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Abstract: The performance of the dark spectrum fitting (DSF) atmospheric correction algorithm
is evaluated using matchups between metre- and decametre-scale satellite imagery as processed
with ACOLITE and measurements from autonomous PANTHYR hyperspectral radiometer
systems deployed in the Adriatic and North Sea. Imagery from the operational land imager (OLI)
on Landsat 8, the multispectral instrument (MSI) on Sentinel-2 A and B, and the PlanetScope
CubeSat constellation was processed for both sites using a fixed atmospheric path reflectance in
a small region of interest around the system’s deployment location, using a number of processing
settings, including a new sky reflectance correction. The mean absolute relative differences
(MARD) between in situ and satellite measured reflectances reach <20% in the Blue and 11% in
the Green bands around 490 and 560 nm for the best performing configuration for MSI and OLI.
Higher relative errors are found for the shortest Blue bands around 440 nm (30–100% MARD),
and in the Red-Edge and near-infrared bands (35–100% MARD), largely influenced by the lower
absolute data range in the observations. Root mean squared differences (RMSD) increase from
0.005 in the NIR to about 0.015–0.020 in the Blue band, consistent with increasing atmospheric
path reflectance. Validation of the Red-Edge and NIR bands on Sentinel-2 is presented, as well as
for the first time, the Panchromatic band (17–26% MARD) on Landsat 8, and the derived Orange
contra-band (8–33% MARD for waters in the algorithm domain, and around 40–80% MARD
overall). For Sentinel-2, excluding the SWIR bands from the DSF gave better performances,
likely due to calibration issues of MSI at longer wavelengths. Excluding the SWIR on Landsat
8 gave good performance as well, indicating robustness of the DSF to the available band set.
The DSF performance was found to be rather insensitive to (1) the wavelength spacing in the
lookup tables used for the atmospheric correction, (2) the use of default or ancillary information
on gas concentration and atmospheric pressure, and (3) the size of the ROI over which the path
reflectance is estimated. The performance of the PlanetScope constellation is found to be similar
to previously published results, with the standard DSF giving the best results in the visible bands
in terms of MARD (24–40% overall, and 18–29% for the turbid site). The new sky reflectance
correction gave mixed results, although it reduced the mean biases for certain configurations and
improved results for the processing excluding the SWIR bands, giving lower RMSD and MARD
especially at longer wavelengths (>600 nm). The results presented in this article should serve as
guidelines for general use of ACOLITE and the DSF.

© 2020 Optical Society of America under the terms of the OSA Open Access Publishing Agreement

1. Introduction

A multitude of metre- and decametre-scale optical satellite sensors have been collecting regular
imagery of the earth in the last few years, including Landsat 8 (2013–present), Sentinel-2 (2 units,
2015–present and 2017–present), RapidEye (5 units, 2012–present) and PlanetScope (100’s of
units since 2015). Due to the high spatial resolution at scales more relevant to human activities
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[1], data from these sensors have been successfully applied in remote sensing of coastal and
inland water bodies, e.g. for the mapping of water depth [2], turbidity [3–6], water clarity
[7,8], chlorophyll a concentration [9] and assessing impacts of dredging operations [10,11] and
cyanobacterial blooms [12,13]. In addition to the selection of cloud-free data, the performance
of these applications mainly depend on the accuracy of the estimated atmospheric and air-water
interface effects, the removal of which is frequently referred to as atmospheric correction (a/c).
Typical algorithms for a/c over open ocean and coastal waters include the use of assumed

zero reflectance in the NIR [14] or SWIR [15], with non-negligible NIR reflectance estimated
using the retrieved chlorophyll a concentration [16] or a simple water reflectance model and
spatially consistent aerosols [17–19]. Recently, the use of a multi-band NIR-SWIR algorithm
has been proposed, offering improved performance over complex waters [20]. Other approaches
involve modeling of the water reflectance spectrum to best fit a given satellite pixel [21–23], or
the unmixing of nearby land/water pixels to provide an estimate of the atmospheric contribution
[24–26]. The Dark Spectrum Fitting (DSF) a/c algorithm was designed for metre- and decametre-
scale sensors [4,27] in order to retrieve water reflectances and water turbidity over turbid coastal
and inland waters. In essence, the DSF is an extension of the algorithms assuming a negligible
NIR or SWIR signal over water, and the algorithms assuming a certain spatial extent of aerosol
type and concentration. Rather than a priori determining the bands with negligible signal, the
DSF determines the optimal bands for a given image or image subset. Recent studies found good
performance of the DSF algorithm for clear and moderately turbid lakes [7,28,29], complex
coastal and estuarine waters [4,30–32], including extremely turbid estuaries [6,33]. The DSF
seems well suited for processing imagery over turbid and extremely turbid waters, especially with
the aim of retrieving water turbidity.
The performance of a/c algorithms is most commonly evaluated through the comparison of

satellite data with in situ measurements as close as possible in time, ideally bounding the satellite
overpass. For this purpose, the AERONET-OC network [34] has provided invaluable long-term
data for dozens of sites worldwide. The AERONET-OC stations are equipped with a multispectral
narrowband CIMEL radiometer, typically 8 bands between 412 and 1020 nm, with band widths
of 8–10 nm, that measures water-leaving radiance multiple times per day. A number of more
recent deployments also include a number of Red and NIR bands, e.g. at 620, 667, 709, and 781
nm. The original bands on the CIMEL were designed specifically for the validation of ocean
colour satellites, and are centered on typical narrow spectral bands of SeaWiFS, MODIS, MERIS,
and OLCI, and may not be ideally suited for the validation of broadband high resolution sensors.
Due to the large spectral variability of water targets within broad bands, the AERONET-OC
measurements require band shifting [35] (e.g. through neural networks [36] or linear interpolation
[4]) to be useful for this purpose. Furthermore, the AERONET-OC spectral coverage is sparse in
the Red and Near-InfraRed part of the spectrum, with typically only 2 bands between 650 and
900 nm. Hyperspectral measurements are better suited for validation of broadband sensors, and
eliminate errors originating in the band shifting process. Manual measurements of hyperspectral
reflectance are time-consuming and efforts to match the overpass times of narrow swath satellites
are rarely fruitful. To increase matchup data availability, autonomous systems have been deployed
on ships of opportunity [37,38] and fixed measurement poles [39,40]. For calibration and
validation of ocean colour satellites, hyperspectral in situ measurements are made using buoys
BOUSSOLE [41] and MOBY [42] that are deployed in typically clear oceanic waters.

In the present study, the DSF as applied to a number of high resolution satellites, in particular
Landsat 8, Sentinel-2 A/B, and PlanetScope, is evaluated using matchups with two autonomously
measuring PANTHYR systems [40] in two sites featuring distinct water types, one in the Belgian
coastal zone, and one in the Adriatic Sea. This paper is intended as an update of validation results
as previously presented [4,5,27], and includes a sensitivity analysis to various processing settings
in order to make general recommendations to the users. A new method to estimate the sky light
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reflected at the air-water interface is implemented. This study provides the first validation of
Panchromatic and Orange contra-band [13] water reflectances as derived from the Operational
Land Imager (OLI) on board Landsat 8, and extends the validation to the Red-Edge and NIR
bands on Sentinel-2 previously not possible with multispectral in situ measurements.

2. Data and methods

2.1. In situ data

Two autonomous PANTHYR systems [40] were deployed at the Acqua Alta Oceanographic
Tower (AAOT, 45.3139°N, 12.5083°E) and at Research Tower 1 near Oostende (RT1, 51.2464°N,
2.9193°E), and are measuring independently every 20 minutes during daytime, respectively
from 2019-09-26 and 2019-12-11. The water at AAOT is fairly clear, but is characterised by
a large variability in optical properties due to its location in transitional waters [34,43]. The
water at RT1 is turbid with tidal variability and with an occasional outflow from the port of
Oostende reaching the site. Deployment locations are shown in Fig. 1, and examples of water
spectra illustrating the differences between the sites are provided in Fig. 2. The measurement
protocol and processing steps follow the general approach of [44,45], but with sequential rather
than simultaneous measurement of water and sky radiance - for details see [40]. Viewing nadir
angle is set to 40 degrees, and the relative azimuth to the sun was kept at 90 or 135 degrees
for minimising sun and sky glint on the air-water interface and the shadow of the platform,
depending on the deployment superstructure and given sun position. Water leaving radiance was
computed from the average of 11 replicate measurements of total upwelling radiance (Lu), and 6
replicate measurements of sky radiance (Ld). This full measurement cycle for a single relative
azimuth angle takes around 1 minute for the RT1 deployment, and 4.5–7 minutes for the AAOT
deployment. These differences are caused largely by the hardware and software used on the
two prototype systems, and to a smaller degree by the average water signal at both sites. These
measurements are considered fast enough to avoid changes in the water mass, and in addition,
temporal stability checks between adjacent scans are performed during processing [40]. Wind
speed was linearly interpolated from 6-hourly NCEP/MET model results to the time and location
of the measurement in order to retrieve the fraction of Ld reflected at the air-water interface (ρf )

Fig. 1. ρs RGB composites of the study areas (left) AAOT as imaged by S2A on 2020-01-09
and (right) RT1 as imaged by S2B on 2020–01-06. Circles denote the station location,
triangles the reference location for excluding platform effects.
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according to the lookup table provided by [44]:

Lw = Lu − ρf · Ld. (1)

Fig. 2. Median (solid) and 5th and 95th percentiles (dotted lines) ρw spectra from the
PANTHYR at AAOT (blue) and RT1 (orange). Number of spectra given in brackets.

The lookup table was linearly interpolated to the sun zenith angle and retrieved wind speed
at time of observation. Water reflectances were then computed using the average of 6 replicate
measurements of downwelling irradiance (Ed):

ρw =
π · Lw

Ed
. (2)

2.2. Satellite data

Imagery for both sites was collected as top-of-atmosphere reflectances (ρt) from the Landsat 8
(L8), Sentinel-2A and B (S2), and PlanetScope (PS) data archives up to 2020-07-15. L8 has
on board the Operational Land Imager (OLI), with 8 Visible to ShortWave InfraRed (VSWIR)
bands at 30 m, and a Panchromatic band at 15 m spatial resolution. The S2 satellites have on
board a 13 band MultiSpectral Instrument (MSI) spanning the VSWIR with 4 bands at 10 m, 6
bands at 20 m and 3 bands at 60 m spatial resolution. Both OLI and MSI have a band at around
1.3 µm that is not processed to surface reflectance but is useful for determining the presence of
cirrus clouds. MSI has an additional band at 945 nm for derivation of atmospheric Water Vapour.
PS is a Visible to Near-InfraRed (VNIR) sensor with four bands (Blue, Green, Red, NIR) on a
constellation of Dove CubeSats operated by Planet Ltd., and its imagery is provided resampled to
3 m spatial resolution. The VNIR Relative Spectral Responses of all sensors are plotted in Fig. 3.

Imagery from all sensors was processed to water reflectances (ρw) using ACOLITE/DSF for a
region of interest (ROI) around the site, as defined by a bounding box in latitude and longitude.
In the present study, a 3x3 km ROI with fixed path reflectance estimation was used across all
sensors and configurations. PS imagery was processed using the standard DSF [5] and DSF using
the new atmospheric lookup table and the new sky reflectance correction (see section 2.3). For
L8/S2, 1x1 and 12x12 km ROI were also used to evaluate the sensitivity of the aerosol and path
reflectance determination. Output resolution was 30 m for L8 and 10 m for S2, except for one
configuration processing S2 at 60m. L8/S2 imagery was processed using the following twelve
processing options:

1. DSF Standard Dark Spectrum Fitting, using ancillary datasets for pressure, ozone and
water vapour, with fixed path reflectance for an approximately 3x3 km ROI.
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Fig. 3. Relative Spectral Responses of (top left) Sentinel-2 A/B MSI, (top right) Landsat 8,
and (bottom) PlanetScope. Lines are coloured to approximate the band centre wavelength.
NIR bands are shown in Black, the 10 m MSI NIR and the OLI Panchromatic bands are
shown in Grey. The OLI contra band is shown as a dashed line.

2. DSF+1x1km As DSF, but for a 1x1 km ROI.

3. DSF+12x12km As DSF, but for a 12x12 km ROI.

4. DSF+NoAnc As DSF, but using fixed default values for pressure (1013 hPa), ozone (0.3
atm · cm), and water vapour (1.5 g · cm−2).

5. DSF+GC As DSF, using the SWIR based glint correction.

6. DSF+GC+60m (S2 only) As DSF+GC, but processed at 60 m pixel resolution, mean
averaging the higher resolution bands to 60 m.

7. DSF+GC+NewLUT As DSF+GC, but using the new lookup table for atmospheric
parameters (details in section 2.3).

8. DSF+NoSWIR As DSF, but limiting the bands used in the path reflectance retrieval to
those between 400 and 900 nm.

9. DSF+NoSWIR+NewLUT As DSF+NoSWIR, but using the new lookup table for atmo-
spheric parameters (details in section 2.3).

10. DSF+NoSWIR+SkyTOA As DSF+NoSWIR, but using the new sky reflectance lookup
table integrated in the a/c (details in section 2.3).

11. DSF+NoSWIR+SkyTOA+GC As DSF+NoSWIR+SkyTOA, using the SWIR based
glint correction.

12. DSF+NewLUT+SkyTOA+GC As DSF+NoSWIR+SkyTOA+GC, but using the new
LUTs and including SWIR bands.
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2.3. Atmospheric correction

The top-of-atmosphere reflectance (ρTOA) is defined as a function of target reflectance (ρs) and
atmospheric parameters [46], the path reflectance (ρpath), down and upward total transmittance
(Td and Tu), respectively for the sun-target and target-sensor paths, and the spherical albedo of
the atmosphere (S), ignoring adjacency effects:

ρTOA = ρpath +
ρs · TdTu

1 − ρs · S
. (3)

For water pixels, the surface reflectance (ρs) is defined as the sum of the water-leaving radiance
reflectance (ρw) and a component related to the air-water interface reflection of sky- and sunlight
(ρSky). The Dark Spectrum Fitting (DSF) atmospheric correction assumes invariability of the
atmospheric properties for a given image or image subset, and uses a dynamic dark target and
band selection to retrieve the atmospheric path reflectance, ρpath. A spectrum of lowest observed
reflectances, i.e. the dark spectrum, ρdark, is created and filtered for outliers, e.g. using the offset
of a linear regression through the darkest pixels in each band. The targets providing the lowest
reflectance typically include low turbidity waters, cast shadows, or dark vegetation, and can vary
spectrally. For each band in this dark spectrum, the ρpath is fitted to give an estimate of aerosol
optical thickness (τa) at 550 nm for two aerosol models (Continental and Maritime), assuming
zero surface reflectance (ρs) for land pixels, or zero ρs for water pixels after the removal of an
estimated ρSky component. The minimum τa retrieved across this spectrum is then used to derive
the ρpath for all bands. The model giving the lowest RMSD between ρpath and ρdark for the two
best fitting bands is then used for further processing.
In this paper, two updates to the DSF are presented and evaluated: (1) a finer wavelength

spacing in the atmospheric lookup tables, and (2) an alternative sky reflectance correction that
takes the aerosol load into account. The atmospheric lookup table is simulated with 6SV [47]
for the same configuration as the one in [4,27] but using a finer wavelength step: 10 nm from
380–900 nm, 100 nm from 900–1500 nm, and 50 nm for 1500–2400 nm. The lookup tables are
generated using three atmospheric pressure values: 500, 1013, and 1100 hPa, for an equivalent
elevation range of about 4000 m above to 500 m below sea level. During processing, the lookup
tables are linearly interpolated to the ancillary or fixed pressure. In the previous version of the
DSF, the sky reflectance was estimated just from the Rayleigh contributions, and is here updated
to take both Rayleigh and aerosols into account. The ρSky was modelled using OSOAA [48] for
the same geometry and wavelength configuration as the new atmospheric lookup tables, using
the Continental and Maritime aerosol models. OSOAA was modified to make the water fully
absorbing, in order to retrieve just the sky reflection at the water surface for a given view and
sun geometry, i.e. the radiance (including Rayleigh and aerosol contributions) reflected at the
air-water interface (LSky) normalized to the irradiance at the surface (Ed):

ρSky =
π · LSky

Ed
. (4)

The outputs were generated at sea-level with normal pressure and no wind, and the resulting
lookup table can be used to generate hyperspectral ρSky for a given geometry, aerosol type and
aerosol optical depth. The ρSky is then resampled to the sensor’s relative spectral response and is
transferred to the top-of-atmosphere (using the part after the plus sign of Eq. (3)) for integration
in the atmospheric correction. Figure 4 shows an example of the modelled ρSky at the surface and
at top-of-atmosphere for two aerosol models and a range of aerosol optical depths.

2.4. Matchups

Matchups were extracted from reference locations near the deployment towers, in order to avoid
platform effects such as direct pixel contamination and shadows [49], as well as in-water wakes
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Fig. 4. ρSky for the Continental and Maritime aerosols at three optical depths (τa at 550
nm), at surface level (solid lines), and at top-of-atmosphere (dashed lines).

[3,27]. For AAOT the location provided by [4] was used (45.3139°N, 12.5083°E) and for
RT1 the location was shifted about 90 metres east (51.2464°N, 2.9206°E). Matchups between
satellite imagery passing the quality control and in situ measurements were divided in two classes
depending on in situ data availability around the satellite overpass time: (1) matchups with
two bounding in situ measurements, each within 20 minutes from the satellite overpass, (2) all
other matchups within ±1 hour of the overpass, with or without bounding in situ data. In situ
measurements at relative azimuth of 270 ° were used for both sites. The matching Lw and Ed
were convoluted to the relative spectral response of the satellite sensor (Fig. 3) and converted
to water reflectance (ρw) using Eq. (2). For (1) the in situ ρw were interpolated linearly to the
satellite overpass time, and for (2) the closest measurements were used. Satellite measurements
are the mean of a 3x3 pixel box centred on the pixel containing the reference location. Matchups
were filtered automatically to exclude cloudy and partially cloudy scenes. The use of automated
filtering is preferred to hand-picking of validation scenes. 116 potential matchups were identified
for L8/S2, 67 with and 49 without bounding in situ data. Some image filtering is inherent to the
requirement of having available in situ data, and these remaining scenes were further filtered,
excluding scenes according to the following criteria:

• 95th percentile ρt 1.3 µm > 0.005 in a 11x11 pixel box centred on the site location,
excluding cirrus clouds (excluding 21/116 scenes, 18%),

• 95th percentile ρt 1.6 µm > 0.05 in a 11x11 pixel box centred on the site location, excluding
clouds and severe glint (excluding 18/116 scenes, 16%),

• 95th percentile ρt 440 nm > 0.3 in the ROI, excluding (scattered) clouds in the area
surrounding the site, (excluding 13/116 scenes, 11%),

111 potential matchups were identified for PS, 51 with and 60 without bounding in situ data.
Filtering was done using the same criteria as L8/S2 for the Blue band (excluding 10/111 scenes,
9%), but, due to the more limited band set, replacing steps (1) and (2) by the 95th percentile ρt in
the Red band > 0.14 in a 11x11 pixel box on the matchup location (excluding 23/111 scenes,
21%). The PS filtering was less robust than that for L8/S2, and several scenes with cirrus clouds
and cloud shadows are included in the analysis.

Reduced Major Axis (RMA) regression lines and squared correlation coefficients are provided.
Error statistics for ρw were computed as the Root Mean Squared Differences (RMSD) between
the in situ (x) and satellite (y) measurements, the Mean Average Differences (MAD), and Mean
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Fig. 5. Scatterplots for the matchups between PANTHYR and the nine visible and
near-infrared bands Sentinel-2 A/B for DSF+NoSWIR+SkyTOA. Orange and blue dots
are measurements from RT1 and AAOT respectively. Circles represent matchups with
bounding and interpolated in situ data, triangles show matchups with only the closest in situ
measurement.

Absolute Relative Differences (MARD):

RMSD =

√√ n∑
i=1

(yi − xi)
2

n
, (5)

MAD =
n∑

i=1

yi − xi

n
, (6)

MARD =
n∑

i=1

|yi − xi |

0.5 · (yi + xi) · n
. (7)
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3. Results and discussion

In the period up to 2020-07-15, 58 and 24 matchups were found between PANTHYR and S2
(30 and 28 from S2A and S2B) and L8, of which 34 and 18 are from AAOT and 24 and 6 from
RT1. Both sites are covered by two relative orbits by both satellites, and the lower number of
matchups retrieved for RT1 compared to AAOT are due to the shorter deployment of the former
(7 compared to 9 months) and the higher cloudiness in the Belgian coastal zone. Scatterplots
of the matchups between S2 and PANTHYR for the DSF+NoSWIR+SkyTOA processing are
shown in Fig. 5, and between L8 and PANTHYR in Fig. 6, with points coloured according to site
(orange: RT1, blue: AAOT). Matchups with bounding in situ data are represented by a circle,
the ones without by a triangle. The error bars on the scatter plots represent half the absolute
difference between the measurements bounding the satellite overpass for the in situ data, and the
standard deviation in a 3x3 pixel box for the satellite data.

Fig. 6. Scatterplots for the matchups between PANTHYR and the 5 VNIR bands on Landsat
8/OLI (DSF+NoSWIR+SkyTOA). Orange and blue dots are measurements from RT1 and
AAOT respectively. Circles represent matchups with bounding and interpolated in situ data,
triangles show matchups with only the closest in situ measurement.

The matchups between satellite and in situ are generally along the 1:1 line, except in the Blue
bands, where a lower (RT1) or higher (AAOT) estimate of the water reflectance is retrieved by
the satellite compared to the in situ data. This can be caused by the over- or underestimation
of Blue path reflectance, e.g. because of a differences between the aerosol model and optical
thickness and the true aerosol properties. Some uncertainty arises from the sky reflectance
estimate for both satellite and in situ measurements. The above water in situ measurement is
quite sensitive to contamination by sky reflectance in the Blue, and some differences between
relative azimuths were observed for PANTHYR at AAOT (see further). The correction of in
situ above water measurements could be further improved by taking into account polarisation
[50], spectral variability of the surface reflectance coefficient [51], and separating diffuse sky and
direct sun components [52]. Figure 7 shows the Landsat 8 Panchromatic band (resampled to 30
m) and the derived Orange contra-band. The Orange contra-band represents the reflectance in a
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spectral region centred on 613 nm (width 47 nm) that can be extracted from the Panchromatic
band on OLI. A multilinear model based on in situ reflectance measurements is used to subtract
the Green and Red bands, that overlap the Panchromatic region, and a Blue portion not covered by
either overlapping band from the Panchromatic reflectance [13]. Overall, the Panchromatic band
reflectances are in between the Green and Red band performances, with good correspondence
even in clearer waters at AAOT. For the Orange band, the clearer AAOT ρw are underestimated,
likely due to the importance of Blue reflectance not accounted for in the contra-band approach
[13]. Excluding matchups outside the algorithm domain (ρw 443 nm / ρw 665 nm < 2, ρw 665
nm > 0.006) reduces the relative errors. Naturally, for the other bands limiting the matchups to
these more turbid waters also reduces the relative errors.

Fig. 7. Scatterplots for the matchups between PANTHYR and Landsat 8/OLI
(DSF+NoSWIR+SkyTOA) for the Panchromatic band (592 nm) resampled to 30 m, and
the Orange contra-band [13] (613 nm), excluding from the statistics points outside the
algorithm domain (shown in Grey). Orange and blue dots are measurements from RT1 and
AAOT respectively. Circles represent matchups with bounding and interpolated in situ data,
triangles show matchups with only the closest in situ measurement.

A summary of the results is presented as spectral plots of the RMSD, MAD, and MARD
between the S2/L8 and PANTHYR matchups in Fig. 8. These spectral plots show that the RMSD
increases from the NIR (0.005) to the Blue (0.015–0.02), consistent with increasing atmospheric
path reflectance and associated a/c errors. The MAD between in situ and S2/L8 are rather flat
spectrally with a few configurations showing a clear bias in the Blue: the DSF+GC+60m and
DSF+NoSWIR without the new sky correction overestimates the atmospheric contribution (i.e.
negative bias in the Blue), while the DSF+NewLUT+SkyTOA underestimates the atmospheric
contribution in the Blue (i.e. positive bias in the Blue). TheMARD shows that relative differences
are lowest (<20–30%) for the bands with highest reflectances, i.e. the Blue–Green bands at around
490 and 560 nm, and highest (40–70%) for the NIR bands (>700 nm). Since the RMSD is rather
flat spectrally for wavelengths >560 nm, the MARD increase towards the longer wavelengths
is largely caused by the lower water signal. The relative differences are in general lower for
L8 than for S2, with all but two methods having <20% MARD in the Blue-Green bands and
the best performing method reaching 11%. The MARD increases to about 40–100% for the
Orange contra-band retrieval (L8, 613 nm, triangles), which was originally developed for brighter
waters, and the clear water matchups (14/24) in the present study reduce the accuracy. For the
points within the algorithm domain [13] the Orange band retrieval improved to 8–33% MARD
(Fig. 7), giving especially good performance for the methods including the SWIR bands. The L8
Panchromatic band reflectance (592 nm) is found to be in between the accuracy of the Green and
Red bands, with MARD of 17–26% and RMSD of 0.006–0.008, indicating it is well calibrated
and could be used for water quality applications.
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Fig. 8. Spectral plots of RMSD (top), MAD (middle) and MARD (bottom) for the matchups
between PANTHYR and Sentinel-2 (left) and Landsat 8 (right) for different processing
settings. Triangles in the Landsat 8 plots represent the orange contra band.
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For S2, the MARD reaches 20% in the Green band for several settings, and 11% for the method
excluding the SWIR bands. For most methods, the RMSD are lower for L8 than for S2, and with
a flatter RMSD spectrum between 490 and 865 nm. The L8 error spectra are lower and also
more tightly bundled, indicating a larger stability between the processing settings. The low L8
RMSD values are approached only by S2 for the processing excluding SWIR bands and using
the new sky correction. The processing without the SWIR bands gives the lowest MARD and
RMSD for S2, where differences are especially pronounced in the NIR. Excluding the SWIR
bands from the estimation of path reflectance shows the biggest improvement for S2, indicating
perhaps a calibration issue [53] with those bands on MSI. For L8, excluding the SWIR bands
gives comparable results to the standard DSF, with slightly higher errors, and an underestimation
of the water reflectance in the visible bands not present in the standard DSF (as seen by the larger
negative bias). Overall these results indicate the robustness of the DSF to band availability, but
that for L8, keeping the SWIR bands gives best results. Although it gives the lowest and flattest
MAD, the application of the new sky reflectance correction gives mixed performance results
in terms of RMSD and MARD, with the largest positive impact at longer wavelengths for the
methods excluding the SWIR bands. These statistics give a performance overview for both sites
combined, but due to different magnitude and range in the average water reflectance, the relative
performance at each site can be quite different. For example, the S2/L8 Green to Red reflectance
MARD from DSF+NoSWIR+SkyTOA is 10–18% for RT1, and 14–45% for AAOT, while the
NIR (at 865 nm) ranges are 43–70% for RT1 and 54–90% for AAOT.

Fig. 9. Scatterplots for the matchups between PANTHYR and the four bands on PlanetScope
satellites from both 0e and 0f families (19 different satellites). Orange and blue dots represent
RT1 and AAOT respectively.

There are some impacts of ROI size, with the 12x12 km ROI giving a RMSD approximately
0.003 higher than the 3x3 km for both L8 and S2, and a positive MAD across the spectrum. This
indicates that a larger ROI leads to a too low path reflectance, as there are darker pixels in the
larger subset. Interestingly, the 1x1 km ROI gives a RMSD about 0.003 lower in the longer
wavelengths compared to the 3x3 km ROI, while a higher RMSD (by about the same amount)
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Fig. 10. Spectral plots of RMSD (top), MAD (middle) and MARD (bottom) for the
matchups between PANTHYR and PlanetScope. Different lines denote different processing
settings. The grey line shows the combined performance, at the average of 0e and 0f
wavelengths.

is found for the Blue and Green bands. The MAD in the Blue and Green bands shows a larger
negative bias for the 1x1 km ROI compared to the 3x3 km ROI, while for the NIR bands the 3x3
km ROI bias is closer to zero. A smaller ROI seems appropriate if, combined with the sensor
resolution, there are enough pixels to retrieve a good path reflectance estimate. For processing
subscenes with a fixed path reflectance these differences in box size have minimal impact on
computing time. For tiled processing of full scenes however, smaller tiles increase computation
time significantly. These results indicate that a 12x12 km tiling can be sufficient for processing
larger scenes, giving a fourfold performance increase compared to the 6x6 km tiling used in [4].

The use of fixed defaults instead of ancillary inputs for atmospheric gases and pressure slightly
increases the differences, especially in the NIR where there are more gas absorption features in
the bands, but there is no large impact on the overall performance. Both validation sites are at
sea level, so no large impacts of atmospheric pressure fluctuations are expected.
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In the period up to 2020-07-15, 88 matchups with the PlanetScope constellation were found,
10 from the 0e series and 78 from the 0f series, of which respectively 4 and 48 were from different
satellites (Fig. 9). Of these 88 matchups, 52 are from RT1 and 36 from AAOT. Here, more
matchups are found for the former site as a result of its proximity to land, and the PlanetScope
acquisition plan focusing on land masses. The differences between PlanetScope and PANTHYR
are larger than for L8/S2, with the RMSD generally > 0.01 across the spectrum, and the MARD
for the best performing bands (Green and Red) is <40% for the standard DSF, and 33–65% for
the DSF with the new sky reflectance method (Fig. 10). The RMSD is lower for the 0e family,
due to a low number (10) of matchups that happen to have a better correspondence to in situ
measurements, and hence the combined PlanetScope performance shows a closer alignment to
the performance found for the 0f family. The MAD results show a systematic overestimation of
NIR reflectance, with underestimation of the visible reflectances, which is likely the result of
the relatively poor NIR band performance [5]. Some cloud and cloud shadow contamination
is present for these matchups, that could not be filtered out based on the automated matchup
criteria. Only minor differences are found also here for the updated lookup tables, and the
previous tables are deemed adequate for PS processing. The new sky reflectance correction
provides a small additional improvement in the NIR, but shows worse results in the visible bands.
Overall performance statistics are impacted by the different characteristics of both sites, with
the PlanetScope data clearly being less suitable for the lower turbidity site. Assessing the more
turbid RT1 site separately, relative errors for the standard DSF in the Green and Red bands drop
from 24–40% to 18–29%, while errors increase to 32–57% when assessing AAOT separately.
For the new sky reflectance correction similar patterns are observed, with Green and Red band
MARD 27–40% for RT1 and 42–100% for AAOT.

At AAOT, PANTHYRmeasurements were made at two relative azimuth angles to the sun (225°
and 270°), but data from a single relative azimuth angle (270°) were used. Some differences
were observed between measurements from the two azimuth angles, especially for the up- and
downwelling radiances (Lu and Ld), as different parts of the sky were measured and reflected on
the air-water interface. There may also be some impacts of tilt in the installation of the prototype
PANTHYR at AAOT. This was experimentally investigated on 2020-02-28: Ed was measured
every 20° for a full azimuthal rotation throughout the day, so for a range of sun zenith angles, θs.
This experiment was supplemented by comparison of Ed measurements made at different azimuth
throughout the deployment. On the basis of these tests, the Ed uncertainty due to tilt is estimated
at 2.5–6.5% for the Landsat and Sentinel-2 matchups with AAOT used here (θs 40–70° with a
mean of 61°). For the VNIR OLI and MSI bands, these differences in Ed, Lu, and Ld resulted in
average differences in Lw of <2.5% for all but the shortest blue bands around 443 nm, which was
just over 3%. For PlanetScope the average differences in Lw were <2%. For all sensors, this
resulted in ρw differences between the two azimuths of <6% at 443 nm, <2.5% for the 490-670
nm bands, and 5-7% in the NIR. Lowest differences (<0.25%) were found for the bands around
560 nm. These differences are acceptable for the present application of validating high resolution
broad band sensors, but their causes need to be further analysed. In situ measurements at multiple
azimuths may lead to improvements in deployment evaluation in terms of sensor verticality or
platform impacts [54]. The estimation of the effective sky reflectance factor (ρf ) may need to be
improved. With the present dataset, an iterative fitting of the ρf (in Eqs. (1) and (2)) to match
the NIR ρw to the similarity spectrum [45] made the results from both azimuth angles agree
to within 2% across the VNIR, and retrievals were closest to the original 270° data used here.
The 270° data matched more closely with AERONET-OC measurements made from the same
platform, likely due to the same relative azimuth to the sun of the measurements.
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4. Conclusions

In a short period of time, automated hyperspectral radiometers deployed in the North (7 months)
and Adriatic Sea (9 months) have collected a valuable set of validation data for satellite sensors
spanning the visible to near-infrared (400-900 nm). By measuring every 20 minutes throughout
the day, these radiometers collect high frequency data that can closely match any satellite overpass,
even those with irregular orbits or overpass times (e.g. PlanetScope). The two PANTHYR
systems used here represent the start of the global WATERHYPERNET hyperspectral validation
network, which will be invaluable for validation of any VNIR imaging satellite.
The present study updates the evaluation of the Dark Spectrum Fitting (DSF) a/c algorithm

available in ACOLITE for the processing of decametre- (Landsat and Sentinel-2) and metre-scale
(various, including the PlanetScope CubeSats) optical satellite sensors. Not surprisingly, the
relative performance is linked to the absolute signal in each band, and the best performances are
found for the bands with the highest signal i.e. MARD with in situ for the Blue and Green bands
are <20%, reaching 11% for the best performing configuration. For PlanetScope the MARD
are 24-40% for the Green and Red bands across both sites, and 18-29% for the turbid water site,
confirming the applicability of these 4 band CubeSats for the mapping of water turbidity. RMSD
between satellite and in situ are < 0.015 for Landsat 8 and Sentinel-2, with RMSD < 0.01 at
wavelengths >= 490 nm (L8) and >= 560 nm (S2), reaching <0.005 in the best case for the NIR
bands. MAD for L8/S2 are spectrally rather flat, with some settings giving either a negative or
positive bias towards the Blue, indicating over- or underestimation of the path reflectance, or the
selection of a wrong aerosol model. RMSD for PS are in general close to 0.015, with a slight
increase to the Blue and NIR.
These results show a better performance than the previously published results [4,5] in terms

of relative errors, and a slightly worse performance in terms of absolute errors, which can
be explained by the lower data ranges in the previous studies. In addition, the present study
provides a realistic performance estimate for the Red, Red-Edge and NIR bands due to the more
appropriate hyperspectral validation data from the PANTHYR. Configuration options of the DSF
were evaluated using matchups from both sites. The use of ancillary data did not have a large
impact over using default values, and increasing the wavelength resolution in the atmospheric
lookup tables only had minor effects. The size of the region of interest (1x1, 3x3, or 12x12 km)
in which the path reflectance was estimated did not show large differences, although the 3x3
km subset provided the lowest differences with in situ data. The new top-of-atmosphere sky
reflectance correction improved results in terms of MAD across the spectrum, and reduced errors
at longer wavelengths for the method excluding the SWIR. Severe glint is largely avoided here by
the deployment period and the SWIR based image filtering, so no large differences were found
for methods including sun glint correction.
Based on the results from this study, the DSF+NoSWIR can be recommended for both

processing of L8 and S2, especially with the new top-of-atmosphere sky reflectance correction.
The standard DSF can however still provide better performance for L8 in certain conditions for
the Blue and Green spectral bands. If the S2 SWIR calibration is improved, there may be further
improvements for the standard DSF. The new atmosphere lookup tables did not improve the
results significantly, but will be made available to the users, and could perhaps be of further use
for processing narrowband or hyperspectral imagery. The new lookup tables and sky reflectance
correction did not really show a performance improvement for PS, although for the NIR some
improvements over the standard DSF were found.

Funding

Belgian Federal Science PolicyOffice (SR/00/325, SR/00/335); EuropeanSpaceAgency/PRODEX
(HYPERNET-OC); Horizon 2020 Framework Programme (775983).



Research Article Vol. 28, No. 20 / 28 September 2020 / Optics Express 29963

Acknowledgments

TheUnited States Geological Society (USGS) and the National Aeronautics and Space Administra-
tion (NASA) are thanked for providing Landsat 8 imagery. The European Commission is thanked
for providing Sentinel-2 imagery through their Copernicus Earth Observation programme. Planet
Ltd. is thanked for the research access to PlanetScope imagery used in this work. The Institute of
Marine Sciences of the Italian National Research Council (CNR-ISMAR) is thanked for access to
the AAOT platform, installation and maintenance support. The Flemish Marine Institute (VLIZ)
and POM West-Vlaanderen are thanked for access to the RT1 (Oostende, Belgium) platform
and installation support. Alexandre Castagna and Kevin Ruddick are thanked for discussions on
processing of satellite and in situ data, and feedback on a first draft on the manuscript. Vittorio
Brando is also thanked for feedback on the manuscript. Dieter Vansteenwegen is thanked for
technical support. Three anonymous reviewers are thanked for their feedback.

Disclosures

The author declares that there are no conflicts of interest related to this article.

References
1. B. A. Schaeffer and M. H. Myer, “Resolvable estuaries for satellite derived water quality within the continental

United States,” Remote. Sens. Lett. 11(6), 535–544 (2020).
2. I. Caballero and R. P. Stumpf, “Retrieval of nearshore bathymetry from Sentinel-2A and 2B satellites in South Florida

coastal waters,” Estuarine, Coast. Shelf Sci. 226, 106277 (2019).
3. Q. Vanhellemont and K. Ruddick, “Turbid wakes associated with offshore wind turbines observed with Landsat 8,”

Remote. Sens. Environ. 145, 105–115 (2014).
4. Q. Vanhellemont, “Adaptation of the dark spectrum fitting atmospheric correction for aquatic applications of the

Landsat and Sentinel-2 archives,” Remote. Sens. Environ. 225, 175–192 (2019).
5. Q. Vanhellemont, “Daily metre-scale mapping of water turbidity using CubeSat imagery,” Opt. Express 27(20),

A1372–A1399 (2019).
6. Y. Luo, D. Doxaran, and Q. Vanhellemont, “Retrieval and Validation of Water Turbidity at Metre-Scale Using

Pléiades Satellite Data: A Case Study in the Gironde Estuary,” Remote. Sens. 12(6), 946 (2020).
7. B. P. Page, L. G. Olmanson, and D. R. Mishra, “A harmonized image processing workflow using Sentinel-2/MSI and

Landsat-8/OLI for mapping water clarity in optically variable lake systems,” Remote. Sens. Environ. 231, 111284
(2019).

8. D. A. Maciel, E. M. L. D. M. Novo, C. C. F. Barbosa, V. S. Martins, R. Flores Júnior, A. H. Oliveira, L. A. Sander De
Carvalho, and F. D. L. Lobo, “Evaluating the potential of CubeSats for remote sensing reflectance retrieval over
inland waters,” Int. J. Remote. Sens. 41(7), 2807–2817 (2020).

9. B. A. Franz, S. W. Bailey, N. Kuring, and P. J. Werdell, “Ocean color measurements with the Operational Land
Imager on Landsat-8: implementation and evaluation in SeaDAS,” J. Appl. Remote Sens 9(1), 096070 (2015).

10. Q. Vanhellemont and K. Ruddick, “Advantages of high quality SWIR bands for ocean colour processing: Examples
from Landsat-8,” Remote. Sens. Environ. 161, 89–106 (2015).

11. B. B. Barnes, C. Hu, C. Kovach, and R. N. Silverstein, “Sediment plumes induced by the Port of Miami dredging:
Analysis and interpretation using Landsat and MODIS data,” Remote. Sens. Environ. 170, 328–339 (2015).

12. H. D. Borges, R. E. Cicerelli, T. de Almeida, H. L. Roig, and D. Olivetti, “Monitoring cyanobacteria occurrence
in freshwater reservoirs using semi-analytical algorithms and orbital remote sensing,” Mar. Freshwater Res. 71(5),
569–578 (2020).

13. A. Castagna, S. Simis, H. Dierssen, Q. Vanhellemont, K. Sabbe, and W. Vyverman, “Extending Landsat 8: Retrieval
of an orange contra-band for inland water quality applications,” Remote. Sens. 12(4), 637 (2020).

14. H. R. Gordon and M. Wang, “Retrieval of water-leaving radiance and aerosol optical thickness over the oceans with
SeaWiFS: a preliminary algorithm,” Appl. Opt. 33(3), 443–452 (1994).

15. B.-C. Gao, M. J. Montes, R.-R. Li, H. M. Dierssen, and C. O. Davis, “An atmospheric correction algorithm for
remote sensing of bright coastal waters using MODIS land and ocean channels in the solar spectral region,” IEEE
Trans. Geosci. Remote Sensing 45(6), 1835–1843 (2007).

16. S. W. Bailey, B. A. Franz, and P. J. Werdell, “Estimation of near-infrared water-leaving reflectance for satellite ocean
color data processing,” Opt. Express 18(7), 7521–7527 (2010).

17. C. Hu, K. L. Carder, and F. E. Muller-Karger, “Atmospheric correction of seawifs imagery over turbid coastal waters:
a practical method,” Remote. Sens. Environ. 74(2), 195–206 (2000).

18. K. G. Ruddick, F. Ovidio, and M. Rijkeboer, “Atmospheric correction of SeaWiFS imagery for turbid coastal and
inland waters,” Appl. Opt. 39(6), 897–912 (2000).

https://doi.org/10.1080/2150704X.2020.1717013
https://doi.org/10.1016/j.ecss.2019.106277
https://doi.org/10.1016/j.rse.2014.01.009
https://doi.org/10.1016/j.rse.2019.03.010
https://doi.org/10.1364/OE.27.0A1372
https://doi.org/10.3390/rs12060946
https://doi.org/10.1016/j.rse.2019.111284
https://doi.org/10.1080/2150704X.2019.1697003
https://doi.org/10.1117/1.JRS.9.096070
https://doi.org/10.1016/j.rse.2015.02.007
https://doi.org/10.1016/j.rse.2015.09.023
https://doi.org/10.1071/MF18377
https://doi.org/10.3390/rs12040637
https://doi.org/10.1364/AO.33.000443
https://doi.org/10.1109/TGRS.2007.895949
https://doi.org/10.1109/TGRS.2007.895949
https://doi.org/10.1364/OE.18.007521
https://doi.org/10.1016/S0034-4257(00)00080-8
https://doi.org/10.1364/AO.39.000897


Research Article Vol. 28, No. 20 / 28 September 2020 / Optics Express 29964

19. C. Goyens, C. Jamet, and K. Ruddick, “Spectral relationships for atmospheric correction. II. Improving NASA’s
standard and MUMM near infra-red modeling schemes,” Opt. Express 21(18), 21176–21187 (2013).

20. A. Ibrahim, B. A. Franz, Z. Ahmad, and S. W. Bailey, “Multiband Atmospheric Correction Algorithm for Ocean
Color Retrievals,” Front. Earth Sci. 7, 116 (2019).

21. F. Steinmetz, P.-Y. Deschamps, and D. Ramon, “Atmospheric correction in presence of sun glint: application to
MERIS,” Opt. Express 19(10), 9783–9800 (2011).

22. R. Doerffer and H. Schiller, “The MERIS Case 2 water algorithm,” Int. J. Remote. Sens. 28(3-4), 517–535 (2007).
23. T. Schroeder, I. Behnert, M. Schaale, J. Fischer, and R. Doerffer, “Atmospheric correction algorithm for MERIS

above case-2 waters,” Int. J. Remote. Sens. 28(7), 1469–1486 (2007).
24. L. Guanter, A. Ruiz-Verdú, D. Odermatt, C. Giardino, S. Simis, V. Estellés, T. Heege, J. A. Domínguez-Gómez, and

J. Moreno, “Atmospheric correction of ENVISAT/MERIS data over inland waters: Validation for European lakes,”
Remote. Sens. Environ. 114(3), 467–480 (2010).

25. L. De Keukelaere, S. Sterckx, S. Adriaensen, E. Knaeps, I. Reusen, C. Giardino, M. Bresciani, P. Hunter, C. Neil, D.
Van der Zande, and D. Vaiciute, “Atmospheric correction of Landsat-8/OLI and Sentinel-2/MSI data using iCOR
algorithm: validation for coastal and inland waters,” Eur. J. Remote. Sens. 51(1), 525–542 (2018).

26. D. Frantz, “FORCE-Landsat+ Sentinel-2 analysis ready data and beyond,” Remote. Sens. 11(9), 1124 (2019).
27. Q. Vanhellemont and K. Ruddick, “Atmospheric correction of metre-scale optical satellite data for inland and coastal

water applications,” Remote. Sens. Environ. 216, 586–597 (2018).
28. D. Wang, R. Ma, K. Xue, and S. A. Loiselle, “The assessment of Landsat-8 OLI atmospheric correction algorithms

for inland waters,” Remote. Sens. 11(2), 169 (2019).
29. E. Ciancia, A. Campanelli, T. Lacava, A. Palombo, S. Pascucci, N. Pergola, S. Pignatti, V. Satriano, and V. Tramutoli,

“Modeling and Multi-Temporal Characterization of Total Suspended Matter by the Combined Use of Sentinel 2-MSI
and Landsat 8-OLI Data: The Pertusillo Lake Case Study (Italy),” Remote. Sens. 12(13), 2147 (2020).

30. I. Caballero, R. Fernández, O. M. Escalante, L. Mamán, and G. Navarro, “New capabilities of Sentinel-2A/B satellites
combined with in situ data for monitoring small harmful algal blooms in complex coastal waters,” Sci. Rep. 10(1),
8743 (2020).

31. F. Braga, G. M. Scarpa, V. E. Brando, G. Manfè, and L. Zaggia, “COVID-19 lockdown measures reveal human
impact on water transparency in the Venice Lagoon,” Sci. The Total. Environ. 736, 139612 (2020).

32. S. V. Balasubramanian, N. Pahlevan, B. Smith, C. Binding, J. Schalles, H. Loisel, D. Gurlin, S. Greb, K. Alikas, M.
Randla, M. Bunkei, W. Moses, H. Nguyen, M. K. Lehmann, D. O’Donnell, M. Ondrusek, T.-H. Han, C. G. Fichot, T.
Moore, and E. Boss, “Robust algorithm for estimating total suspended solids (TSS) in inland and nearshore coastal
waters,” Remote. Sens. Environ. 246, 111768 (2020).

33. P. R. Renosh, D. Doxaran, L. D. Keukelaere, and J. I. Gossn, “Evaluation of atmospheric correction algorithms for
sentinel-2-msi and sentinel-3-olci in highly turbid estuarine waters,” Remote. Sens. 12(8), 1285 (2020).

34. G. Zibordi, F. Mélin, J.-F. Berthon, B. Holben, I. Slutsker, D. Giles, D. D’Alimonte, D. Vandemark, H. Feng, G.
Schuster, B. E. Fabbri, S. Kaitala, and J. Seppälä, “AERONET-OC: A network for the validation of ocean color
primary products,” J. Atmospheric Ocean. Technol. 26(8), 1634–1651 (2009).

35. F. Mélin and G. Sclep, “Band shifting for ocean color multi-spectral reflectance data,” Opt. Express 23(3), 2262–2279
(2015).

36. N. Pahlevan, B. Smith, C. Binding, and D. O’Donnell, “Spectral band adjustments for remote sensing reflectance
spectra in coastal/inland waters,” Opt. Express 25(23), 28650–28667 (2017).

37. S. G. Simis and J. Olsson, “Unattended processing of shipborne hyperspectral reflectance measurements,” Remote.
Sens. Environ. 135, 202–212 (2013).

38. M. A. Warren, S. G. Simis, V. Martinez-Vicente, K. Poser, M. Bresciani, K. Alikas, E. Spyrakos, C. Giardino, and A.
Ansper, “Assessment of atmospheric correction algorithms for the Sentinel-2A MultiSpectral Imager over coastal
and inland waters,” Remote. Sens. Environ. 225, 267–289 (2019).

39. S. Garaba, T. Badewien, A. Braun, A.-C. Schulz, and O. Zielinski, “Using ocean colour remote sensing products to
estimate turbidity at the Wadden Sea time series station Spiekeroog,” J. Eur. Opt. Soc. publications 9, 14020 (2014).

40. D. Vansteenwegen, K. Ruddick, A. Cattrijsse, Q. Vanhellemont, and M. Beck, “The pan-and-tilt hyperspectral
radiometer system (PANTHYR) for autonomous satellite validation measurements-Prototype design and testing,”
Remote. Sens. 11(11), 1360 (2019).

41. D. Antoine, P. Guevel, J.-F. Desté, G. Bécu, F. Louis, A. J. Scott, and P. Bardey, “The ”BOUSSOLE” buoy – a new
transparent-to-swell taut mooring dedicated to marine optics: Design, tests, and performance at sea,” J. Atmospheric
Ocean. Technol. 25(6), 968–989 (2008).

42. D. Clark, H. Gordon, K. Voss, Y. Ge, W. Broenkow, and C. Trees, “Validation of atmospheric correction over the
oceans,” J. Geophys. Res. 102(D14), 17209–17217 (1997).

43. V. Brando, F. Braga, L. Zaggia, C. Giardino, M. Bresciani, E. Matta, D. Bellafiore, C. Ferrarin, F. Maicu, A.
Benetazzo, D. Bonaldo, F. Falcieri, A. Coluccelli, A. Russo, and S. Carniel, “High-resolution satellite turbidity and
sea surface temperature observations of river plume interactions during a significant flood event,” Ocean Sci. 11(6),
909–920 (2015).

44. C. D. Mobley, “Estimation of the remote-sensing reflectance from above-surface measurements,” Appl. Opt. 38(36),
7442–7455 (1999).

https://doi.org/10.1364/OE.21.021176
https://doi.org/10.3389/feart.2019.00116
https://doi.org/10.1364/OE.19.009783
https://doi.org/10.1080/01431160600821127
https://doi.org/10.1080/01431160600962574
https://doi.org/10.1016/j.rse.2009.10.004
https://doi.org/10.1080/22797254.2018.1457937
https://doi.org/10.3390/rs11091124
https://doi.org/10.1016/j.rse.2018.07.015
https://doi.org/10.3390/rs11020169
https://doi.org/10.3390/rs12132147
https://doi.org/10.1038/s41598-020-65600-1
https://doi.org/10.1016/j.scitotenv.2020.139612
https://doi.org/10.1016/j.rse.2020.111768
https://doi.org/10.3390/rs12081285
https://doi.org/10.1175/2009JTECHO654.1
https://doi.org/10.1364/OE.23.002262
https://doi.org/10.1364/OE.25.028650
https://doi.org/10.1016/j.rse.2013.04.001
https://doi.org/10.1016/j.rse.2013.04.001
https://doi.org/10.1016/j.rse.2019.03.018
https://doi.org/10.2971/jeos.2014.14020
https://doi.org/10.3390/rs11111360
https://doi.org/10.1175/2007JTECHO563.1
https://doi.org/10.1175/2007JTECHO563.1
https://doi.org/10.1029/96JD03345
https://doi.org/10.5194/os-11-909-2015
https://doi.org/10.1364/AO.38.007442


Research Article Vol. 28, No. 20 / 28 September 2020 / Optics Express 29965

45. K. G. Ruddick, V. De Cauwer, Y.-J. Park, and G. Moore, “Seaborne measurements of near infrared water-leaving
reflectance: The similarity spectrum for turbid waters,” Limnol. Oceanogr. 51(2), 1167–1179 (2006).

46. E. Vermote, N. El Saleous, C. Justice, Y. Kaufman, J. Privette, L. Remer, J. Roger, and D. Tanre, “Atmospheric
correction of visible to middle-infrared EOS-MODIS data over land surfaces: Background, operational algorithm
and validation,” J. Geophys. Res. 102(D14), 17131–17141 (1997).

47. S. Y. Kotchenova, E. F. Vermote, R. Matarrese, and F. J. Klemm Jr, “Validation of a vector version of the 6S radiative
transfer code for atmospheric correction of satellite data. Part I: Path radiance,” Appl. Opt. 45(26), 6762–6774 (2006).

48. M. Chami, B. Lafrance, B. Fougnie, J. Chowdhary, T. Harmel, and F. Waquet, “OSOAA: a vector radiative transfer
model of coupled atmosphere-ocean system for a rough sea surface application to the estimates of the directional
variations of the water leaving reflectance to better process multi-angular satellite sensors data over the ocean,” Opt.
Express 23(21), 27829–27852 (2015).

49. Q. Vanhellemont and K. Ruddick, “Assessment of Sentinel-3/OLCI sub-pixel variability and platform impact using
Landsat-8/OLI,” in Proceedings of the S-3 for Science Workshop, (2015), p. 8.

50. M. Hieronymi, “Polarized reflectance and transmittance distribution functions of the ocean surface,” Opt. Express
24(14), A1045–A1068 (2016).

51. Z. Lee, Y.-H. Ahn, C. Mobley, and R. Arnone, “Removal of surface-reflected light for the measurement of
remote-sensing reflectance from an above-surface platform,” Opt. Express 18(25), 26313–26324 (2010).

52. P. M. Groetsch, P. Gege, S. G. Simis, M. A. Eleveld, and S. W. Peters, “Validation of a spectral correction procedure
for sun and sky reflections in above-water reflectance measurements,” Opt. Express 25(16), A742–A761 (2017).

53. N. Pahlevan, J.-C. Roger, and Z. Ahmad, “Revisiting short-wave-infrared (SWIR) bands for atmospheric correction
in coastal waters,” Opt. Express 25(6), 6015–6035 (2017).

54. M. Talone and G. Zibordi, “Spectral assessment of deployment platform perturbations in above-water radiometry,”
Opt. Express 27(12), A878–A889 (2019).

https://doi.org/10.4319/lo.2006.51.2.1167
https://doi.org/10.1029/97JD00201
https://doi.org/10.1364/AO.45.006762
https://doi.org/10.1364/OE.23.027829
https://doi.org/10.1364/OE.23.027829
https://doi.org/10.1364/OE.24.0A1045
https://doi.org/10.1364/OE.18.026313
https://doi.org/10.1364/OE.25.00A742
https://doi.org/10.1364/OE.25.006015
https://doi.org/10.1364/OE.27.00A878

