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Abstract: Spatial resolution is the main instrumental requirement for the multi-spectral optical space
missions that address the scientific issues of marine coastal systems. This spatial resolution should
be at least decametric. Aquatic color data processing associated with these environments requires
specific atmospheric corrections (AC) suitable for the spectral characteristics of high spatial resolution
sensors (HRS) as well as the high range of atmospheric and marine optical properties. The objective
of the present study is to develop and demonstrate the potential of a ground-based AC approach
adaptable to any HRS for regional monitoring and security of littoral systems. The in Situ-based
Atmospheric CORrection (SACOR) algorithm is based on simulations provided by a Successive
Order of Scattering code (SOS), which is constrained by a simple regional aerosol particle model
(RAM). This RAM is defined from the mixture of a standard tropospheric and maritime aerosol type.
The RAM is derived from the following two processes. The first process involved the analysis of
a 6-year data set composed of aerosol optical and microphysical properties acquired through the
ground-based PHOTONS/AERONET network located at Arcachon (France). The second process
was related to aerosol climatology using the NOAA hybrid single-particle Lagrangian integrated
trajectory (HYSPLIT) model. Results show that aerosols have a bimodal particle size distribution
regardless of the season and are mainly represented by a mixed coastal continental type. Furthermore,
the results indicate that aerosols originate from both the Atlantic Ocean (53.6%) and Continental
Europe (46.4%). Based on these results, absorbing biomass burning, urban-industrial and desert
dust particles have not been considered although they represent on average 19% of the occurrences.
This represents the main current limitation of the RAM. An assessment of the performances of
SACOR is then performed by inter-comparing the water-leaving reflectance (ρw) retrievals with three
different AC methods (ACOLITE, MACCS and 6SV using three different standard aerosol types)
using match-ups (N = 8) composed of Landsat-8/Operational Land Imager (OLI) scenes and field
radiometric measurements. Results indicate consistency with the SWIR-based ACOLITE method,
which shows the best performance, except in the green channel where SACOR matches well with
the in-situ data (relative error of 7%). In conclusion, the study demonstrates the high potential of
the SACOR approach for the retrieval of ρw. In the future, the method could be improved by using
an adaptive aerosol model, which may select the most relevant local aerosol model following the
origin of the atmospheric air mass, and could be applied to the latest HRS (Sentinel-2/MSI, SPOT6-7,
Pleiades 1A-1B).
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1. Introduction

Marine coastal social–ecological systems are dramatically exposed to the adverse effects of
global environmental changes and anthropogenic drivers [1,2]. To cope with disaster risks, develop
appropriate responses (such as climate adaptation and mitigation policies) and improve risk
governance, decision-makers need timely and useful information for the assessment of coastal
vulnerability [3–5]. Satellite remote sensing is a crucial component of Earth observation programs to
support this objective. Aquatic color radiometry (ACR) particularly offers one of the most spatially
and temporally comprehensive tools for the monitoring of the littoral environment and assessment of
security [6,7].

Marine coastal systems are characterized by spatially heterogeneous biological, physical,
geochemical and geomorphological features and controlling processes [8]. Due to a low spatial
resolution, ocean color sensors, such as MODIS (Moderate Resolution Imaging Spectroradiometer)
or OLCI (Ocean and Land Color Instrument), show limited capabilities in progressing from
the measurements of key environmental parameters to quantitatively interpreting the associated
processes [9]. To address scientific issues associated with these environments, high spatial
resolution satellite remote sensors (HRS) are required. Although HRS space programs are generally
primarily designed for the monitoring of continental surfaces, recent decametric spatial resolution
missions (Landsat-8/Operational Land Imager (OLI) or Sentinel-2/Multi-Spectral Instrument (MSI))
demonstrate a high potential for littoral applications due to improved instrument capacities [10,11].
On the other hand, sub-decametric missions show limited capacities particularly due to lower
spectral characteristics (for instance, no near-infrared (NIR) or short-wave infrared (SWIR) bands to
support accurate atmospheric corrections). The major importance of sub-decametric HRS data for
the monitoring of marine coastal systems [8,12] requires the development of a specific atmospheric
correction in processing.

The use of ACR data to estimate key aquatic environmental parameters (e.g., suspended
particulate matter, chlorophyll-a concentration, water depth and benthic habitat) involves
accurate atmospheric corrections (AC) for deriving the water-leaving reflectance (ρw) from the
top-of-atmosphere signal (ρTOA) recorded by sensors. This signal is mainly dominated by the
gaseous and aerosol contributions of the atmosphere. While the contribution of air molecules is
well considered [13,14], the aerosol contribution still generates high uncertainties in the correction
of atmospheric effects due to the difficulty to accurately estimating the concentration and type of
atmospheric particles. Typical AC methods for the processing of ACR data over open ocean areas use
the signal measured at NIR wavelengths in order to determine the aerosol model. This assumes a zero
value of ρw in this spectral region due to a high light absorption by pure water compared to the light
backscattering by suspended particles [15] (noted GW94 thereafter). In coastal waters, the contribution
of the particle backscattering at NIR wavelengths is no longer negligible [16–18]. To solve this problem,
different AC approaches have been proposed based on: (i) the use of SWIR [17,19] or ultraviolet [20,21]
spectral bands; (ii) the spatial homogeneity of the NIR band ratio [13,16,22]; (iii) the spectral shape
matching method [23–26]; or (iv) direct neural networks inversion [27,28] and adding constraints to
the GW94 scheme for taking into account a non-zero water-leaving reflectance [29–34]. However, the
requirement for spectral bands at the NIR and SWIR wavelengths for HRS space missions severely
limits these approaches.

Furthermore, marine coastal environments are characterized by a high dynamic range of
concentration and type of aerosols. In particular, the Atlantic coast exhibits marked temporal and
spatial variability in the microphysical and optical properties of atmospheric particles due to various
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sources of continental and maritime aerosols [35]. Maritime aerosols are generally non-absorbing and
are mainly composed of sea salt particles produced from the breakup of water bubbles. Continental
aerosols may be roughly divided into urban-industrial, Saharan dust and biomass burning types [36].
Urban-industrial aerosols are characterized by a significant spatial and temporal variability of its
two main contributors, namely the non-absorbing sulfate and absorbing carbon particles. As for the
biomass burning type, absorbing urban-industrial aerosols are composed in particular of black carbon,
which have a strong absorption in the near-infrared wavelengths. Mineral dust particles, which are
a major component of Saharan dust, show high absorption in the blue wavelengths, while a lower
absorption is observed in the other spectral regions. Typical AC methods are based on a limited
number of aerosol models, which fail to represent all local aerosol conditions and thus, directly impact
the accuracy of retrievals [37–39]. The limited number of aerosol models is particularly true for the AC
methods used to process the surface reflectance of standard decametric space missions, which have
been provided by the U.S. Geological Survey (USGS) for OLI [40] and the Theia Land Data Center for
MSI [14].

To overcome these limitations, one relevant alternative solution is to directly derive the
contribution of aerosols using radiative transfer simulations obtained from the use of an accurate
regional aerosol model [39]. We believe that this regional approach is fully justified in the context
of operational monitoring of environmental security with regards to an increased number of global
approaches. In this paper, we describe the development of the in Situ-based Atmospheric CORrection
(SACOR) approach, which is adaptable to individual sites. The regional aerosol model (RAM) is
developed following the methodology of Ahmad et al. [38] and using the combined analysis of
the two following processes. The first involves a 6-year data set composed of aerosol optical and
microphysical properties acquired through the ground-based PHOTONS/AERONET network located
at Arcachon, while the second is related to aerosol climatology using the NOAA hybrid single-particle
Lagrangian integrated trajectory (HYSPLIT) model. While SACOR can be applied to any HRS data,
results are presented for the OLI data in order to evaluate and inter-compare the performances of
the algorithm with respect to the SWIR- and NIR-based ACOLITE [19] and MACCS (Multi-Sensor
Atmospheric Correction and Cloud Screening processor) [14] algorithms. To highlight the impact of
the aerosol model, additional comparisons are performed on ρw retrievals using the Second Simulation
of a Satellite Signal in the Solar Spectrum (6SV) radiative transfer code with standard atmospheric
particle models.

2. Materials and Methods

2.1. Site Description

Arcachon Bay is a macrotidal shallow semi-enclosed lagoon of approximately 180 km2 located on
the French Atlantic coast (44◦40′N, 1◦10′W; Figure 1). It is connected to the Atlantic Ocean by a channel
that is 2–3 km wide and about 12 km long. Waters are optically complex and present a high turbidity
gradient associated with the salinity gradient. The spatial heterogeneity of the suspended particulate
and dissolved matter in terms of composition and concentration is mainly determined by oceanic
inputs and river discharges in the external and inner part of the lagoon, respectively, which is coupled
with moderate water renewal rates [41–43]. Biogeochemical parameters of the water column are also
characterized by a high temporal variability. Over the period of 2005–2015, the mean annual values of
the concentration of suspended particulate matter (SPM), chlorophyll-a (Chl) and particulate organic
carbon to nitrogen ratio (C/N ratio, proxy of the origin of SPM) are 4.06± 4.56 mg/L, 1.53± 0.79 µg/L,
and 5.75 ± 1.74 mol/mol, respectively, at the Comprian station (COMP) located in the inner part of the
lagoon (statistics extracted from the data set of the French Coastal Monitoring Network SOMLIT).

The climate in the Arcachon area is mild. The summer is hot and dry, while the winter is rainy and
cold. The mean maximum temperature in summer ranges from 21.0 to 24.0 ◦C, while this temperature
ranges from 10.9 to 12.2 ◦C in winter. Similarly, the mean minimum temperature in summer ranges
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from 12.1 to 15.1 ◦C, while this temperature ranges from 2.5 to 3.2 ◦C in winter. The maximum
monthly average value of relative humidity is observed in January (82 ± 3%), while the minimum
value is seen in July (71 ± 2%) (statistics extracted from the data set of Météo-France, Lège-Cap Ferret
station). On the Earth surface, northwesterly winds dominate on average from spring to late summer,
while southwesterly winds dominate from autumn to early spring [44]. However, winds present a
significant variability associated with four well-defined atmospheric circulation patterns [45], which
directly impact the aerosol concentration and types. The main origin of primary aerosols emitted in
the Arcachon area derives mainly from oceanic (fresh sea-spray droplets), biotic stress-induced (humid
area and pine forest), biomass burning and vehicular emissions [46].
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Figure 1. Landsat-8/Operational Land Imager (10-01-2014) image acquired over the Arcachon
lagoon area (Southwest France), showing the location of the CIMEL sun photometer (red star) and
meteorological (yellow star) stations.

2.2. AERONET Data

Optical and microphysical properties of the aerosols over the area are derived from sun and
sky radiance measurements acquired from a ground-based CIMEL CE-318 photometer. The CIMEL
located at Arcachon has been operational since September 2008 under collaboration between the
LOA (University of Lille) and the EPOC (University of Bordeaux) laboratories. Calibrations of the
instrument are carried out by the French National Observatory Network for Aerosol (PHOTONS),
which is a part of the Aerosol Robotic Network (AERONET). The standardized AERONET procedures
of the instrumentation, methodology, data processing and data quality control are fully described in
previous studies [35,47–49]. For this study, we used mean daily quality-assured level 2.0 data from
January 2009–May 2015 in order to define the aerosol model. Specifically, as mentioned in Section 2, the
seasonal behavior of both direct sun (aerosol optical depth at 500 nm (AOD) and Ångström coefficient
computed between 440 and 870 nm (α440−870)) and inversion products (aerosol particle size distribution
(PSD) and AOD fine mode fraction (FMF)) is analyzed to infer the dominant aerosol types.

The accuracy of AERONET retrievals was investigated in numerous studies [47–50]. Good
performances were reported for the AOD and PSD. Values of PSD are retrieved in 22 equidistance



Remote Sens. 2017, 9, 814 5 of 25

bins in the ln(r) space, where r varies from 0.05 to 15 µm. The errors for PSD do not exceed 10% in the
maxima of the intermediate particle size range (0.1 ≤ r ≤ 7 µm), while the estimated uncertainty for
AOD is approximately ±0.01 for λ ≥ 400 nm. The single scattering albedo (SSA) and complex index of
refraction (n) retrievals can be accurately retrieved only for high aerosol loading (AOD(440) ≥ 0.5).
However, for the AERONET Arcachon site, 97.5% of the data (on a total of 991 averaged daily
observations) did not report SSA and n values. Consequently, the SSA observations can not be used in
this study for determining the nature of aerosol. Finally, the estimation of the AOD fine mode fraction,
FMF, was reported as a robust process, which is based on the separation of the AOD into fine and
coarse contributions [50].

2.3. Classification of Air Masses back Trajectories

In addition to the CIMEL data analysis, air mass back trajectories ending at Arcachon at 12:00 UTC
have been computed with the NOAA Hybrid Single-Particle Lagrangian Integrated Trajectory
(HYSPLIT) model [51–53] in order to investigate the origin of the aerosols. From 1 January 2009
to 31 December 2015, a three-day back trajectory was calculated for each day. A calculation of the back
trajectories limited to 72 h back is based on a compromise between the need to reduce the uncertainties
caused by the meteorological conditions [54] and the consideration of regional and long-range transport.
Back trajectories were performed for two different altitude levels (1000 and 3000 m), which served as
representations of the air masses in the boundary layer and in the free troposphere. In all, more than
5000 trajectories were produced. The NCEP Global Data Assimilation System (GDAS) dataset was
downloaded and used as meteorological inputs. To identify the dominant patterns of back trajectories,
a cluster analysis is performed using the options included into the HYSPLIT software. The cluster
analysis is based on the total spatial variance (TSV) method [55–57]. The variation of TSV was used to
determine the optimal number of clusters or classes.

2.4. The In-Situ Based Atmospheric CORrection Algorithm (SACOR)

2.4.1. Algorithm Description

After pre-processing of sun glint, whitecaps and gaseous absorptions [58], the top-of-atmosphere
reflectance (ρTOA(λ)) measured by multi-spectral optical sensors can be approximately expressed as
follows [15]:

ρTOA(λ) = ρr(λ) + ρa(λ) + ρra(λ) + t(λ).ρw(λ), (1)

where λ is the wavelength; ρr(λ) is the reflectance due to scattering by the air molecules; ρa(λ) is the
reflectance due to the scattering by aerosols; ρra(λ) is the reflectance due to the multiple scattering from
the interaction between molecules and aerosols; ρw(λ) is the water-leaving reflectance; and t(λ) is the
two-way diffuse atmospheric transmittance. Note that the impact of the spherical albedo is neglected
in this study due to its small effect on the contributions from the water body [59,60]. For brevity, we
suppress the reference to the spectral dependency in the following text.

Most of the algorithms used to remove the atmospheric signal due to aerosols from ρTOA are
based on posteriori knowledge of the aerosol types derived from the analysis of the ρTOA spectral
shape at NIR and SWIR wavelengths. Following the method developed by Ahmad et al. [38], we
propose an alternative approach for regional applications. The SACOR approach presented in this
paper allows for estimation of the aerosol contribution to ρTOA from a priori knowledge of the aerosol
nature (i.e., their microphysical and optical properties) and using the in-situ data from ground-based
instruments. Thus, the SACOR methodology is based on the definition of an appropriate aerosol model
used to generate a set of lookup tables (LUTs) from an exact radiative transfer code with suitable input
parameters as described in the following section.
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Aerosol models are fully described by three microphysical and optical parameters of atmospheric
particles, which are the volume geometric mean radius (rvi), the geometric standard deviation (σi)
and the complex index of refraction (ni). The subscript i refers to the ith mode of the PSD. The most
appropriate model for the PSD is a bimodal lognormal distribution where the first and second modes
are generally associated with fine and coarse particles, respectively [47]. Note that rvi and σi allow for
calculation of PSD using the following expression:

dV(r)
dln(r)

=
2

∑
i=1

Vi√
2πσi

exp

[
−
(

ln(r)− ln(rvi)√
2σi

)2
]

, (2)

where r is the volume geometric mean radius of the particle and Vi is the volume of the particles
associated with the ith mode.

As reported by Ahmad et al. [38], rvi and ni are closely dependent on the relative humidity, which
is denoted by Rh [61,62]. Hanel [61] provides the models for computing these parameters as a function
of Rh:

rvi(Rh) = rvi0

[
1 + ρ

mw(Rh)
mi0

]3
, (3)

ni(Rh) = nw + (ni0 − nw)

[
rvi0

rvi(Rh)

]3
, (4)

where rvi0 and ni0 are the radius and complex index of refraction at Rh = 0, respectively; mi0 is the
mass of dry particle; mw and nw are the mass and the complex index of refraction of condensed water,
respectively; and ρ is the ratio of wet-to-dry mass density of aerosols. Based on Equations (2)–(4),
the aerosol model explicitly depends only on Rh when the values of rvi0, ni0, σi and Vi are known.
In our approach, the values of rvi0 and ni0 are determined using the literature [62] once the aerosol
model is defined. These values have been used for more than a decade in the standard atmospheric
correction of the SeaWiFS and MODIS images. The determination of the most representative aerosol
model described in Section 3.3 is based on a long-time series analysis of in-situ AOD, α440−870 and PSD
observations supported by a climatology study aiming to identify the aerosol origins at a synoptic
scale. The σi value is determined as the average value of all AERONET monthly means computed at
Arcachon, as shown by Ahmad et al. [38].

Following this, LUTs associated with the aerosol model are generated from the Successive
Order of Scattering code V5 (SOS) [63,64]. It is important to note that the gaseous absorption is
not considered by the SOS code. For this process, we used the SMAC code (Small Method for
Atmospheric Correction; [65]) and the coefficient values associated with OLI, which were provided by
the CESBIO (Centre d’Etudes Spatiales de la BIOsphere). To reproduce the high range of variability in
the atmospheric optical properties, viewing and solar geometry conditions, simulations are performed
using different values of Vi computed from FMF (i.e., the ratio of the fine mode to the total AOD),
AOD, ρTOA, Rh, zenith sun angle (θ0), zenith viewing angle (θv) and azimuth difference (∆φ) (technical
information are provided in a previous study [66]). These variables are used as input parameters in
the SACOR algorithm to select the correct LUTs. As ρTOA, θ0, θv and ∆φ can be directly extracted from
OLI images, the SACOR algorithm requires only three external data types, namely Rh, AOD and FMF,
which could be provided by ground-based observations. Figure 2 gives a schematic representation of
the SACOR algorithm.
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2.4.2. Assessment of SACOR performances

The SACOR approach can be applied to any HRS space mission data as the set of LUTs can
be generated for any sensor spectral characteristics. However, in this study, OLI was selected to
evaluate the performances of our approach for different reasons. First, OLI shows a high potential
for coastal applications due to the improved instrument capacities [10,13,67]. Following this, AC
algorithms with good performance have been developed for aquatic color applications [20]. OLI
is a push-broom imager launched in February 2013 to continue Landsat’s mission of Earth system
monitoring. OLI images consist of 8 spectral bands with a spatial resolution of 30 m, with 4 bands
in the visible wavelength as well as 3 bands at the NIR and SWIR wavelengths. The sensor provides
radiometrically robust observations for coastal environments [10] with a signal-to-noise-ratio (SNR)
that is higher than 200 in the visible, NIR and SWIR bands. The Level 1T (Terrain corrected) OLI
products were downloaded from the Landsat-8 USGS portal [68].

Evaluation of the SACOR performances is based on the comparison of ρw retrievals from
our method with: (i) in-situ measurements and (ii) atmospherically corrected reflectance provided
by standard AC algorithms. The methodology follows a two-step process. In the first step, the
atmospherically corrected OLI data are validated using the in-situ ρw recorded within a short time
interval of±30 min with regards to the satellite overpass time in order to limit the impact of the tide on
the match-up quality. Due to challenging meteorological conditions, only eight match-ups associated
with four OLI scenes are used in this study despite there being 16 field campaigns conducted between
7 March 2014 and 7 December 2015 (Figure 3). Table 1 provides information about OLI images and
associated aerosol conditions, which unfortunately show a low diversity. For each match-up, the
satellite-derived ρw is computed as the average value over a 3-by-3 pixel box centered on the in-situ
station [18,39] and the in-situ ρw spectrum is adjusted to match the L8/OLI channels using their
relative spectral response (RSR) functions [10]. In the second step, a qualitative assessment of the
robustness of SACOR is performed over a wide range of bio-optical conditions. Evaluation is based on
the comparison of the SACOR and SWIR-based ACOLITE atmospherically corrected products along a
cross-shore transection [69].



Remote Sens. 2017, 9, 814 8 of 25

Remote Sens. 2017, 9, 814  8 of 27 

 

Table 1. Landsat-8/Operational Land Imager images used in this study, with image identifier, date 
and time (UTM), and the associated atmospheric conditions (i.e., AOD,  and Rh). 

 Image Date/Time (UTM) AOD  Rh 

#1 LC08_L1TP_200029_20140307_20170425_01_T1 2014-03-07 10:49 0.14 1.09 73% 

#2 LC08_L1TP_201029_20150317_20170412_01_T1 2015-03-17 10:54 0.08 1.70 65% 

#3 LC08_L1TP_200029_20151020_20170403_01_T1 2015-10-20 10:48 0.06 1.50 71% 

#4 LC08_L1TP_200029_20151207_20170401_01_T1 2015-12-07 10:48 0.07 1.40 81% 

 
Figure 3. RGB composite (channels 4-3-2) of the four Operational Land Imager (OLI) images 
associated with  measured in the field (2014-03-07, 2015-03-17, 2015-10-20, and 2015-12-07). For 
each date, red circles indicate the location of the in-situ measurements used for the composition of the 
match-up data set. Sampled stations are co-located with the SOMLIT stations (COMP, TES and B13). 

Figure 3. RGB composite (channels 4-3-2) of the four Operational Land Imager (OLI) images associated
with ρw measured in the field (2014-03-07, 2015-03-17, 2015-10-20, and 2015-12-07). For each date, red
circles indicate the location of the in-situ measurements used for the composition of the match-up data
set. Sampled stations are co-located with the SOMLIT stations (COMP, TES and B13).

Table 1. Landsat-8/Operational Land Imager images used in this study, with image identifier, date
and time (UTM), and the associated atmospheric conditions (i.e., AOD, ff440−870 and Rh).

Image Date/Time (UTM) AOD α440−870 Rh

#1 LC08_L1TP_200029_20140307_20170425_01_T1 2014-03-07 10:49 0.14 1.09 73%
#2 LC08_L1TP_201029_20150317_20170412_01_T1 2015-03-17 10:54 0.08 1.70 65%
#3 LC08_L1TP_200029_20151020_20170403_01_T1 2015-10-20 10:48 0.06 1.50 71%
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In-situ hyperspectral radiometric measurements using TriOS-RAMSES sensors were regularly
recorded at the SOMLIT stations (COMP, TES and B13; see Figure 3) during field cruises aboard
the French oceanographic vessel Planula IV (CNRS/INSU), which have been planned in order to
correspond with the Landsat-8 overpass time. The location of SOMLIT stations allows for sampling
of a spatial gradient of seawater optical properties. The station COMP located in the inner part of
the Arcachon lagoon has optical properties that are mainly influenced by fresh waters coming from
tributaries, while the optical properties at the station B13 located in the west part of the inlet are
influenced by coastal waters [42]. Field measurements include the in-water upwelling radiance (Lu(z),
where z is the depth), above-water upwelling radiance (L0+

sea), sky radiance (L0+
sky) and downwelling

irradiance (E0+
d ). The remote-sensing reflectance (Rrs) is then computed using the above- and in-water

protocols described by Ruddick et al. [70] and Lubac and Loisel [71], respectively. The field above-water
Rrs measurements are selected for match-up when the mean relative difference between the above-
and in-water Rrs spectrums (computed over the 400–950 nm wavelength interval) is lower than 5%.
This criterion ensures high-quality measurements. Following this, ρw was then determined as:

ρw = πRrs, (5)

The standard AC methods used for the inter-comparison of ρw retrievals with SACOR are the
ACOLITE algorithm (https://odnature.naturalsciences.be/remsem/software-and-data/acolite [20]);
MACCS (Multi-Sensor Atmospheric Correction and Cloud Screening processor [14]); and the 6SV
(Second Simulation of a Satellite Signal in the Solar Spectrum Vector code [72]) code compiled for three
different types of standard atmospheric particles (continental, maritime and tropospheric). ACOLITE
is developed at the RBINS (Royal Belgian Institute of Natural Sciences). This image-based model does
not require external data. AC is based on the determination of the aerosol type (ε) using the ratio
of Rayleigh corrected reflectance in the Red, NIR or SWIR bands because it can be assumed that ρw

is null with respect to the level of turbidity [13,20]. Spectral ε is then used to interpolate the aerosol
contribution in the visible bands. In this paper, the per-tile fixed epsilon option is selected for the NIR
and SWIR algorithms (thereafter noted ACO-NIR and ACO-SWIR, respectively), as it has been shown
to provide better results than the per-pixel variable epsilon [69].

The L2A OLI products provided by Theia [73] were processed with the MACCS method, which has
been fully described by Hagolle et al. [74]. AOD is derived from the image, using a combination of three
methods: the black pixel method, the dark dense vegetation method (DDV) and the multi-temporal
(MT) method. The black pixel method is used to find the maximum value of AOD in the image. The
DDV method is used to estimate the amount of aerosol by coupling the surface reflectance above
vegetation in the Red and Blue bands. Finally, the MT method is based on the assumptions that
aerosols vary quickly in time but not with location, while surface reflectance varies with location
but slowly in time. Any changes between two images can be related to aerosols which allows for
the aerosol contribution to be estimated. Surface reflectance is estimated using LUTs built with the
Successive Orders of Scattering (SOS) code.

The 6SV1.1 is an operational source code allowing the simulation of the surface reflectance under
a variety of atmospheric, spectral and geometrical conditions. The code is based on the SOS model
and is also capable of accounting for radiation polarization [75]. The microphysical characteristics of
the aerosol models account for dry particles.

For the SACOR and 6SV methods, OLI images were processed from L1T to L2 using CIMEL (AOD,
FMF and water vapor) and meteorological (Rh) data. For the MACCS method, downloaded images
were already corrected. In contrast to the other algorithms, MACCS method involves an adjacency
effect correction.

https://odnature.naturalsciences.be/remsem/software-and-data/acolite
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3. Results and Discussion

3.1. Variability of Aerosol Optical and Microphysical Properties

Figure 4 shows daily mean values of the aerosol optical depth at 500 nm (AOD) and the Ångström
coefficient (α440−870) from December 2008 to May 2015. A total of 991 observations are reported in
Figure 4. As cloud cover is typically greater in the fall (October, November and December) and winter
(January, February and March), there are more cloud-free observations in spring (April, May and June)
and summer (July, August and September) (Table 2). It is worth mentioning that some gaps can be
observed in the measurement record due to electrical/mechanical failures and sensor malfunctions
(June–July 2010; December 2010–February 2011; August–September 2011) as well as the change in the
local CIMEL technical support team (March 2013–June 2014).
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Figure 4. Daily mean values of (a) the aerosol optical depth at 500 nm (AOD) and (b) Ångström
coefficient computed between 440 and 870 nm (α440−870) in the period from December 2008–May 2015
at the Aerosol Robotic Network (AERONET) Arcachon lagoon station. Red dotted lines represent the
low-pass filtered data performed with running averages.

Table 2. Mean values (standard deviation) of the aerosol optical depth at 500 nm (AOD), the Ångström
coefficient (α440−870) and proportion (%) of the different aerosol types (CM: clean maritime; BU:
biomass burning/urban-industrial; DU: desert dust; MM: mixed maritime; and MC: mixed continental)
as a function of the season. Note that decimal values for proportions are not significant because the
choice of threshold values is partly arbitrary (based on the literature, ±0.02 for AOD and ±0.2 for
α440−870). N is the number of observations.

N AOD α440–870 CM BU DU MM MC

Threshold
Values - - - AOD < 0.1

α440–870 < 1.0
AOD > 0.2
α440–870 > 1.0

AOD > 0.2
α440–870 < 1.0

0.1 < AOD < 0.2
α440–870 < 1.0

AOD < 0.2
α440–870 > 1.0

Spring 266 0.18
(0.11)

1.11
(0.36) 14 22 8 17 39

Summer 297 0.14
(0.08)

1.20
(0.36) 9 15 4 11 61

Fall 213 0.11
(0.06)

1.08
(0.41) 23 7 2 14 54

Winter 215 0.13
(0.10)

1.07
(0.47) 26 13 1 15 45

Total 991 0.14
(0.10)

1.12
(0.40) 17 15 4 14 50
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AOD (Figure 4a) and α440−870 (Figure 4b) have a significant seasonal variability. The maximum
values of AOD are observed in spring and summer with mean values of 0.18 ± 0.11 and 0.14 ± 0.08
(Table 2), respectively. The minimum values are observed in fall and winter with mean values of
0.11± 0.06 and 0.10± 0.10. This seasonal behavior could be attributed to a higher wildland fire activity
and long-range transport from the Eastern Europe in spring and summer [76]. There are also higher
rainfalls in fall and winter, which cause washout and wet depositions of aerosol [77,78]. Similarly, the
maximum seasonal values of α440−870 are observed in spring (with a mean value of 1.11 ± 0.36) and
summer (1.20± 0.36), while minimum values are observed in fall (1.08± 0.41) and winter (1.07± 0.47).
This seasonal behavior indicates a higher aerosol fine fraction in spring and summer, which is probably
due to a high-volume contribution of biomass burning aerosols. This is higher compared to fall and
winter where winter storms lead to an increase in the coarse fraction due to enhanced production of
sea-salt particle.

The behavior of α440−870 as a function of AOD is shown in Figure 5. The α440−870–AOD scatter
plot allows the discrimination of different aerosol types, as reported in a large number of studies (see
references in [79,80]). The determination of the aerosol types is based on threshold values, which are
highly dependent on the relevant site [81]. In this study, threshold values are defined from the local
aerosol climatology provided by Smirnov et al. [35] and Dubovik et al. [36] as well as the classification
created by Toledano et al. [82] and Kaskaoutis et al. [83]. These threshold values are used to distinguish
three pure aerosol types (clean maritime (CM); biomass burning and urban-industrial (BU); and
desert dust (DU) models), and two mixed types (mixed maritime (MM) and mixed continental (MC)
models). The selected threshold values of α440−870 and AOD for each aerosol type are reported in
Table 2. Following this classification, aerosols at the Arcachon lagoon mainly fall into the MC type
(50%), which can be associated with coastal continental aerosols that are optically characterized by the
influence of the local sources of maritime and polluted aerosols. A total of 31% of the observations is
associated with maritime types (17% and 14% for CM and MM, respectively), while 15% and 4% of the
observations are associated with the BU and DU types. A high seasonal variation in the proportion of
the different types of aerosols can be observed, except for the MM aerosol type with its proportion
ranging from 17% in spring to 11% in summer. The influence of MC types is dominant during all
seasons, although there is a more balanced contribution in spring (39%) and winter (45%) compared
to summer (61%) and fall (54%). CM aerosols show a higher contribution in fall and winter with a
frequency of 23% and 26%, respectively, while these aerosols have a lower contribution in spring and
summer (14% and 9%). The BU and DU types contribute more to the total number of aerosols in spring
(22% and 8%), while the minimum contributions are found in fall and winter.

Figure 6 shows the seasonal microphysical properties of aerosols at the AERONET Arcachon
lagoon station calculated during the period from December 2008 to May 2015. As expected for a high
proportion of mixed aerosols, the particle volume size distribution (Figure 6a) is bimodal regardless
of the season. The fine (with a peak value located between 0.15–0.19 µm) and coarse (2.24–2.94 µm)
modes reveal a high variability. The peak magnitudes of the fine and coarse modes range from 0.013 (in
fall) to 0.021 µm3/µm2 (in spring) and 0.008 (in winter) to 0.020 µm3/µm2 (in summer), respectively.
Figure 6b shows the mean monthly fine mode fraction, which can be considered as a proxy of the
contribution (%) of fine particles to the total AOD. The minimum values are observed in the months
of winter and fall with a mean of 47% and 55%, respectively. The maximum values are found in the
months of summer (65%) and spring (56%). The dominant variations in these distributions can be
directly associated with changes in optical conditions and aerosol types. These results are consistent
with the highest proportion of CM aerosols and the lowest α440−870 values previously observed in
winter as well as the highest proportions of BU and DU aerosols and the highest α440−870 values
observed in spring and summer (Table 2). Finally, a comparison between the mean value of FMF at
the AERONET Arcachon lagoon station and two other AERONET coastal sites (Chesapeake Bay and
Dunkerque in Northwest France) is performed (results not presented in this paper). It is worth noting
that the Arcachon site presents a lower proportion of fine particles (58%) compared to the two other
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coastal sites (approximately 64%), which indicates a higher influence of particles originating from the
Atlantic area (results presented in [66]).
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3.2. Identification of the Aerosol Origin at Synoptic Scale

In order to investigate the origin of the aerosols found at the Arcachon lagoon due to long-range
transport, a nonhierarchical cluster analysis is applied to calculate the three-day back trajectories by
means of the NOAA hybrid single-particle Lagrangian integrated trajectory (HYSPLIT) model. The
cluster analysis allows us to group together the back-trajectories with similar lengths, indicating the
wind speed, and curvature. Based on this statistical grouping method, seven distinct classes of back
trajectories can be identified (Figure 7). As in Toledano et al. [82], classes characterized by a mean wind
direction and speed are referred to by the following numerical labels: west (class 1), slow southeast (2),
north–northwest (3), north–northeast (4), southwest (5), fast northwest (6), and fast west–southwest (7).
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Figure 7. The whole set of the three-day trajectories ending at the Arcachon lagoon at an altitude level
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The centroid of each class is indicated by a red curve and the percentage of air mass back trajectories
associated with each class is given in brackets.
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Figure 7 shows that the classes 1, 3, 6 and 7 are mainly associated with Atlantic air masses and
comprise 53.6% of the back trajectories cases. Classes 2, 4 and 5 primarily include the continental air
masses and correspond to 46.4% of the cases. The seasonal distribution of the trajectory occurrences
for each class is given in Figure 8. Classes 6 and 7 associated with a high wind speed (longer trajectory
length) show the highest trajectory occurrence values during the months of fall and winter (77%
and 72% of cases, respectively), while class 2 associated with low wind speed (shorter trajectory
length) is characterized by the highest occurrence value in spring and summer (66%). Combining the
percentage of air mass back trajectories (Figure 7) and the seasonal frequency of trajectory occurrences
(Figure 8) associated with each class, we show that the back trajectories in spring and summer are
mainly represented by classes 1 and 2 (56.3% of cases), while only 8.4% of occurrences are associated
with classes 6 and 7. For the months of fall and winter, the class-membership distribution is more
balanced with a maximum value of 16.8% (class 1) and a minimum value of 12% (class 7).
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Table 3 presents the mean values of the aerosol properties and the proportion of the different
aerosol types associated with the seven classes. The calculation of these parameters is restricted to only
the days for which there are valid CIMEL measurements. Atlantic air masses (classes 1, 3, 6 and 7)
present low mean values of AOD, α440−870, and FMF. The lowest mean values are associated with
long-range transport from the northwest (class 6) and west-southwest (class 7), which also occur
primarily during fall and winter when storm winds are the strongest [84,85]. The mean AOD is 0.09.
The mean α440−870 are 0.52 and 0.77, while the mean FMF are 36% and 48%, respectively. These values
indicate the dominant presence of marine aerosol as highlighted by the high proportion of CM type
aerosols (52% and 53%). This was also associated with a high proportion of MM type aerosols (40%
and 30%). Classes 1 and 3 associated with transport of air masses occurring mainly in spring and
summer show moderately low mean values compared to the total means calculated over the whole
data set (Table 2). However, the proportions of CM type aerosols (27% and 29%, respectively) are
still high compared to the total mean (17%, Table 2). The proportion of the BU and DU types are
more balanced, which indicates that aerosols have a predominantly marine origin combined with
continental components.
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Continental air masses (classes 2, 4 and 5) present high mean values of AOD, α440−870 and FMF.
The highest mean value of AOD (0.20) is associated with short trajectories (class 2) occurring primarily
during spring and summer, which indicates local sources of aerosols. In comparison, the highest
values of α440−870 and FMF (1.36 and 74%) are observed for the class 4 characterized by a longer air
mass transport, which originates from central and northern Europe. Although the origin of aerosols is
considerably different, the proportions of the different aerosol types are similar, especially with a high
proportion of the BU type (26% and 28%, respectively). The main exception is the proportion of the
DU type (7% and 2%), which indicates that there is a significant component of Saharan dust in the
class 2 aerosols. Saharan dust associated with North African air masses are also transported by the
southwesterly trajectories (class 5), which present the highest proportion of the DU type (8%).

Table 3. Mean values (standard deviation) of the aerosol optical depth at 500 nm (AOD), the Ångström
coefficient (α440−870) and the fine mode fraction (FMF; %) as well as proportion (%) of the different
aerosol types (CM: clean maritime; BU: biomass burning/urban-industrial; DU: desert dust; MM:
mixed maritime; and MC: mixed continental) for the seven classes resulting from the cluster analysis.

AOD α440−870 FMF CM BU DU MM MC

Class 1 0.12 (0.06) 0.96 (0.40) 56 (19) 27 7 2 21 43
Class 2 0.20 (0.09) 1.24 (0.35) 65 (18) 6 26 7 10 51
Class 3 0.12 (0.10) 1.07 (0.36) 56 (19) 29 8 2 14 47
Class 4 0.18 (0.14) 1.36 (0.31) 74 (17) 8 28 2 5 57
Class 5 0.13 (0.07) 1.14 (0.33) 61 (15) 14 10 8 10 58
Class 6 0.09 (0.04) 0.52 (0.34) 36 (16) 52 0 0 40 8
Class 7 0.09 (0.03) 0.77 (0.31) 48 (16) 53 0 0 30 17

3.3. Development of a Regional Aerosol Model (RAM)

In this study, the approach used to define a regional atmospheric aerosol particle model (RAM)
is based on the analysis of the temporal variability of the aerosol types as well as their associated
optical and microphysical properties. These properties are derived from an analysis of the aerosol
climatology. Analyses clearly demonstrate that the most representative situation is characterized by
the presence of mixed-type aerosols originating from Atlantic Ocean (Figure 7), which also show a
bimodal PSD regardless of the season (Figure 6). This result allows for the reasonable assumption
that aerosol properties over the Arcachon lagoon can be modeled by the spectral mixture of two
distinct monomodal distributions associated with a fine and coarse mode, respectively. The fine mode
is associated with continental aerosols, while the coarse mode is associated with oceanic aerosols.
Considering that oceanic aerosols are mostly composed of non-absorbing sea-salt particles, we further
assume that any absorption of light propagating through the atmosphere is due to the fine mode
aerosol particles. This assumption is not completely true, in particular when aerosols are composed of
urban/industrial and desert dust particles. However, the probability of this occurrence is low (Table 3)
and we believe that this assumption is realistic.

Because of the lack of in-situ data regarding the optical and chemical composition of atmospheric
aerosol particles, we propose a simplified version of the RAM based on the classification of Shettle
and Fenn [62]. The continental aerosols of the fine mode and oceanic aerosols of the coarse mode are
associated with the tropospheric and maritime aerosol models, respectively. The maritime aerosol
model is composed of sea salts (95%) and water-soluble (5%) particles, while the tropospheric model
consists of a mixture of 70% of water-soluble substances (ammonium, calcium sulfate, and organic
compounds) and 30% of dust-like particles. The RAM is intended to represent the general aerosol
conditions in the study area, which is supposed to not be directly impacted by urban and/or industrial
aerosol sources (mainly represented by class 2). Based on the results displayed in Figure 7, the RAM
should be relevant in approximately 70% of the different weather regimes (roughly all classes except
class 2 and 4).
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It is important to note that the aerosol models of Shettle and Fenn [62] are hygroscopic, which
indicate that the microphysical properties of the aerosols depend on the relative humidity. Those
effects were integrated in the RAM following the method described by Ahmad et al. [38]. The growth
of the volume geometric mean radius (rvi) as a function of Rh has been compared with the Arcachon
AERONET data [66]. There was consistency for the fine mode, while a high overestimation has been
shown for the coarse mode. Bru [66] demonstrated that the overestimation is directly related to the
correction of the volume geometric mean radius of coarse particles (rvc) proposed by Ahmad et al. [38].
The correction of Ahmad et al. [38] consists to increase rvc by a factor of 3σc (the standard deviation
of the monthly mean of the coarse-mode AERONET data) in order to ensure that their models of the
oceanic aerosol size distribution spanned the full range of the satellite observations. For the coastal
site of Arcachon, Bru [66] shown that this correction introduces a bias for the rvc retrievals. When the
correction is not applied, the rvc model matches well with the AERONET data. Therefore, we decided
to not apply this correction in this study. Following this, the optical properties were derived from the
formulations of Shettle and Fenn [62]. The values of the modal radii and standard deviations for fine
and coarse modes as well as the complex refractive index associated with the RAM for different values
of Rh are provided by Bru [66].

This first version of the RAM relies on a compromise between the need for a flexible and robust
model, which allows for processing of a huge number of satellite images associated with a wide range
of maritime and tropospheric aerosols. Following this, the main limitation is currently due to the fact
that absorbing aerosols are only partially taken into account. The effects of the radiation absorption
by aerosols are crucial for the accuracy of the water-leaving reflectance retrievals as explained in
Bassani et al. [39]. To improve the performance of the SACOR approach, an analysis of the variability
of the single scattering albedo and the imagery part of the refractive index of the atmospheric particles
should be performed in order to classify the absorbing aerosol types and integrate them into the RAM.

3.4. Assessment of SACOR Performances

The SACOR, ACO-SWIR, ACO-NIR, 6SV-MAR, 6SV-CON, and 6SV-TRO atmospheric corrections
were applied to the Level 1T OLI data listed in Table 1 for inter-comparison and validation using
in situ-measured water-leaving reflectance. Atmospheric inputs used in SACOR and 6SV were
constrained by the AERONET and meteorological station data (Table 1). The downloaded MACCS
atmospherically corrected products provided by the Theia Data Center were already processed. As
described in Section 2.4.2, evaluation of the SACOR performances follows a two-step process based on
match-up and inter-comparison exercises.

Figure 9 shows the comparison between ρw derived from the SACOR atmospheric corrections and
recorded from in-situ measurements at the four visible spectral bands of OLI. The values of the overall
coefficient of determination (r2 = 0.90) and regression parameters (slope = 0.89 and intercept = 0.002)
for the match-up sets indicate good performances of SACOR for deriving the magnitude and the
spectral shape of ρw. The overall relative error is approximately 24% (Table 4). The lowest error is
observed for the green channel (561 nm) with a value of 7%, while the highest error (46%) is observed
for the coastal channel (443 nm). Furthermore, ρw presents a relative error of 21% and 22% for the blue
(483 nm) and red (655 nm) channels, respectively. It is important to note that the large overestimation
observed in the coastal band is well known [32]. In particular, Pahlevan et al. [86] shown that the
OLI-derived reflectances are brighter at 443 nm than retrievals of standard ocean color missions.

Figure 10 provides an example of the ρw values estimated from OLI data, which were
atmospherically corrected from SACOR and computed from the RSR-adjusted in-situ measurements
for 20 October, 2015. For comparison, the products provided by the other atmospheric corrections
are also reported on Figure 10. It is important to note that the other match-ups show similar trends.
When SACOR is used to process OLI data, a low overestimation of ρw is observed at the coastal, blue
and red bands, while a low underestimation is found at the green band. ACO-SWIR and ACO-NIR
show an underestimation of ρw regardless of the channel, with the highest error occurring at the green
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channel. For this match-up, the lowest performances are observed for 6SV-MAR, -CON, -TRO as well
as MACCS with a high overestimation of ρw regardless of the channel. This result highlights the need
to correctly estimate both the particle modal radii size which depends on Rh, and the aerosol type to
accurately derive the water-leaving reflectance.
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Figure 10. Comparison between the atmospherically corrected OLI image (bands 1, 2, 3 and 4) and
in-situ ρw (B13 station, see Figure 3) acquired on 2015-10-20. Symbols are associated with the different
AC approaches. Note the cross markers are associated with the RSR-adjusted in-situ ρw values.
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Table 4 provides the relative error between the satellite-derived and measured ρw, which is
computed from the eight match-ups. ACO-SWIR shows the best overall performance with a mean
relative error of 19%. ACO-SWIR outperforms SACOR for the coastal, blue and red channels (21%
and 46%; 13% and 21%; 14% and 22%, respectively). There is an exception for the green channel
(27% versus 7%), where a significant underestimation is observed. The origin of this underestimation
already reported by Vanhellemont et al. [13] and Novoa et al. [69] is still unclear. The other atmospheric
corrections show a significantly lower performance compared to ACO-SWIR and SACOR. In particular,
the differences observed in the ρw estimates from 6SV-MAR, -CON and -TRO highlight the importance
of the aerosol model. In general, a high overestimation of the ρw values is observed regardless of the
channels, as illustrated in Figure 10. These errors can be directly attributed to the use of an inaccurate
aerosol model, which provides an underestimation of the atmospheric component.

Table 4. Relative error (%) between satellite-derived and RSR-adjusted in-situ ρw (N = 8), which were
computed for the four OLI visible bands. The underlined value for each channel is associated with the
lowest error.

443 nm 483 nm 561 nm 655 nm Mean

SACOR 46 21 7 22 24
ACO-SWIR 21 13 27 14 19
ACO-NIR 77 32 36 22 42
6SV-MAR 96 35 17 32 45
6SV-CON 74 40 18 65 49
6SV-TRO 80 27 12 24 36
MACCS 78 45 22 38 46

Figure 11 shows the ρw estimates obtained from ACO-SWIR and SACOR in the OLI coastal,
blue, green and red bands over the Arcachon lagoon and the adjacent coastal zone for 20 October,
2015. The ρw maps provided by ACO-SWIR and SACOR show similar patterns associated with
a low noise level, which is probably due to the low sea-surface roughness (wind speed < 1 m/s).
The normalized environmental noise equivalent water-leaving reflectance difference (NNE∆ρw) is
computed for each image following the methodology of Wettle et al. [87] and using the normalized root
mean square error (NRMSE) [69]. To quantify NNE∆ρw, a box of 50 × 50 pixels is extracted from an
optically homogeneous area, which is located far from the coastal plume. The results indicate a similar
noise level between the atmospheric correction methods with a NNE∆ρw value of 3.4% (4.7%), 3.9%
(3.9%) and 5.8% (6.5%) for ACO-SWIR (SACOR) at the blue, green and red bands, respectively. This
highlights the consistent between the ρw estimates and the reliability of SACOR. These performances
are strengthened by the good correlation observed between the ρw estimates obtained from ACO-SWIR
and SACOR along the cross-shore transection.

However, the relative differences between the two atmospheric correction methods are significant
with a mean value of 5.9%, 12.3% and 9.4% at 483 nm, 561 nm and 655 nm, respectively. SACOR
causes the water-leaving reflectance values to be higher than the values obtained from ACO-SWIR.
Furthermore, the difference between the values is significantly higher in the inner part of the Arcachon
lagoon compared to the outer part of the inlet.

The relative difference is clearly correlated with bio-optical changes along the cross-shore
transection, which is represented on Figure 11 by vertical dashed lines and black plus-sign circle
symbols. The highest relative difference is found between the Point kilometer 0 (PK0) and PK8.4,
where the optical properties of the sea-water are dominated by the particles and dissolved matter
coming from rivers and internal channels of the lagoon. Beyond PK8.4, where the sea-water is optically
influenced by the coastal ocean, the relative difference decreases and becomes non-significant with
respect to the NNE∆ρw at 483 nm and 655 nm. It is important to note that, between PK8.4 and PK22.1,
the bottom can influence the ρw spectrum due to a lesser water depth associated with a low diffuse
attenuation coefficient [12]. For example, a maximum ρw estimated value is observed at PK15.8 and
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PK22.1, where the bathymetry values are −7.1 and −8.6 m, respectively. The minimum value observed
at PK17.4 is associated with a bathymetry of −11.3 m.

However, the hypothesis of a causal relationship between the relative difference and sea-water
optical properties is unlikely as ACO-SWIR and SACOR make no assumption on the spectral shape
of ρw. To explain this result, two other reasons have to be considered, which are namely: (1) the
non-homogeneity of the aerosol spatial distribution over the scene and (2) the presence of the absorbing
urban aerosol associated with the mixed continental type (Table 1). Match-ups are generally associated
with meteorological windows characterized by a low wind speed (<1 m/s), which generates a low
horizontal transport favorable for a spatial aerosol gradient. This gradient may be schematically
characterized by a continental aerosol pool within the inner part of the lagoon and a maritime aerosol
pool within the outer part of the inlet. In this case, the difference between the ρw estimated values could
be lower in the inner than in the outer part of the lagoon. For ACO-SWIR, the overrepresentation of
the offshore waters should lead to the application of a sub-tile fixed epsilon that is more representative
of the maritime aerosol model and consequently, underestimates ρa (overestimate ρw) in the inner
part of the lagoon. For SACOR, the aerosol model is defined by the in-situ parameters provided by
the CIMEL station located in the inner part of the lagoon. Consequently, the aerosol model applied
for the whole scene should be more representative of the continental aerosol model and leads to an
overestimation of ρa (underestimation of ρw) in the outer part of the lagoon and in the inner part of the
lagoon due to an underestimation of absorbing aerosols.
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Figure 11. Comparison between the SACOR and SWIR-based ACOLITE (ACO-SWIR) atmospherically
corrected ρw at 483, 561 and 655 nm (from top to bottom) from the OLI scene acquired on 2015-10-20.
The relative difference between the two products is computed along a 25-km cross-shore transection
(red line) starting from the inner part of the lagoon to outer part of the inlet. Vertical dashed lines are
associated with sea water optical changes, which are located on the images by black circles.
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4. Conclusions

In this paper, we present the first developments of an atmospheric correction (AC) method
dedicated to the processing of high spatial resolution space mission data for littoral applications.
The in Situ-based Atmospheric CORrection (SACOR) algorithm is based on atmospheric radiative
transfer simulations using the Successive Order of Scattering code (SOS) and a regional aerosol model
(RAM). Thus, the first objective of the study was to define a RAM for the site of Arcachon (France),
using both: (i) a 6-year time series of aerosol optical and microphysical properties acquired through
the ground-based PHOTONS/AERONET network; and (ii) a 6-year aerosol climatology using the
NOAA hybrid single-particle Lagrangian integrated trajectory (HYSPLIT) model. The second objective
was to validate the SACOR water-leaving reflectance (ρw) retrievals using field measurements and to
inter-compare the performances of the method using standard AC algorithms.

To characterize an appropriate RAM for the study site of Arcachon, we examined the seasonal
behavior of aerosol microphysical and optical properties using a few selected mean daily parameters,
including the aerosol optical depth at 500 nm (AOD), the Ångström coefficient computed between
440 and 870 nm (α440−870), the aerosol particle size distribution (PSD), and the AOD fine mode
fraction (FMF). Analysis of the mean geometric modal radius and standard deviation time series was
initially performed by Bru [66]. Results show a significant seasonal variability of these parameters. In
particular, the analysis of the α440−870, PSD and FMF time series shows that there are finer atmospheric
particles in spring and summer than in fall and winter, with an inverse pattern found for coarse
aerosols. The study of the variability of aerosol types, identified using a classification based on the
α440−870-AOD scatter plot, shows that the maritime type (composed of clean maritime and mixed
maritime aerosols) represents 31% of occurences. The highest proportion occurs in fall and winter. The
biomass burning/urban-industrial and dust particle types represent 19% of occurences and show a
maximum proportion in spring and summer. However, the main results for defining a suitable RAM
are characterized by PSD having a bimodal distribution and aerosols being primarily dominated by
the coastal continental type regardless of the season. This indicates aerosols of very varied origin,
which is consistent with the results of Smirnov et al. [35] for the North Atlantic sites. The results of the
aerosol classification are then validated using a climatological study, which confirms that the aerosol
origin is maritime first, followed by continental and local. These observations allow for a reasonable
assumption that aerosol properties over the Arcachon lagoon can be modeled by the spectral mixture
of two distinct monomodal distributions associated with a fine (coarse) mode and a tropospheric
(maritime) aerosol model, as defined by Shettle and Fenn [62].

The performances of the SACOR method are evaluated using Landsat-8/Operational Land
Imager (OLI) images acquired over the Arcachon lagoon and processed using AERONET (AOD, FMF,
and water vapor) and meteorological data (Rh). The validation and inter-comparison exercises are
performed using in-situ ρw measurements and atmospherically corrected OLI products computed
using the standard AC models. The results show consistency between SACOR-derived and in-situ
ρw with an overall relative error (RE) of 24% for visible spectral bands. SACOR shows the best
performance at green wavelengths (RE of 7%) compared to the other AC methods. However, for the
other visible channels, the SWIR-based ACOLITE (ACO-SWIR) method provides better results. The
impact of the aerosol model on ρw retrievals is clearly demonstrated. The atmospherically corrected
products provided by MACCS and the 6SV simulations using the different standard aerosol models
(continental, maritime, and tropospheric) show a large overestimation of ρw. The lower value of
the particle modal radii size (at the dry state) used by the 6S models may partially explain this
result. The forward scattering of small atmospheric particles is higher than large particles. Finally,
the comparison of ρw retrievals between ACO-SWIR and SACOR along a cross-shore transection
demonstrates the robustness of our methodology. Furthermore, the analysis of relative differences
along the transection allows highlighting the limit of the assumptions about the homogeneity of the
aerosol spatial distribution over the scene and the absence of absorbing urban aerosol in the RAM.
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The good results obtained in this study demonstrate the relevance of the SACOR method. SACOR
is an innovative approach to process HRS space mission data without information at the NIR and
SWIR wavelengths (such as SPOT and Pleiades) for littoral applications. Additionally, SACOR is an
alternative AC method for decametric space missions (Landsat-8, Sentinel-2) and provides ρw retrievals
for regional intercomparison exercises with standard AC models [88]. The SACOR method developed
in this paper should be considered as a first version due to the simplified RAM proposed by authors.
As previously reported, the simplified aerosol model can be problematic for the processing of some
satellite scenes associated with specific meteorological conditions for which atmospheric particles
may be dominated by dust or absorbing urban-industrial particles. A non-absorbing aerosol model
can lead to a significant over-correction of the top-of-atmosphere signal in the blue bands, which
could generate negative ρw values [89]. Another potential limit of the RAM is the use of AERONET
monthly mean values of modal radii and standard deviation for SOS simulations, which can generate
errors for ρw retrievals in the blue-green channels as demonstrated by Ahmad et al. [38]. To address
some of those issues, an accurate analysis of the optical and chemical properties of aerosols over the
Arcachon lagoon is needed. Future steps will concern the development of specific regional aerosol
models for each weather regime and the integration of up-to-date knowledge on aerosol microphysical
and optical properties based on in-situ measurements into these models. This should be pursued in
order to develop an adaptive aerosol model function of the origin of atmospheric air masses.
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