DOM Dissolved Organic Matter

EO Earth Observation

ESA European Space Agency

EUMETSAT European Organisation for the Exploitation of Meteorological Satellites
FUB Freie Universitat Berlin AC algorithm of Schroeder & coworkers 2005, 2007
GLI Global Land Imager

GSM Garver-Siegel-Maritorena model

GW94 AC Approach of Gordon & Wang, 1994

HICO Hyperspectral Imager for the Coastal Ocean

10Ps Inherent Optical Properties

IR Infrared

JAXA Japan Aerospace Exploration Agency

L1 Level-1 data

L2 Level-2 data

L3 Level-3 data

MERIS Medium Resolution Imaging Spectrometer

MIN Mineral Particles

MODIS Moderate resolution Imaging Spectroradiometer

MOMO Matrix-Operator-MOdel

MSE Mean Squared Error

MSI Multispectral Imager

MUMM Management Unit of the North Sea Mathematical Models
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NAP Non-Algal Particles

NASA National Aeronautics and Space Administration

NASA-AC NASA Standard AC Algorithm of Bailey & coworkers 2010
NIR Near Infra-Red

NIRSWIR Near+Shortwave Infra-Red AC algorithm of Wang & Shi, 2007

NOAA National Oceanic and Atmospheric Administration (USA)
OC-SMART  Ocean Color - Simultaneous Marine and Aerosol Retrieval Tool
OAC Optically Active Constituent

OBPG Ocean Biology Processing Group (NASA)

OCR Ocean Colour Radiometry

ocC1 Ocean Colour Imager

OLCI Ocean and Land Colour Imager

OPAC Optical Properties of Aerosols and Clouds

OWT Optical Water Type

PACE Plankton, Aerosol, Cloud, ocean Ecosystem

PCOART vector Coupled Ocean-Atmosphere Radiative Transfer model
Polymer AC algorithm of Steinmetz & coworkers 2011

PSD Particle Size Distribution

QAS Quality Assurance Score

QWIP Quality Water Index Polynomial

R10 Simulations from IOCCG Report 10 (2010)

RAA Relative Azimuth Angle

RD Relative Difference

RH Relative Humidity

RMSD Root Mean Square Difference

RTM Radiative Transfer Model

SAA Solar Azimuth Angle

SAR Synthetic Aperture Radar

SeaDAS SeaWiFS Data Analysis System

SeaWiFS Sea-viewing Wide Field-of-view Sensor

SLSTR Sea and Land Surface Temperature Radiometer

SNAP Sentinel Application Platform

S-NPP Suomi National Polar-orbiting Partnership

SNR Signal-to-Noise Ratio

SOM Self-Organizing Map

SPM Suspended Particulate Matter

SS14 Gaussian-spectral relationship AC algorithm of Singh & Shanmugam, 2014
SSP Spectral Shape Parameter

SvC System Vicarious Calibration

SWIR Shortwave Infra-Red

SWIRE Shortwave Infra-Red AC Algorithm of He & Chen, 2014
SZA Solar Zenith Angle

TOA Top of Atmosphere

TSM Total Suspended Matter



TSS
UAV

UV-AV
VAA
VIIRS
VIS
VZA
WG

Total Suspended Solids

Unmanned Aerial Vehicle

Ultraviolet

Ultraviolet AC Algorithm of He & coworkers 2012
Viewing Azimuth Angle

Visible Infrared Imaging Radiometer Suite

Visible

Viewing Zenith Angle

Working Group
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Mathematical Notation

Symbol Description Typical Units

0o solar zenith angle rad

bo solar azimuth angle rad

0., viewing zenith angle rad

bo viewing azimuth angle rad

A¢ relative azimuth angle rad

T optical depth dimensionless

TTOA top-of-atmosphere optical depth dimensionless

Ta total optical depth of atmosphere dimensionless

T;r total optical depth just above air-water interface dimensionless

Tq total optical depth just below air-water interface dimensionless

AMIN absorption coefficient for mineral particles [m™ 1]

Qpig absorption coefficient for pigmented particles m~ Y]

ACDOM absorption coefficient for CDOM [m™ 1]

BrIN scattering coefficient for mineral particles [m™ 1]

Bpig scattering coefficient for pigmented particles [mfl]

YMIN attenuation coefficient for mineral particles [m™— 1]

Vpig attenuation coefficient for pigmented particles [m_l]

p reflectance

Pre Rayleigh-corrected reflectance

Pw water leaving reflectance

PTOA top-of-atmosphere reflectance

K band ratio correction factor

PRay (cos @) Rayleigh scattering phase function

ppeT(cos ©) Petzold scattering phase function

PFF (cos @) Fournier-Forand (FF) scattering phase function

Fo extraterrestrial solar irradiance W m~2 nmfl]

F 0 extraterrestrial solar irradiance at the mean distance from the Sun W m~2 nmfl]

L, radiance due to scattering/absorption by aerosols in the absence of | [W m~ 2 nm™! _1]
air molecules

Lya the radiance due to the interaction between aerosols and air | [W m~ 2 nm~! srfl]
molecules (aerosols-Rayleigh scattering)

Ly the radiance due to specular reflection of Sunlight by the sea surface | [W m~ 2 nm~ ! sr 1]
(Sun glint)

Lr radiance due to scattering by air molecules (Rayleigh scattering) in | [W m~ 2 nm~ ! sr 1]
the absence of aerosols

Lrtoa radiance measured at the top of the atmosphere W m~2nm~?! srfl]

Lsea radiance computed for a non-black sea W m~ 2 nm~! sr_l]
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Lilack sea radiance computed for a black sea W m~2nm~! srfl]

Ly water-leaving radiance W m~2nm! sr_l]

nL., normalized water-leaving radiance W m 2 nm~! srfl]

Lw,To A contribution of radiance emerging from the sea to TOA radiance W m~2nm~! srfl]

Luye the radiance due to white caps I\ m~ 2 nm! sr_l]
ZfN exact normalized water-leaving radiance W m~2nm~! srfl]

d mean Earth-Sun distance

d actual Earth-Sun distance

F anisotropy correction factor

tt upward diffuse transmittance dimensionless

t downward diffuse transmittance dimensionless

Eq(t) downward irradiance just above the surface [Wm™2]

Eq4(t=0) downward TOA irradiance [Wm™?]

t=1t" xtt diffuse transmittance dimensionless

Rrs remote sensing reflectance [srfl]

R? coefficient of determination dimensionless

Stotal total score dimensionless

T direct transmittance from the surface to the sensor dimensionless
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