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Abstract
Accurate retrieval of water-leaving reflectance from satellite-sensed signal is
decisive for ocean color applications, because water-leaving radiance only account
for less than 10% of satellite-sensed radiance. The standard atmospheric correction
algorithm relies on black pixel assumption, which assumes negligible waterradiance reflectance at the near-infrared (NIR) bands. The standard NIR-based
algorithm generally works well for waters where the NIR water-leaving radiance is
negligible or can be properly accounted for. However, the black pixel assumption
does not hold over turbid waters, which results in biased retrievals of remote sensing
reflectance (Rrs).
Therefore, this study aimed to improve atmospheric correction over turbid waters.
Based on Sentinel-3, two ways to cope with nonzero NIR water-leaving reflectance
were explored. First, this study proposed to use artificial neural networks to estimate
and correct NIR water-leaving reflectance at TOA (ANN-NIR algorithm). The
rationale of it is that hydrosol optical properties are much simpler at NIR spectral
region, where pure water absorptions are the dominant factor. The proposed
algorithm outperformed the standard NIR-based algorithm over highly turbid
waters. Considering results demonstrated in this study, ANN-NIR algorithm
should be useful for ocean color sensors with less than two SWIR bands.
Second, this study adapted the SWIR-based algorithm for atmospheric correction
of Sentinel-3 OLCI by coupling with the two SWIR bands of SLSTR. Three SWIR
band combinations were tested: 1020 and 1613, 1020 and 2256, and 1613 and 2256
nm. The SWIR-based algorithm obviously performed better than NIR-based
algorithm over highly turbid waters, while the NIR-based is still preferred for clear
to moderately turbid waters. The SWIR band of 1020 nm combined with either
SWIR band of 1613 or 2256 nm is recommended for the SWIR-based algorithm
except for extremely turbid waters, because the band of 1020 nm has better
radiometric performance. Over extremely turbid waters, the band combination of
1613 and 2256 nm should be used, since the water-leaving reflectance is still nonnegligible at the band of 1020 nm over these waters.

ii

Considering atmospheric correction performance obtained by the NIR- and SWIRbased algorithms, the NIR-based and SWIR-based algorithm are practically applied
over clear and turbid waters, respectively. This study revisited the effectiveness of
the turbidity index for the current NIR-SWIR switching scheme. The turbidity
index calculated from aerosol reflectance varies from 0.7 to 2.2, which is not close
to one as expected. In addition to water-leaving reflectance, its value also depends
on the spectral shape of aerosol reflectance, which varies with aerosol size
distributions, aerosol optical thickness, relative humidity and observing geometries.
To address this problem, this study proposed a framework to determine switching
threshold for the NIR-SWIR algorithm. An Rrs threshold was determined for each
MODIS land band centered at 469, 555, 645 and 859 nm, respectively. Their
thresholds are 0.009, 0.016, 0.009 and 0.0006 sr-1, respectively. However, Rrs(469)
tends to select SWIR-based algorithm wrongly for clear waters, while NIR-SWIR
switching based on Rrs(859) tends to produce patchy patterns. By contrast, NIRSWIR switching based on Rrs(555) with a threshold of 0.016 sr-1 and Rrs(645) with
a threshold of 0.009 sr-1 produced reasonable results. Considering the contrasted
estuarine and coastal waters, combined applications of NIR- and SWIR-based
algorithm with the switching scheme should be useful for these waters.
This study will contribute to better ocean color atmospheric corrections over turbid
waters. Atmospheric correction algorithms based on black pixel assumption have
been implemented and tested in this study, while combined applications of NIRbased and SWIR-based algorithms are recommended over contrasted transitional
waters. However, further studies would still be required to further improve and
validate atmospheric correction algorithms over turbid waters.
Keywords: Ocean color remote sensing; Atmospheric correction; Black pixel
assumption; Turbidity index; Near-infrared; Shortwave infrared.
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Chapter 1 Introduction
1.1 Research background and motivation
The World Ocean covers approximately 71% of Earth’s surface and is the principal
component of Earth’s hydrosphere (Warner 2007). The ocean is integral to life, play
important roles in the Earth’s carbon cycle and resorts influences on climate and
weather patterns (Bacastow and Maier-Reimer 1990; Sarmiento 1988). Considering
their critical significance, it is exceptionally important to understand the ecology
and biogeochemistry of aquatic environments in a varying and changing climate
scenarios for a sustainable planet (Platt 2008). However, most of aquatic ecological
systems are still underexplored (Birkey). Different from land ecosystems, ocean
ecosystems are mainly dominated by phytoplankton, which maintain the integrity
of the systems by absorbing energy from the Sun (Meyer et al. 2010). Moreover,
terrestrial inputs of suspended particulate and dissolved matters to coastal and
estuarine waters can significantly complicate aquatic ecosystems.
Remote sensing is the acquisition of information about an object without physical
contact, and it is applied to numerous fields, such as geography, land surveying and
most earth science disciplines (Lillesand et al. 2014). The emergence and
development of remote sensing techniques have advanced the monitoring of aquatic
environments and water qualities. Ocean color remote sensing, also called ocean
color radiometry, is to obtain water properties from radiometric measurements in
visible, near-infrared and shortwave infrared spectral regions from satellite sensors.
The mechanism of ocean color remote sensing lies in that the constituents in waters
absorb and scatter sunlight penetrating into the waters, influence the light field
below water surface, and thus determine the light intensity emerging from water
bodies (Hou 2013).
Over the past four decades, the design and manufacturing of ocean color satellite
sensors have been gradually improved. Several ocean color satellites have been
launched. The first ocean color satellite, coastal zone color scanner (CZCS), was
launched into space in 1978, and it has a spatial resolution of 825 m and five
spectral bands centered at 443, 520, 550, 670 and 750 nm, respectively. SeaViewing Wide Field-of-View Sensor (SeaWiFS) and Medium Resolution
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Imaging Spectrometer (MERIS) were lunched into space in 1997 and 2002, and
they stopped operations in 2011 and 2012, respectively. The two Moderate
Resolution Imaging Spectroradiometer (MODIS) sensors onboard satellites Terra
and Aqua with nine bands within 405-877 nm intended for ocean color
applications and seven bands within 459-2155 nm for land and cloud applications,
were launched in 1999 and 2002, respectively. In recent years, some new ocean
color satellites have been launched. The Visible and Infrared Imager/Radiometer
Suite (VIIRS) on Suomi-NPP and on JPSS-1, with 16 bands of 750 m spatial
resolution and 5 bands of 375 m spatial resolution, was launched in 2011 and
2017, respectively. The ocean and land color instrument (OCLI) on Sentinel-3A
and B with a spatial resolution of 300m and 21 bands within 400-1020 nm, was
launched in 2016 and 2018, respectively.
With satellite observations, the ecological and biogeochemical properties of waters
can be inferred from the magnitude and spectral shape of water-leaving radiances
or other derivatives, such as remote sensing reflectance (Rrs) (Gordon and Morel
2012). However, the radiances measured by satellite sensors at the top of
atmosphere (TOA) include not only water-leaving radiance but also the
contributions from atmosphere and water surface (Gordon 1997). The atmosphere
contributes to TOA radiance through absorption and scattering of molecules,
aerosols and absorbing gases. Removing atmospheric effects are especially decisive
for successful ocean color applications, because water-leaving radiance only
accounts for less than 10% of the total radiance (Wang 2007). The process of
removing atmospheric effects from the TOA signals is called atmospheric
correction.
The aim of ocean color atmospheric correction is to separate water-leaving radiance
from atmospheric interferences, which mainly involves correcting Rayleigh
scattering contributions, aerosol scattering contributions, Rayleigh-aerosol
interactions and two-way diffuse transmittances (Gordon 1997). Gordon and Wang
(1994b) developed an algorithm to carry out atmospheric correction and retrieve
water-leaving radiance and aerosol optical properties, which was later refined by
Stumpf et al. (2003) and Bailey et al. (2010). This algorithm is currently adopted
by the National Aeronautics and Space Administration (NASA) Ocean Biology
Processing Group (OBPG) as the standard atmospheric correction algorithm to
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generate ocean color products. The algorithm works well for case-I waters, in which
colored dissolved organic matter (CDOM) and mineral particles do not co-vary with
phytoplankton. However, it produces biased estimations or even failed over turbid
case-II waters, in which CDOM and mineral particles are independent from
phytoplankton.
Out of the atmospheric interferences, the main contributions are due to Rayleigh
and aerosol. Rayleigh scattering reflectance can be calculated from precompiled
lookup tables (LUTs) with acceptable performance (Gordon et al. 1988a; Wang
2005). The main uncertainties lie in aerosols because of its distinct spatiotemporal
and optical variations. Moreover, aerosol properties cannot only determine the
aerosol scattering reflectance, but also impact the Rayleigh-aerosol interactions and
diffuse transmittances (Gordon 1997). Therefore, atmospheric impacts can only be
corrected when the aerosol properties are determined. To infer aerosol properties,
Gordon and Wang (1994b) applied the ratio of Rayleigh corrected reflectance at
two NIR bands to identify the matched aerosol model from precompiled aerosol
LUTs. Because the NIR water-leaving reflectance is generally negligible over open
ocean waters, therefore the Rayleigh-corrected reflectance at NIR bands is
equivalent to aerosol reflectance.
The validity of black pixel assumption at the NIR spectral region directly affects
atmospheric correction performance of the algorithm developed by Gordon and
Wang (1994b). Because nonzero NIR water-leaving reflectance can result in
overcorrecting aerosol contributions and thus underestimating NIR water-leaving
reflectance. To account for the nonzero NIR water-leaving reflectance, a bio-optical
model was used iteratively to estimate and correct the water-leaving reflectance at
two NIR bands (Bailey et al. 2010; Stumpf et al. 2003). However, the bio-optical
model is chlorophyll-centered. It would result in biased estimations for case-II
waters. Especially, the standard NIR-based algorithm obviously underestimates Rrs
of sediment-laden waters (Wang and Shi 2012; Werdell et al. 2010), because their
NIR water-leaving reflectance is still prominent (Liu et al. 2017).
In response to the problem, some alternative algorithms have been proposed, and
these algorithms focused on: (a) estimating and removing NIR water-leaving
reflectance to fulfill the black pixel assumption, and (b) finding alternative
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reference bands where black pixel assumption holds. The former category was also
called as bright pixel method. Ruddick et al. (2000) proposed a Management Unit
of the North Sea Mathematical Models (MUMM) algorithm to estimate NIR waterleaving reflectance. It assumes that aerosol properties are spatially homogeneous
and the spectral shape of NIR water-leaving reflectance is only determined by pure
water absorption. Goyens et al. (2013a) systematically evaluated the spectral
relationships, and proposed to use a polynomial function for NIR reflectance to
improve MUMM algorithm (Goyens et al. 2013b). However, the performance of
MUMM algorithm still relies on the validity of its assumptions.
Wang (2007) used two shortwave infrared (SWIR) for aerosol properties inference.
Because the black pixel assumption is supposed to be valid even for highly turbid
waters, which is a result of strong water absorption at SWIR spectral region (Shi
and Wang 2009). The SWIR-based atmospheric correction algorithm is first
implemented for MODIS with the two SWIR bands centered at 1240 and 2130 nm,
respectively. It demonstrates good performance for highly turbid waters. However,
the two MODIS SWIR bands are intended for land and cloud applications and hold
low signal-to-noise ratio (SNR) values. Hitherto, few ocean color satellite sensors
have two or more high-performance SWIR bands. Low SNRs held by SWIR bands
result in large uncertainties in retrieving Rrs, and the uncertainties may account for
a large proportion of Rrs of clear waters.
Therefore, a practical strategy is to apply NIR-based algorithm for clear waters and
SWIR-based algorithm for turbid waters, which is named as NIR-SWIR algorithm.
To implement it, a switching scheme between NIR- and SWIR-based algorithms is
required. For obtaining such a switching scheme, Shi and Wang (2007) proposed a
turbidity index to detect waters with obviously nonzero NIR reflectance, and this
turbidity index is derived from one NIR and two SWIR bands, based on the
assumption that the aerosol reflectance at the NIR band could be estimated using
the two SWIR bands. The threshold of turbidity index for NIR-SWIR was set to 1.1
(Wang and Shi 2007), and 1.3 by Wang and Shi (2007). Later, a refined scheme
was proposed by Wang et al. (2009), with a turbidity index of 1.05, a normalized
water-leaving radiance at 869 nm of 0.08 mW cm−2 μm−1 sr −1 and a chlorophylla value of 1 mg/l. This switching scheme was adopted by the NASA OBPG and
implemented in SeaWiFS Data Analysis System (SeaDAS) platform for NIR-SWIR
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algorithm. However, some studies showed that this switching scheme did not work
well (Aurin et al. 2013; Goyens et al. 2013c).
Therefore, more efforts should be devoted on how to estimate NIR water-leaving
reflectance more accurately and how to detect turbid waters for the NIR-SWIR
combined atmospheric correction algorithm..

1.2 Research objectives
This main goal of this dissertation is to improve atmospheric correction over turbid
waters and ensure effective combinations of the NIR-based and SWIR-based
algorithms over contrasted transitional waters. The primary objectives of the
research are:
(1) to develop a novel approach to estimate and correct the nonzero NIR waterleaving reflectance of turbid waters;
(2) to adapt the SWIR-based atmospheric correction algorithm to Sentinel-3, and
identify the optimal band combination for atmospheric correction of Sentinel-3
OLCI over turbid waters;
(3) to investigate the effectiveness of the turbidity index for the current switching
scheme to select NIR- and SWIR-based algorithm;
(4) to develop a framework to determine the switching threshold for the NIR-SWIR
combined algorithm.

1.3 Outline of dissertation


Chapter 1 introduce the research background of ocean color remote sensing
and atmospheric correction, and puts forward scientific questions. Then it
briefs the research objectives in response to the research questions. The
chapter also presents the outline of the thesis.



Chapter 2 reviews literatures on the principles of ocean color remote
sensing, apparent optical properties and inherent optical properties. Then
the research status of the ocean color atmospheric correction is elaborated,
and existing algorithms for ocean color atmospheric correction over turbid
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water are summarized. Theories and facts about aerosol models and aerosol
lookup tables used by NASA OBPG are studies.


Chapter 3 introduces the study areas, then elaborates the procedures of data
collection and simulation. The research framework is then briefed.



Chapter 4 evaluates the radiometric performance of Sentinel-3 OLCI and
two SWIR bands of Sentinel-3 SLSTR, and then tests black pixel
assumption at the near infrared and shortwave infrared spectral bands.



Chapter 5 focuses on atmospheric correction of Sentinel-3 OLCI over
turbid waters. This chapter applies artificial neural networks to estimate and
remove nonzero water-leaving reflectance from TOA reflectance, and then
the NIR-based algorithm is applied.



Chapter 6 explores the SWIR-based algorithm for atmospheric correction
of Sentinel-3 OLCI over turbid waters by combining with the two SWIR
bands of Sentinel-3 SLSTR.



Chapter 7 investigates the effectiveness of the turbidity index for the
switching scheme of NIR-SWIR algorithm. Factors, such as fine-mode
fraction, aerosol optical thickness, relative humidity and observing
geometries, affecting the turbidity index are explored.



Chapter 8 targets to the switching scheme of NIR-SWIR algorithm. A
framework is proposed to determine the switching threshold of switching
the NIR-based algorithm to SWIR-based algorithm.



Chapter 9 gives a comprehensive discussion of the dissertation. It tries to
summarize the main findings, discuss factors affecting atmospheric
correction accuracy, and respond to the research objectives.



Chapter 10 draws conclusions and gives future perspectives.
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Chapter 2 Literature review
2.1 Principles of ocean color remote sensing
The water’s optical properties are divided into inherent and apparent optical
properties depending on whether they are affected by ambient light field (Mobley
1994). The inherent optical properties (IOPs) are those depending only on the
medium and independent of the light field within the water column. Commonly
used IOPs include absorption coefficient 𝑎(𝜆), scattering coefficient b(λ), beam
attenuation coefficient c(λ), backscattering coefficient bb(λ), volume scattering
function etc. The apparent optical properties (AOPs) are those relying on both
medium and ambient light field (Mobley 1994). Widely used AOPs are the
downward and upwelling irradiance/radiance (Ed, Eu, Ld, Lu), the remote sensing
reflectance (Rrs) and diffuse attenuation coefficient (Kd).

2.1.1 Inherent optical properties
The total absorption coefficient 𝑎(λ) of the whole water column can be seen as a
summation of absorption of each water constituent (Carder et al. 1999), i.e. pure
water (w), particulate matter (p) and CDOM, as follows:
𝑎(λ) = 𝑎𝑤 (λ) + 𝑎𝑝 (λ) + 𝑎𝐶𝐷𝑂𝑀 (λ) ,
where the absorption of particulate matters can be seen as the summation of
absorption of phytoplankton pigments (ph, mainly chlorophyll-a) and detritus (d),
i.e.
𝑎𝑝 (λ) = 𝑎𝑝ℎ (λ) + 𝑎𝑑 (λ) .
The 𝑎𝑑 (λ) and 𝑎𝐶𝐷𝑂𝑀 (λ) have a similar spectral shape, and decrease exponentially
with the wavelength (Roesler and Perry 1995). The sum of absorptions due to both
detritus and CDOM (𝑎𝑑𝑔 (λ)) can be approximated by a single exponential function:
𝑎𝑑𝑔 (λ) = 𝑎𝑑𝑔 (λ0 ) × exp[−𝑆 × (𝜆 − 𝜆0 )],
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where λ0 is a reference wavelength, and 𝑎𝑑𝑔 (λ0 ) is the absorption coefficient due
to both detritus and CDOM at the reference wavelength, and the parameter S is the
spectral slope depending on the composition of detritus and CDOM.
Although the absorption of the pure water can be slightly temperature-dependent,
it is commonly deemed as a function of wavelength and temperature-invariant. The
absorption coefficient of pure water measured by Pope and Fry (1997) are widely
used in ocean color remote sensing. The absorption coefficients of total particulate
matter, detritus and phytoplankton pigments can be measured with quantitative
filter technique (QTF) (Mitchell 1990). The optical density of particulate matters
can be measured with UV-2401 spectrophotometer by filtering them onto a
Whatman GF/F glass fiber filter, and 𝑎p(λ) can be calculated using the equations
of Cleveland and Weidemann (1993). Then, the absorption coefficient of detritus
can be measured by extracting the phytoplankton pigments with methanol. The
absorption coefficient of phytoplankton pigments can be obtained by deducting
𝑎d(λ) from 𝑎p(λ). The absorption coefficient of CDOM is obtained by measuring
the optical density of water filtered with a 0.22 μm polycarbonate filter using the
same spectrophotometer and calculated with the equation of Bricaud et al. (1981).
The total backscattering coefficient (bb(λ)) is determined by pure water and
particulate matter, since the backscattering of CDOM is small and always omitted.
Thus,
𝑏b (𝜆) = 𝑏bw (𝜆) + 𝑏bp (𝜆) ,
where bbw(λ) and bbp(λ) are the backscattering coefficient of pure water and
particulate matters, respectively. The spectral shape of particulate backscattering
coefficient can be fitted by a power function as (Gordon et al. 1988c):
𝜆 −𝜂
𝑏bp (𝜆) = 𝑏bp (𝜆0 ) × ( ) ,
𝜆0
where λ0 is a reference wavelength, 𝑏bp (𝜆0 ) is the particulate backscattering
coefficient at the reference wavelength and 𝜂 is the power determining the spectral
variation.
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The scattering by pure water belongs to Rayleigh scattering by water molecules,
which can be calculated theoretically based on classical electrodynamics and
thermodynamics considerations (Morel 1974; Shifrin 1988). Morel (1974) reported
that the scattering by pure water follows a λ-n law, and a value of 4.32 is determined
for n. As for the particulate backscattering, its spectral variation depends on particle
size distribution, particle composition and refractive index (Xi et al. 2015), and it
may contributes a lot to the water-leaving reflectance especially in coastal, estuarine
and inland waters.

2.1.2 Apparent optical properties
To describe the water color, the reflectance (R) is defined as the spectral variations
of upwelling to downward irradiance ratios:
𝑅(𝜆, 𝑧) =

𝐸𝑢 (𝜆, 𝑧)
⁄𝐸 (𝜆, 𝑧) ,
𝑑

where Eu(λ, z) and Ed(λ, z) is the upwelling and downward irradiance at wavelength
λ and depth z (Mobley 1994). It is mainly determined by the absorption and
backscattering coefficients of water constituents. Gordon et al. (1975) simplified
the relationship between R and absorption and backscattering coefficients through
Monte Carlo simulation, expressed as follows:
𝑅=𝑓

𝑏𝑏
.
𝑎 + 𝑏𝑏

Besides R, the remote sensing reflectance (rrs) just beneath the water surface is
defined as follows:
r𝑟𝑠 (𝜆, 0− ) =

𝐿𝑢 (𝜆, 0− )
⁄𝐸 (𝜆, 0− ),
𝑑

where 𝐿𝑢 (𝜆, 0− ) is the upwelling radiance just beneath the water surface, which is
related to Eu by the equation:
𝐸𝑢 (𝜆, 0− ) = 𝑄𝐿𝑢 (𝜆, 0− ),
where Q is a proportionality factor and holds a unit of sr, and 𝐸𝑑 (𝜆, 0− ) is the
downward irradiance.
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Straightforwardly, water-leaving radiance Lw, as an indicator of water color, can be
measured with a spectrometer. It can also be deduced from 𝐿𝑢 (𝜆, 0− ) with the
following equation:
𝐿𝑤 (𝜆) =

𝑡
𝐿 (𝜆, 0− ),
𝑛2 𝑢

However, besides the effects of the water constituents, Lw are also affected by the
magnitude and angular distribution of downward irradiance Ed. To minimize this
influence, remote sensing reflectance (Rrs) is calculated by normalizing Lw to Ed as
follows:
R 𝑟𝑠 (𝜆) =

𝐿𝑤 (𝜆)
⁄𝐸 (𝜆, 0+ ),
𝑑

where 𝐸𝑑 (𝜆, 0+ ) is the downward irradiance just above the water surface.
Therefore, Rrs can also be related to absorption and backscattering coefficients as
the following expression:
𝑅𝑟𝑠 =

𝑓𝑡
𝑏𝑏
,
2
𝑄𝑛 𝑎 + 𝑏𝑏

where f/Q is dependent on the sun’s position (Morel and Prieur 1977) and t/n2 was
given a value of 0.54. This equation is also the theoretical basis for bio-optical
modeling, which relates water-leaving reflectance to the inherent optical properties
of hydrosol constituents (Ma et al. 2006).

2.2 Progress on ocean color atmospheric correction
2.2.1 Problem formulation
The total radiance 𝐿t measured by satellite sensor at TOA comes from contributions
from Rayleigh (𝐿r ), aerosol (𝐿a ), Rayleigh-aerosol interactions (𝐿ra ), specular
reflection of direct sunlight from sea surface (𝐿g ) reaching the TOA, sunlight and
skylight reflecting from surface whitecaps (𝐿wc ) reaching the TOA, and waterleaving radiance at sea level (𝐿w ) reaching the TOA (Mobley et al. 2016):
𝐿𝑡 = [𝐿𝑟 + 𝐿𝑎 + 𝐿𝑟𝑎 + 𝑇𝑣 𝐿𝑔 + 𝑡𝑣 𝐿𝑤𝑐 + 𝑡𝑣 𝐿𝑤 ]𝑡𝑔 𝑓𝑝 ,
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where 𝑇𝑣 is the direct transmittance from sea surface to the TOA along the viewing
direction, 𝑡𝑣 is diffuse transmittance in the viewing direction, 𝑡𝑔 is the two-way
transmittance due to absorbing gases, and 𝑓𝑝 is correction coefficient for effects of
polarization. The aim of atmospheric correction is to remove the contributions of
air and water surface to sensor-measured signals at the TOA.
The radiance (L) can be converted to reflectance (ρ) with the definition ρ =
𝜋𝐿⁄(𝐹0 cos𝜃0 ) , where 𝐹0 is the mean extraterrestrial solar irradiance and 𝜃0 is
solar zenith angle. With the consideration of diffuse transmittance to the solar
radiation along the path from Sun to water surface (𝑡𝑠 ), the above equation can be
rewrite as follows:
ρ𝑡 = [ρ𝑟 + ρ𝑎 + ρ𝑟𝑎 + 𝑇𝑣 𝑇𝑠 ρ𝑔 + 𝑡𝑣 𝑡𝑠 ρ𝑤𝑐 + 𝑡𝑣 𝑡𝑠 ρ𝑤 ]𝑡𝑔 𝑓𝑝 ,
where ρ𝑤 is the normalized water-leaving reflectance, and ρ𝑎 + ρ𝑟𝑎 is also referred
to as multiple scattering aerosol reflectance (ρ𝑎𝑚 ). The effects of sun glints are
generally small because ocean color sensors are always specifically optimized to
avoid serious glint contaminations by pointing the sensor in a direction away from
the sun. In addition, satellite observations seriously contaminated by sun glints are
masked out using a predefined threshold, because serious sun glints may completely
cover the water-leaving reflectance.

2.2.2 Atmospheric correction algorithm based on black pixel assumption
Two key problems should be done for atmospheric correction algorithm based on
black pixel assumption: (1) find two spectral bands where water-leaving reflectance
is negligible, and (2) how to extrapolate aerosol reflectance at the two bands to other
spectral bands. To correct atmospheric interferences, the absorbing transmittance,
polarization (Gordon et al. 1997), Rayleigh reflectance (Gordon et al. 1988a), sun
glints (Wang and Bailey 2000) and whitecaps (Gordon and Wang 1994a) are first
removed using ancillary data (like ozone concentration, wind speed, surface
pressure), observing geometries and precompiled Rayleigh LUTs (Gordon and
Wang 1992; Mobley et al. 2016). For brevity, the Rayleigh-corrected reflectance
(ρ𝑟𝑐 ) is written as:
ρ𝑟𝑐 = ρ𝑡 − ρ𝑟 = ρ𝑎𝑚 + 𝑡𝑣 𝑡𝑠 ρ𝑤 .
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To infer aerosol properties, a single scattering epsilon (ε) is defined as the ratio of
single scattering aerosol reflectance (ρ𝑎𝑠 ) at the two bands:
ε(𝜆𝑠 , 𝜆l ) =

𝜌𝑎𝑠 (𝜆𝑠 )
⁄𝜌 (𝜆 ),
𝑎𝑠 l

where 𝜆𝑠 and 𝜆𝑙 are the shorter and longer bands used in atmospheric correction.
The ρ𝑎𝑠 for a specific aerosol model and observing geometries is calculated as
follows:
ρ𝑎𝑠 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑) =

𝜔(𝜆)τ(𝜆)𝑝(𝜆, 𝜃0 , 𝜃𝑣 , 𝜑)
⁄4𝑐𝑜𝑠(𝜃 )𝑐𝑜𝑠(𝜃 ),
0
𝑣

where 𝜔 represents aerosol single scattering albedo, τ is aerosol optical thickness
(AOT), 𝜃0 is solar zenith angle, 𝜃𝑣 is view zenith angle and p is phase function
modulated by surface Fresnel reflection (Gordon 1997).
2.2.2.1 Single scattering
In the scenario of single scattering approximation, the reflectance induced by the
interactions between Rayleigh and aerosol is omitted, and the spectral variation of
ε(𝜆, 𝜆l ) is approximated with an exponential formula as:
ε(𝜆, 𝜆l ) = exp[𝑐 × (𝜆𝑙 − 𝜆)],
where c is a constant value. The constant value c can be estimated with the two
bands as:
𝑐(𝜆𝑠 , 𝜆l ) =

1
𝜌𝑎𝑠 (𝜆s )
𝑙𝑛 (
),
𝜆l − 𝜆s
𝜌𝑎𝑠 (𝜆l )

where s and l means the shorter and longer wavelength of the two bands. Once the
ε(𝜆, 𝜆l ) is determined, 𝜌𝑎𝑠 (𝜆) can be computed as 𝜌𝑎𝑠 (𝜆) = ε(𝜆, 𝜆l ) × 𝜌𝑎𝑠 (𝜆l ) .
The diffuse transmittance due to the atmosphere is estimated approximately by the
formula:
𝜏
( 𝑟⁄2 + 𝜏𝑂𝑧 )
⁄
𝑡 = exp [−
cos(𝜃)],
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where 𝜏𝑟 and 𝜏𝑂𝑧 are Rayleigh optical thickness and ozone optical thickness, and 𝜃
is the solar zenith angle. Although water-leaving reflectance can be retrieved with
acceptable accuracy, large uncertainties may be induced by the single scattering
approximation especially for large aerosol optical thicknesses. Therefore, multiple
scattering effects should be taken into considerations.
2.2.2.2 Multiple scattering
In multiple scattering scenarios, aerosol LUTs are required. The quadratic
coefficients of single to multiple scattering aerosol reflectance are stored in aerosol
LUTs. The ρ𝑟𝑐 at the two spectral bands are first transformed to ρ𝑎𝑠 using the
quadratic coefficients from aerosol LUTs (Gordon 1997; Gordon and Wang 1994b).
The single scattering epsilon (ε) of two spectral bands is calculated and used to
identify the best fitted aerosol model from aerosol LUTs. Once the aerosol model
is identified, the single scattering reflectance can be calculated as: 𝜌𝑎𝑠 (𝜆) =
ε(𝜆, 𝜆l ) × 𝜌𝑎𝑠 (𝜆l ), and transformed to the aerosol multiple scattering reflectance
using the coefficients of single to multiple scattering aerosol reflectance; aerosol
optical thickness (𝜏𝑎 ) is retrieved with the formula:
𝜏𝑎 (𝜆) =

ρ𝑎𝑠 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑) × 4 × 𝑐𝑜𝑠(𝜃0 ) × 𝑐𝑜𝑠(𝜃𝑣 )
⁄𝜔(𝜆) × 𝑝(𝜆, 𝜃 , 𝜃 , 𝜑),
0 𝑣

and then diffuse transmittances is deduced as:
𝑡𝜃 = 𝐴(𝜃)exp[−𝐵(𝜃) × 𝜏𝑎 ],
where 𝜃 is either solar or viewing zenith angle, 𝐴(𝜃) and 𝐵(𝜃) are parameters
stored in aerosol LUTs. Thereafter, Rrs can be retrieved as (Gordon and Wang 1994b;
Mobley et al. 2016):
ρ𝑤 =

(ρ𝑟𝑐 − ρ𝑎𝑚 )
⁄𝑡 𝑡 and 𝑅rs = ρ𝑤⁄𝜋.
𝑣 𝑠

2.2.2.3 Black pixel assumption
For atmospheric correction algorithms based on black pixel assumption, two
spectral bands where water-leaving reflectance is negligible are required. Because
the aerosol properties can only be inferred from the two bands if water-leaving
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reflectance are negligible. The water-leaving reflectance is a combined result of
optical properties of pure water and optically active matters in the water. The
absorption of optically active matters decreases quickly with the wavelength and
turns subtle at the NIR spectral region, while the backscattering coefficient is
relatively invariant. Therefore, the remote sensing reflectance values at NIR and
SWIR spectral regions are dominated by the pure water absorptions and shows
general decreasing trend, which is a result of increasing trend of pure water
absorption (Figure 2.1).

Figure 2.2.1 Spectral variations of water absorption coefficient (red line) in log10
scale and one example shows the remote sensing reflectance (blue line) measured
in the Pearl River Estuary. The water absorption coefficients are from the
literature (Kou et al. 1993; Pope and Fry 1997; Smith and Baker 1981).
Atmospheric correction methods based black pixel assumption are classified into
NIR method, SWIR method and ultraviolet (UV) method according to the reference
bands. Initially for the Coastal Zone Color Scanner, the water-leaving reflectance
at the band of 670 nm is assumed to be zero over clear open ocean, because no NIR
band is available (Evans and Gordon 1994; Gordon 1978). However, the spectral
shape of aerosol reflectance cannot be estimated with only one band where black
pixel assumption holds. Moreover, the water-leaving reflectance at the red band is
not always negligible for productive waters.
SeaWiFS is the first ocean color sensor with two NIR bands, centered at 765 and
865 nm respectively. Compared with an absorption coefficient of 0.44 m-1 at the
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band of 670 nm, the water absorption coefficients at 765 and 865 nm are 2.86 and
4.61 m-1, respectively. Therefore, the water-leaving reflectance at these two bands
are obviously lower. Gordon and Wang (1994b) developed an atmospheric
correction algorithm for SeaWiFS using these two NIR bands. This algorithm is
applied by NASA OBPG for atmospheric corrections of various ocean color
missions. Siegel et al. (2000) examined the validity of the black pixel assumption
of the two NIR bands, and found that NIR water-leaving reflectance could not be
neglected for chlorophyll-a concentrations exceeding 2 mg m-3. Especially for some
estuarine and coastal turbid waters, the water-leaving reflectance can be prominent
(Shi and Wang 2012).
Some studies suggested that SWIR bands should be used instead of NIR bands
(Wang 2007). The basic idea of it lies in that water absorptions at the SWIR spectral
region is far stronger than NIR, and few photons can leave the water column and be
sensed by satellite sensors. Therefore, the black pixel assumption is supposed to be
held at SWIR bands. MODIS is the first ocean color satellite sensor with three
SWIR bands centered at 1240, 1640 and 2130 nm, respectively, though they are
initially designed for land and cloud applications. Water absorption coefficients at
these three bands are 115.38, 635.33 and 2509.97 m-1, respectively, which are
obviously higher than that of NIR bands. Shi and Wang (2009) assessed the black
pixel assumption of the MODIS SWIR bands. The black pixel assumption is valid
for the two bands of 1640 and 2130 nm, while water-leaving reflectance at the band
centered at 1240 nm is non-negligible for extremely turbid waters.
Given two high-performance SWIR bands, atmospheric interferences from the
visible to NIR spectral bands can be removed, and water-leaving reflectance can be
retrieved. However, most of SWIR bands of ocean color satellite sensors in
operation can not meet the SNR requirement for atmospheric correction, which
induces atmospheric correction uncertainties and noisy patterns. Therefore, some
efforts have been devoted to improve SWIR method. Shi and Wang (2007)
proposed a NIR-SWIR combined atmospheric correction, which first gauges water
turbidity, and then switches between NIR method and SWIR method. However, the
currect switching scheme does not work well.
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He and Chen (2014) proposed a two-stage extrapolation algorithm, named SWIR
extrapolation (SWIRE), was put forward and implemented for MODIS. In SWIRE
algorithm, an power-law equation is first fitted to three Rayleigh-corrected SWIR
bands to obtain two pseudo NIR bands, and atmospheric correction is carried out
following the single scattering approximation using these two pseudo bands. The
SWIRE method was also adapted and applied to Landsat-8 OLC images (Ye et al.
2017).
UV band was also suggested to be used for atmospheric correction (He et al. 2004).
Water-leaving reflectance of highly turbid waters at UV bands is low because of
strong absorptions of particulate matters and CDOM. In addition, UV bands have
advantage over NIR and SWIR bands in distinguishing absorbing and unabsorbing
aerosol(Wang and Jiang 2018). However, few ocean color sensors in operation have
UV bands. Therefore, some studies have demonstrated the potentials of short
wavelengths in ocean color atmospheric corrections using short blue bands (He et
al. 2004; Oo et al. 2008; Wang and Jiang 2018).

2.2.3 Bright Pixel atmospheric correction methods
For those ocean color sensors without SWIR bands (such as SeaWiFS and MERIS),
some efforts have been devoted to estimate and correct the non-negligible NIR
water-leaving reflectance, which are called bright pixel atmospheric correction
methods. Compared with black pixel method, the key procedure for bright pixel
method is to estimate and remove NIR water-leaving reflectance.
Siegel et al. (2000) applied a chlorophyll-a-centered bio-optical model to estimate
the NIR water-leaving reflectance. First, a chlorophyll-a concentration was initially
estimated from Rayleigh-corrected reflectance. The backscattering coefficient at a
NIR band (b𝑏𝑝 (𝜆NIR )) was estimated with the following formula (Morel 1988):
b𝑏𝑝 (𝜆NIR ) = 0.416Chl0.766 × {0.002 + (550⁄𝜆

NIR

) × (0.02[0.5 −

0.25log10 (Chl)])},
where Chl was the chlorophyll-a concentration. The normalized water-leaving
reflectance ([𝜌𝑤 (𝜆NIR )]𝑁 ) was estimated with the expression:
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2

[𝜌𝑤 (𝜆NIR )]𝑁 ≈ 𝜋(𝑡⁄𝑛

)2

𝑖
b𝑏𝑝 (𝜆NIR ) + b𝑏𝑤 (𝜆NIR )
× ∑ 𝑔𝑖 [
],
b𝑏𝑝 (𝜆NIR ) + b𝑏𝑤 (𝜆NIR ) + a𝑤 (𝜆NIR )
𝑖=1

where b𝑏𝑤 (𝜆NIR ) and a𝑤 (𝜆NIR ) are backscattering and absorption coefficients of
pure water, respectively. The estimated [𝜌𝑤 (𝜆NIR )]𝑁 was removed from Rayleighcorrected reflectance, and the chlorophyll-a concentration and [𝜌𝑤 (𝜆NIR )]𝑁 were
estimated repeatedly. The process continued until the estimated chlorophyll-a
concentration converged.
Lavender et al. (2005) developed a suspended sediment-based approach to estimate
the nonzero water-leaving reflectance at NIR bands. This approach tried to separate
the Rayleigh-corrected NIR reflectance to aerosol reflectance and water-leaving
reflectance. In this algorithm, the NIR water-leaving reflectance was believed to be
mainly due to suspended sediments. Two approximations were made to partition
the NIR Rayleigh-corrected reflectance: (1) the NIR water-leaving reflectance was
expressed as a function of wavelength (λ), suspended particulate matter (SPM)
concentration, solar zenith angle (𝜃0), sensor zenith angle (𝜃) and relative azimuth
(𝜙):
𝜌𝑤 (𝜆NIR ) = 𝑓(𝜆, SPM, 𝜃0 , 𝜃, 𝜙);
and (2) the ratio aerosol reflectance at two NIR bands followed a power law form:
𝜌𝑎𝑠 (𝜆1 ) + 𝜌𝑟𝑎 (𝜆1 )
𝜆1 𝑛
=( ) ,
𝜌𝑎𝑠 (𝜆2 ) + 𝜌𝑟𝑎 (𝜆2 )
𝜆2
where n was the Angstrom exponent, varying from -2 to 1 depending on the aerosol
type. The nonlinear least-squares Newton-Raphson minimization method was used
to solve the problem and find optimal n and SPM concentration.
Ruddick et al. (2000) introduced two additional two assumptions to partition the
NIR Rayleigh-corrected into aerosol reflectance and water-leaving contributions:
(1) aerosol properties across the whole satellite imagery was homogeneous; and (2)
the spectral shape of NIR water-leaving reflectance was fixed or only determined
by water absorptions (Ruddick et al. 2006). The multiple scattering epsilon (εm) was
defined as the ratio of multiple scattering aerosol reflectance at two NIR bands:
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ε𝑚 =

𝜌𝑎𝑚 (𝜆1 )
.
𝜌𝑎𝑚 (𝜆2 )

The ratio of water-leaving reflectance normalized by the atmospheric transmittance
in the Sun to surface (𝑇0 ) direction at two NIR bands was defined as:
α=

𝜌𝑤 (𝜆1 )⁄𝑇0 (𝜆1 )
.
𝜌𝑤 (𝜆2 )⁄𝑇0 (𝜆2 )

The εm and α could be determined over the clear waters within a scene of satellite
imagery, and these two values were considered fixed across the scene to derive the
aerosol reflectance at NIR bands. Thereafter, standard atmospheric correction
procedure could be carried out with the derived NIR aerosol reflectance.
Wang et al. (2012) reported an empirical algorithm based on the diffuse attenuation
coefficient at 490 nm (Kd(490)) to account for the NIR water-leaving reflectance.
An empirical polynomial algorithm was fitted between the normalized waterleaving radiance at 748 nm (nLw(748)) and Kd(490) over the western Pacific Ocean
as follows:
𝑛𝐿𝑤 (748) = 𝑐1 𝐾𝑑 (490) + 𝑐2 𝐾𝑑 (490)2 + 𝑐3 𝐾𝑑 (490)3 + 𝑐4 𝐾𝑑 (490)4 ,
where c1-c4 took values of 0.465, -0.385, 0.152 and -0.0121, respectively. Similarly,
nLw(869) was formulated as a quadratic expression:
𝑛𝐿𝑤 (869) = 𝑏1 𝑛𝐿𝑤 (748) + 𝑏2 𝑛𝐿𝑤 (748)2 ,
where 𝑏1 =0.368 and 𝑏2 =0.040. In implementation, the standard NIR-based
atmospheric correction algorithm was first applied, and Kd(490) was derived.
Kd(490) was set to a constant value of 5 m-1 when no valid Kd(490) was obtained.
𝑛𝐿𝑤 (748) and 𝑛𝐿𝑤 (869) were derived with the above two polynomial formulas.
The procedures were repeated until 𝑛𝐿𝑤 (748) and 𝑛𝐿𝑤 (869) converged or a
maximum of 10 iterations reached.
Stumpf et al. (2003) developed a chlorophyll-a-centered bio-optical model to
estimate the NIR water-leaving reflectance. Bailey et al. (2010) refined the
algorithm by introducing the look-up tables generated by Morel et al. (2002) to
account for the bidirectional effects. Remote sensing reflectance just below water
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surface was approximated to be a linear expression of the ratio of total
backscattering coefficient to the sum of total backscattering coefficient and
absorption coefficient:
𝑟𝑟𝑠 (𝜆) = 𝐺(𝜆) ×

𝑏𝑏 (𝜆)
,
𝑎(𝜆) + 𝑏𝑏 (𝜆)

where 𝐺(𝜆) is the bidirectional parameter from the look-up tables generated by
Morel et al. (2002). In implementation, the chlorophyll-a concentration was first
estimated, and the total absorption coefficient at 670 nm was estimated as follows:
𝑎(670) = 0.9389exp(ln(Chl) − 3.7589) + 𝑎𝑤 (670) ,
where the first item of the right side was to estimate the sum of absorption
coefficients of particulate and dissolved matters (Bricaud et al. 1998). The
particulate backscattering coefficient at 670 nm was calculated as:
𝑏𝑏𝑝 (670) =

𝑟𝑟𝑠 (670)
× 𝑎(670) − 𝑏𝑏𝑤 (670),
𝐺(670) − 𝑟𝑟𝑠 (670)

where 𝑏𝑏𝑤 (670) was the backscattering coefficient of water. The particulate
backscattering coefficient was extended to NIR spectral region through a power law
function:
670 𝜂
𝑏𝑏𝑝 (𝜆𝑁𝐼𝑅 ) = 𝑏𝑏𝑝 (670) (
) ,
𝜆𝑁𝐼𝑅
and the parameter 𝜂 was estimated with the following empirical relationship
developed by Lee et al. (2010):
𝜂 = 2.0 × [1.0 − 1.2 × exp (−0.9 ×

𝑅𝑟𝑠 (443)
⁄𝑅 (555))].
𝑟𝑠

The absorptions due to particulate and dissolved matters at NIR bands were
assumed to be zero. With the absorption and backscattering coefficients, the waterleaving reflectance at NIR bands could be estimated and removed from Rayleighcorrected reflectance.

2.2.4 Other atmospheric correction algorithms
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2.2.3.1 Dark object subtraction method
The dark object subtraction (DOS) is an image-based atmospheric correction
approach. It assumes that some objects are under complete shadow during image
acquisition, and these objects contribute zero to the satellite-sensed signals. The
result from the DOS method is surface reflectance. Therefore, the nonzero satellitesensed signals over these dark objects are due to the path radiance. The dark objects
are identified as the histogram minimum (𝐿𝑚𝑖𝑛 (𝜆)). However, the reflectance of
the dark objects is assumed to be 1% to correct the potential contributions of the
dark objection to the satellite image. The radiance of dark objects is calculated using
the equation:
𝐿1% (𝜆) =

0.01𝐸𝑠𝑢𝑛 (𝜆)cos(𝜃)
,
𝜋𝑑 2

where 𝐸𝑠𝑢𝑛 (𝜆) is the extraterrestrial solar irradiance, 𝜃 is the solar zenith angle and
d is the Earth-Sun distance (astronomical units). The path radiance is calculated as
the formula:
𝐿ℎ𝑎𝑧𝑒 (𝜆) = 𝐿𝑚𝑖𝑛 (𝜆) − 𝐿1% (𝜆) .
The surface reflectance after atmospheric correction is calculated as:
𝜋𝑑2 (𝐿𝑠𝑎𝑡 (𝜆) − 𝐿ℎ𝑎𝑧𝑒 (𝜆))
ρ=
.
𝐸𝑠𝑢𝑛 (𝜆)cos(𝜃)
2.2.3.2 Atmospheric correction based on radiative transfer codes
Radiative transfer is the propagation process of electromagnetic radiation through
a medium. The radiative transfer equation describes the interactions (i.e. absorption,
emission and scattering) of the electromagnetic radiation with the medium (Callieco
and Dell'Acqua 2011). Radiative transfer codes are developed to solve the radiative
transfer inverting differential equations. Atmospheric correction based on radiative
transfer codes is to estimate the atmospheric contributions based on radiative
transfer simulations, and remove them from the satellite-sensed signal. Commonly
used radiative transfer codes includes the Second Simulation of the Satellite Signal
in the Solar Spectrum (6S), MODerate resolution TRANsmittance code
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(MODTRAN), Monte Carlo code, etc. Out of them, the 6S code is the most popular
one.
The 6S code is based on the successive orders of scattering approximations. The
latest version of it is a vector version of 6S code (6SV1.1) (Vermote et al. 2006),
which takes the polarization into radiative transfer simulation. In 6S, the
atmosphere is divided into a number of layers, and the radiative transfer equation is
solved numerically and iteratively for each layer. The intensity is successively
calculated for photons scattering once, twice, three times, etc., and the total intensity
is obtained as the sum of all orders. Two working modalities are offered by 6S:
simulation and atmospheric correction. In simulation modality, the 6S code can be
used to simulate satellite-measured TOA reflectance/radiance for a defined
atmospheric condition, observing geometries and surface setup. In atmospheric
correction modality, 6S solves the radiative transfer problem back-to-front. For a
given TOA reflectance/radiance, the 6S code provides correction coefficients
(𝑥𝑎 , 𝑥𝑏 , 𝑥𝑐 ) transforming it to surface reflectance/radiance using the equation:
ρ=

𝑌
𝑎𝑛𝑑 Y = (𝑥𝑎 × 𝐿𝑠𝑎𝑡 (𝜆)) − 𝑥𝑏 ,
1.0 + (𝑥𝑐 × 𝑌)

where 𝑥𝑎 is the inverse of transmittance, 𝑥𝑏 is the scattering term of the atmosphere,
and 𝑥𝑐 is the reflectance of the atmosphere for isotropic light.
However, some ancillary data are required to do atmospheric correction using 6S
code, including observing geometries (i.e. solar zenith angle, sensor zenith, solar
azimuth angle and sensor azimuth angle), water vapor content, ozone concentration,
aerosol optical thickness and aerosol properties, etc. Study shows that the waterleaving reflectance values retrieved from MODIS using 6SV1.1 are consistent with
in situ measured values (Kotchenova et al. 2006).
2.2.3.3 Spectral optimization algorithm
The spectral optimization algorithm was first proposed by Chomko and Gordon
(1998) to retrieve aerosol properties and water-leaving reflectance. In this algorithm,
the aerosol model is described using a Junge power-law size distribution in number
density:
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𝐾,
𝑑𝑁
𝐷 𝑣+1
= 𝐾 ( 1) ,
𝑑𝐷
𝐷
{ 0,

𝐷0 < 𝐷 < 𝐷1 ,
𝐷1 < 𝐷 < 𝐷2 ,
𝐷 > 𝐷2 ,

where dN is the number of particles per unit volume with diameters between D and
D+dD, and 𝐷0 , 𝐷1 and 𝐷2 took values of 0.06, 0.20 and 20 µm, respectively.
Therefore, the aerosol size distribution can be determined with a single parameter
𝑣. The aerosol absorbing and scattering properties are described by a complex
refractive index 𝑚 = 𝑚𝑟 − 𝑖𝑚𝑖 . With the aerosol size distribution, refractive index
and aerosol optical depth (𝜏𝑎 ), aerosol reflectance can be obtained with radiative
transfer simulation. Therefore, the aerosol reflectance at a given wavelength can be
expressed as a function of wavelength, aerosol size distribution, refractive index
and aerosol optical thickness: 𝜌𝐴 (𝜆, 𝑣, 𝑚𝑟 , 𝑚𝑖 , 𝜏𝑎 ).
The water-leaving reflectance is modelled as a function of pigment concentration
(C) and a scattering parameter b0. Parameter C mainly controls the spectral variation
of the water-leaving reflectance, while parameter b0 determines the overall
magnitude of the reflectance (Gordon et al. 1988b). With the modelled aerosol and
water-leaving reflectance, Rayleigh-corrected reflectance at a given wavelength is
expressed as:
𝜌𝑟𝑐 (𝜆) = 𝜌𝐴 (𝜆, 𝑣, 𝑚𝑟 , 𝑚𝑖 , 𝜏𝑎 ) + 𝑡(𝜆, 𝑣, 𝑚𝑟 , 𝑚𝑖 , 𝜏𝑎 ) × 𝜌𝑤 (𝐶, 𝑏 0 ).
𝑀 (𝜆),
For a given satellite-measured Rayleigh-corrected reflectance 𝜌𝑟𝑐
the optimal

solution is obtained by minimizing the cost function:
2 (𝑣,
𝑆𝐿𝑆𝑄
𝑚𝑟 , 𝑚𝑖 , 𝜏𝑎 , 𝐶, 𝑏 0 )
𝑁

1
=
∑ [1
𝑁−1
𝑗=1

2

𝜌𝐴 (𝜆, 𝑣, 𝑚𝑟 , 𝑚𝑖 , 𝜏𝑎 ) + 𝑡(𝜆, 𝑣, 𝑚𝑟 , 𝑚𝑖 , 𝜏𝑎 ) × 𝜌𝑤 (𝐶, 𝑏 0 )
−
] ,
𝑀 (𝜆)
𝜌𝑟𝑐
where N is the total band number. The nonlinear quasi-Newton optimization
method is used to find the optimal solutions.
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Although Chomko and Gordon (2001) reported that spectral optimization algorithm
worked better than the standard NIR-based algorithm in producing continuous
water-leaving radiance map, it did not perform well in extremely clear atmospheres.
In addition, water-leaving reflectance was simulated as pigment-driven, it might not
suitable for waters dominated by suspended sediments or colored dissolved organic
matters. Therefore, Kuchinke et al. (2009b) tuned a spectral optimization algorithm
for Case-2 waters by taking chlorophyll-a, colored detrital matters and colored
dissolved organic matters into water-leaving reflectance modelling, and it was
found to work comparable to the standard NIR-based algorithm (Kuchinke et al.
2009a). However, this algorithm is computation-intensive, since it requires to carry
out the optimization procedure for each satellite image pixel.
2.2.3.4 Atmospheric correction using artificial neural networks
Different from the spectral optimization algorithm which try to solve a solution for
each satellite observation, atmospheric correction using ANN first calibrates a
model to retrieve aerosol properties and water-leaving reflectance or water
constituents from satellite observations (Schiller and Doerffer 1999; Schroeder et
al. 2007). Atmospheric corrections using ANN are carried out in three steps:
forward model parameterization, inverse model parameterization and application
(Fan et al. 2017). The forward model parameterization aims to simulate a dataset as
input data to artificial neural networks. This step mainly involves simulating a large
number of satellite-sensed signals using radiative transfer codes under different
observing geometries, varying amounts of different types of atmospheric and
oceanic constituents. The second step is to use the neural networks as an inverse
model to retrieve the targeted parameters from Rayleigh-corrected reflectance.
The artificial neural networks consist of some interconnected nodes, called neurons,
while the strength of the connections is expressed as numerical weights. The
weights between neurons are tuned during the supervised learning process to
minimize the estimation error, which is expressed as the difference between the
neural networks’ output and expected output. Schiller and Doerffer (1999)
calibrated a ANN model for Case-2 waters to directly retrieve concentrations of
suspended particulate matters, chlorophyll-a and colored dissolved organic matters
from simulated Rayleigh-corrected reflectance. Schroeder et al. (2007) tested the
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algorithm for MERIS over Case-2 waters with TOA radiance as the input data. The
main advantages of ANN lie in its good approximation abilities. However, the
applicability of ANN model depends on parameters for deriving simulated data, and
thus limits its universal application. Also, it may be difficult to calibrate a widely
applicable ANN model for global application considering the complexity of caseII waters (IOCCG 2010).

2.3 Aerosol models and lookup tables
A key procedure to correct aerosol interferences is to identify similar aerosol
models from aerosol LUTs based on the Rayleigh-corrected reflectance at two
bands where black pixel assumption holds. Therefore, aerosol LUTs should be
generated for a given specific ocean color sensor. In radiative transfer simulations,
the basic aerosol properties required are aerosol size distributions and complex
refractive index, which depend on compositions of aerosol particles. In addition,
relative humidity is also a factor affecting aerosol physical and optical properties.
With the increasing of relative humidity, aerosol particles swell by absorbing water
in the air, the real part of the refractive index turns close to that of water, and the
imagery part decreases gradually. Therefore, the key points of developing aerosol
models are to determine aerosol particle size distributions, aerosol compositions
and their dependence on the relative humidity.
From Aerosol Robotic Network (AERONET) observations, the aerosol volume size
distributions are approximated as a sum of two lognormal distributions as:
2

2

𝑑𝑉(𝑟)
𝑉𝑜𝑖
ln𝑟 − ln𝑟𝑣𝑜𝑖
=∑
exp [(
) ],
𝑑ln𝑟
√2𝜎𝑖
√2𝜋𝜎𝑖
𝑖=1

where 𝑟𝑣𝑜𝑖 and 𝜎𝑖 are the volume geometric mean radius and geometric standard
deviation of ith mode of the size distribution, respectively, and 𝑉𝑜𝑖 is the volume of
aerosol particles. Also, aerosol size distributions can be expressed in number
density space as:
2

2

𝑑𝑁(𝑟)
𝑁𝑜𝑖
ln𝑟 − ln𝑟𝑛𝑜𝑖
=∑
exp [(
) ],
𝑑ln𝑟
√2𝜎𝑖
√2𝜋𝜎𝑖
𝑖=1
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where 𝑁𝑜𝑖 is the number of aerosol particles, and 𝑟𝑛𝑜𝑖 is the mean geometric radius
of the ith aerosol size distribution. The parameters of the bimodal distributions in
volume space and number density space can be transformed to each other with the
following two formulas:
ln𝑟𝑛𝑜𝑖 = ln𝑟𝑣𝑜𝑖 − 3𝜎𝑖2 ,
𝑁𝑜𝑖 = 𝑉𝑜𝑖 [0.75⁄ 3 ] exp(−4.5𝜎𝑖2 ).
(𝜋𝑟𝑛𝑜𝑖 )
Initially, Gordon and Wang (1994b) used the LUTs consists of 12 aerosol models.
The aerosol LUTs include the oceanic model with a relative humidity (RH) of
99%, the maritime model with RH of 50%, 70%, 90% and 99%, the coastal model
with RH of 50%, 70%, 90% and 99%, and the tropospheric model with RH of
50%, 90% and 99% (Wang 2007). The difference between oceanic, maritime,
coastal and tropospheric models lies in their compositions and particle size
distributions (Shettle and Fenn 1979), which is expressed as a mixture of smaller
and larger size fractions with varying proportions. The smaller size fraction is
defined as a mixture of 70% water soluble and 30% dustlike particles, which is
called tropospheric aerosol by (Shettle and Fenn 1979). The larger size fraction
is sea-salt. However, systematically biased results are obtained using the original
aerosol LUTs.
Ahmad et al. (2010) constructed new aerosol LUTs of 80 aerosol models made up
of 10 aerosol distributions and 8 RH values (30%, 50%, 70%, 75%, 80%, 85%, 90%
and 95%). The aerosol models are developed based on AERONET observations.
The 10 aerosol distributions are defined by varying the fine-mode fraction from 0
to 1, including 0, 1%, 2%, 5%, 10%, 20%, 30%, 50%, 80% and 95%. To ensure
consistency between aerosol models and AERONET observations, the fine-mode
fraction is changed to a mixture of 99.5% dustlike and 0.5% soot particles, while
coarse-mode particles are non-absorbing sea salt. The volume geometric mean
radius and standard deviation of fine-mode fraction at 0 relative humidity are 0.149
and 0.437, while that of the coarse-mode fraction are 2.419 and 0.672, respectively.
The dry-mass refractive index tabulated by Shettle and Fenn (1979) for the five
constituents of aerosols (i.e. water-soluble, dustlike, sea salt, soot and water) are
used.
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The method proposed by Héinel (1976) is used to account for the effect of relative
humidity on the growth of aerosol particles with the following expression:
1/3

𝑚𝑤 (𝑎𝑤 )
r(𝑎𝑤 ) = 𝑟0 [1 + 𝜌
]
𝑚0

,

where 𝑟0 is the dry particle radius, 𝜌 is the particle density relative to that of water,
𝑚𝑤 (𝑎𝑤 ) is the mass of condensed water, 𝑚0 is the dry particle mass, and 𝑎𝑤 is the
water activity which is essentially the relative humidity. The growth rates of fineand coarse-mode aerosols adopt the same value as the tropospheric and maritime
aerosol defined by (Héinel 1976). The variation of refractive index with the relative
humidity is calculated with the equation:
n = 𝑛𝑤 + (𝑛0 − 𝑛𝑤 ) [

𝑟0
],
r𝑟ℎ

where 𝑛𝑤 and 𝑛0 are refractive indices of water and dry aerosols, respectively, and
𝑟0 and r𝑟ℎ are radius of dry aerosol and at a relative humidity of rh.
For each aerosol distribution, LUT stores wavelengths and optical properties from
MIE calculations (including single scattering albedo, extinction coefficients,
angstrom and phase functions), observing geometries (i.e. solar and sensor zenith
angle, and relative azimuth angle), quadratic coefficients of single scattering to
multiple scattering reflectance, and exponential coefficients for diffuse
transmittance. The new aerosol LUTs work better than previous version for
atmospheric correction.

2.4 Research gaps
Although ocean color atmospheric correction over turbid waters has received much
attention and made considerable progress over the past two decades, many research
gaps still need exploration. As is reviewed above, methods of estimating NIR waterleaving reflectance are either designed either for case-I waters or for regional
applications. Therefore, more researches should be carried out on how to estimate
and correct NIR water-leaving reflectance to fulfill the black pixel assumption.
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Studies have proven that SWIR-based atmospheric correction algorithm is
applicable over turbid waters. Sentinel-3 OLCI is one of the best satellite targeting
at ocean and land observations. In addition to the SWIR band centered at 1020 nm
held by OLCI, the Sea and Land Surface Temperature Radiometer (SLSTR) has
another two short-wave infrared bands at 1613 and 2255 nm. These two SWIR
bands may be useful for atmospheric correction over turbid waters. However, few
studies have explored their capability in ocean color atmospheric correction over
turbid waters. Specifically, two questions should be answered: (a) how about the
effectiveness of SWIR-based algorithm for Sentinel-3 OLCI? and (b) which two
SWIR bands are the optimal combination for atmospheric correction?
The NIR-SWIR combined atmospheric correction algorithm has demonstrated its
applicability for coastal transitional waters, because it combines the merits of NIRbased and SWIR-based algorithm. However, recent studies showed that the current
applied switching scheme did not work well. The threshold for turbidity index in
the switching scheme is not universally applicable. Therefore, more efforts should
be paid to explore why the switching scheme is not effective, and what affects the
effectiveness of the turbidity index. Are there any more effective alternative
switching scheme and how to determine the switching threshold for NIR-SWIR
algorithm?

2.5 Summary
This chapter briefs the principles of ocean color remote sensing, then reviews the
development of ocean color atmospheric correction algorithm. Emphases are placed
on atmospheric correction algorithms based on black pixel assumption. In addition,
some alternative algorithms for turbid waters are briefed and discussed. Aerosol
models and aerosol lookup tables used for atmospheric corrections by NASA
OBPG are then elucidated. Finally, research gaps are identified, and they are
summarized as two aspects: (1) how to atmospheric correction over turbid waters,
and (2) how to identify turbid waters. This study aims to fill these research gaps.
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Chapter 3 Data description and research design
3.1 Study areas
Three study areas are selected in this study. The first study area is Pearl River
Estuary, China, and the second is a part of East China Sea and Yellow Sea. The
third is not a specific region but an observation network comprising 26 Aerosol
Robotic Network-Ocean Color (AERONET-OC) sites around the world.

3.1.1 Pearl River Estuary
The Pearl River Estuary (113°00′ - 114°10′E, 21°40′ - 23°10′N） lies in the
southern China, with a length of about 70 km and an area of over 2000 km2, and it
is the main estuary connecting Pearl River with northern South China Sea
continental shelf. The estuary is bell-like in shape, and its width varies from about
15 km at the northern end to 34 km at the southern end (Pan et al. 2014). It lies in
the subtropical zone, and is directly affected by the East Asian monsoon, with strong
northeasterly monsoon in winter and weak southwesterly monsoon in summer. The
annual mean temperature is about 14-22 ℃ and the annual mean precipitation
ranges from 1200 to 2200 mm (Ni et al. 2008).
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Figure 3.1 Geographical location of the Pearl River Estuary, China.
The Pearl River is the second largest river in China and the 13th largest river in the
world in terms of annual water discharge, with a length of 2214 km and a watershed
area of 230000 km2 (Zhang et al. 2008b), and it plays a key role for fresh water
supply to the large cities in the Pearl River Delta (Zhang et al. 2008a). The Pearl
River consists of three main tributaries, including Beijiang, Dongjiang and Xijiang.
The annual average total discharge of Pearl River is about 10,000 m3/s, and the ratio
of maximum to minimum discharges in a year could varies in 3-6 times. In the wet
season between April and September, the Pearl River has 70-80% of annual runoffs
(Pan et al. 2014). Pearl River flows into the South China Sea through eight outlet,
namely from west to east, Aimen, Hutiaomen, Jitimen, Modaomen, Hengmen,
Hongqimen, Jiaomen and Humen.
The Pearl River discharges waters into the Pearl River Estuary through four outlets
of Hengmen, Hongqimen, Jiaomen and Humen, which contributes water discharges,
particulate matter, pollutants and nutrient materials to the northern SCS (Colin and
Trentesaux 2007; Ni et al. 2008). There are two deep longitudinal channels in the
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estuary, which connect the Pearl River Estuary with coastal regions. The seawater
can intrude into the Pearl River Estuary along the two deep channels. Except the
deep channels where the water depth varies from 10 to 20 m, most area of the
estuary is shallow with a water depth between 2 and 10 m. A counter-clockwise
current is formed inside the Pearl River Estuary because of the intrusion of seawater
and the river discharges from the outlets along the west Pearl River Estuary
coastline (Liu et al. 2015). The water depth increases to more than 20 m outside the
estuary.

Figure 3.2 True color composite of Sentinel-3 OLCI image captured on 22
January 2017 showing water color in the Pearl River Estuary, China.
The Pearl River Estuary is surrounded by the Pearl River Delta, which is one of the
most intensively industrialized and urbanized region in southern China. Over the
past four decades, the delta region has undergone unprecedented urbanization and
industrialization. The Pearl River Delta is one of the most densely urbanized regions
in the world, including several international metropolis such as Guangzhou,
Shenzhen, Hong Kong and Macau. However, the growing human activities have
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led to excessive waste waters into the Pearl River estuary (Wei-Ming and Yun
2011).
Overall, the Pearl River Estuary is under influence of riverine discharges, terrestrial
inputs, seawater intrusions, coastal upwelling and anthropogenic activities, which
make the waters optically complex. Pearl River is the largest river system
contributing water discharges, sediment load and nutrient materials to the estuary.
In the regions near the river outlets, the euphotic depth is shallow because of high
loading of suspended matter. The photosynthesis is limited due to the absence of
adequate light, although the nutrients are rich in the river discharges (Ye et al. 2015).
When estuarine plumes move downstream, suspended sediment solid loadings and
the turbidity decline quickly due to intensive sedimentation. As the clarity increases,
light environment and high concentrations of nutrients form an ideal environment
for phytoplankton reproduction. In addition, hydrodynamic conditions can also
affect water quality in the estuary by regulating mixing between riverine and saline
waters.

3.1.2 East China Sea and Yellow Sea
The East China Sea (17˚11′ - 131˚00′E, 23˚00′ - 33˚40′N) and Yellow Sea (117˚35′
- 126˚40′E, 31˚40′ - 41˚00′N) are epi-continental seas bounded by the Mainland
China, Taiwan islands, Japanese islands of Kyushu and Ryukyu, and Korean
Peninsula (Figure 3.3). The boundary between them is a line connecting the
Yangtze River Mouth, Cheju Island and southwestern tip of Korea (Yuan et al.
2008). More than 70% of the East China Sea and Yellow Sea are occupied by shelf
region shallower than 200 m. The depth in east section of the East China Sea is
much deeper, ranging from greater than 2000 m in the southeastern East China Sea
to less than 1000 m in the northeastern area (Sea 2002). Relatively, the Yellow Sea
is much shallower with a mean depth of 44 m and a maximum depth of 103 m in
the center. The area considered in this study (119˚ - 127˚E, 27˚ - 35˚N) is mainly
the northwestern part of East China Sea and southwestern part of Yellow Sea.
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Figure 3.3 Geographical location of the Yellow Sea and East China Sea.
The East China Sea and Yellow Sea are under the influence of Siberian High and
subtropical Pacific Low. The winds in the region are dominated by Asian monsoon.
In winter, strong winds come from Siberia and Mongolian Plateau, causing dry and
cold weather. In summer, winds blow from the Pacific Ocean to China, resulting in
warm and wet weather. There are three main currents in the East China Sea and
Yellow Sea: Kuroshio, Tsushima Current and Yellow Sea Warm Current. Moreover,
coastal currents also affect the circulations of these two regions. For examples, there
are Taiwan Warm Current and East China Sea Coastal Currents along the coasts of
Fujian and Zhejiang Provinces of China, while the Yellow Sea is influenced by
coastal currents along the coasts of China and Korea (Yuan et al. 2008).
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Figure 3.4 True color composite of Sentinel-3 OLCI images captured on 13
February 2018 showing water color in Yellow Sea and East China Sea.
A total of 14 rivers drain into the East China Sea and Yellow Sea, discharging
approximately more than 1.012×1012 m3 annually. The Yangtze River has the
largest discharges with about 8.95×1011 m3 annually. Especially during summer
monsoon seasons, terrestrial discharges due to large precipitations cause significant
salinity drops. In addition, freshwater discharges, large amounts of sediments and
nutrients are transported to East China Sea and Yellow Sea. The silt discharges from
Yangtze River directly to the southern Yellow River are estimated to be
approximately 5.00×108 ton/year (Battley 2004). The majority of sediments from
Yangtze River deposit and accumulate in the southern Yellow Sea near the river
mouth. A fraction of them, however, can be transported offshore by freshwater
plumes and surface currents (Hwang et al. 2014). Although the Yellow River does
not directly drain into the Yellow Sea since 1851, approximately 30% of sediments
from the Yellow River are re-suspended and transported far into the Yellow sea
(Ren and Shi 1986).
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In summary, the northwestern East China Sea and southwestern of Yellow Sea were
selected as the study areas because of their high water turbidity, which is caused by
high loading sediments from riverine discharges and re-suspended sediments from
coastal currents and strong winds (Riedlinger and Jacobs 2000; Shi and Wang 2012;
Yuan et al. 2008).

3.1.3 Aerosol Robotic Network-Ocean Color sites
The Aerosol Robotic Network-Ocean Color (AERONET-OC) is a system of
globally distributed autonomous instruments to measure direct sun irradiance, sky
radiance and water-leaving radiance using sun photometers. The ultimate goal of
AEROENT-OC is to produce standardized measurements at different sites that
performed with identical measuring systems and protocols, calibrated with a single
reference source and method and processed using the same code (Zibordi et al.
2006). It is expanded from the Aerosol Robotic Network (AERONET) by providing
additional capability of measuring water-leaving radiance using modified sunphotometers since 2006. The AEROENT was initially established in the early 1990s
to support atmospheric studies by measuring the direct solar irradiance and sky
radiance. It has been used for the investigation of aerosol optical properties, the
creation of global aerosol climatology and the validation of atmospheric remote
sensing products (Zibordi et al. 2009).
The CIMEL Electronique (Paris, France) CE-318 is installed on offshore fixed
platform of each AERONET-OC site to perform marine radiometric measurements
for the determination of normalized water-leaving radiance. The CIMEL-based
system is called SeaWiFS Photometer Revision for Incident Surface Measurements
(SeaPRISM). It performs multiple sky- and sea-radiance measurements at
programmable viewing and azimuth angles at multiple spectral bands with centerwavelengths in the 400-1020 nm spectral range. The most recent SeaPRISM system
has a total of 13 bands centered at 400, 412.5, 442.5, 490, 510, 560, 620, 665, 667,
709, 865, 940 and 1020 nm, respectively. The three bands centered at 709, 865 and
1020 nm are designed for quality checks and turbid water flagging, and the band
centered at 940 is for water vapor monitoring. With these optical measurements,
AERONET-OC is helpful to support essential validation activities for current ocean
color satellites (Bailey and Werdell 2006).
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Figure 3.5 Geographical locations of the 26 Aerosol Robotic Network-Ocean
Color stations.

3.2 Data description
3.2.1 In situ data collection
3.2.1.1 Fieldworks in Pearl River Estuary
Two field campaigns were carried out in the Pearl River Estuary on 10-11 June
2017 and 27-29 October 2017, respectively. A total of 89 in-situ water samples (56
in June, and 33 in October) were collected. At each sampling site, the geographical
location was recorded using a global positioning system receiver (Garmin Ltd.,
Lenexa, KS, USA), and about 5 L water was collected and stored in polyethylene
bottles and cooled in refrigerator for laboratory analysis. The water reflectance in
350-2500 nm were measured with an ASD Fieldspec spectrometer (ASD Inc.,
Longmont, CO, USA). The spectral resolutions of the spectrometer are 3 nm in 3501000nm and 10 nm in 1000-2500 nm. The measured values are interpolated to a
uniform spectral interval of 1 nm.
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Figure 3.6 True color composite Sentinel 3 OCLI image captured on 22 January
2017 showing Pearl River Estuary and sampling sites in June 2017 (green cross)
and October 2017 (red cross).
The downwelling irradiance above water surface was measured using a grey
Spectralon reference panel (Analytical Spectral Devices, Inc.). The total upwelling
radiance from water and air-sea interface was measured by pointing sensor at water
surface at 40° from nadir with an azimuth of 135° from solar plane. Downwelling
sky radiance was measured at a zenith angle of 40° to account for skylight reflection.
These three measurements were obtained in the order of solar irradiance, water
radiance and sky radiance. The spectra were visually inspected, and those with
obvious deviation from others were eliminated from further analyses. Finally, a
total of 67 valid remote sensing reflectance (34 in June, and 33 in October) were
derived from in-situ measurements with following equation:
𝑅rs =

𝐿𝑤 − 𝑟𝐿𝑠𝑘𝑦
,
𝜋𝐿𝑝 ⁄𝜌𝑝

where Rrs (sr−1) is remote sensing reflectance, Lw, Lsky and Lp (W·m−2·sr−1) are the
measured radiances from water, sky and grey diffuse reflectance standard,
respectively, r indicates water-air interface reflectance rate, ρp is the reflectance rate
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of grey diffuse reflectance standard. The Rrs values at wavelengths longer than 1305
nm were not considered because of their noises due to atmospheric absorption. The
residual sky glints were removed by subtracting the Rrs value at 1305 nm.
3.2.1.2 AERONET-OC data
AERONET-OC Level 2.0 products processed from the observations from 2002 to
2017 at a total of 26 AERONET-OC stations were downloaded from the website
(https://aeronet.gsfc.nasa.gov/new_web/ocean_color.html) provided by National
Aeronautics and Space Administration (NASA) Goddard Space Flight Center.
Three levels of AERONET-OC products (i.e. Level 1.0, 1.5 and 2.0) are available,
and the Level 2.0 products were used because they are quality-assured through more
stringent selection criteria (Zibordi et al. 2009). The level 2.0 AERONET-OC
products provide the observing geometries, mean and standard deviation of the
measured total radiance from sea and sky radiance, water-leaving radiance,
normalized water-leaving radiance, and atmospheric optical thicknesses (i.e.
aerosol optical thickness, Rayleigh optical thickness and ozone optical thickness).
The information of the 26 AERONET-OC stations is given in Table 3.1.
At each station, a CE-318 autonomous sun photometer is deployed to measure (1)
direct solar irradiance, corresponding solar zenith angle and solar azimuth angle for
the retrieval of atmospheric optical thickness, and (2) sky radiance in a wide range
of directions, viewing zenith and azimuth angle for the retrieval of atmospheric
scattering phase function. In addition, a SeaPRISM system is deployed to measure
radiances from sea and sky. The SeaPRISM system is executed every 30 minute
within ±4 hours of 1200 LT. In each execution, direct solar irradiance is first
measured, sea radiance is then measured for 11 times in a row, and sky radiance is
measured for 3 times. The measurement sequence is cancelled if the sun is cloud
covered.
With the above measurements, the water-leaving radiance is computed as:
𝐿𝑤 (𝜆, 𝜃, 𝜙) = 𝐿𝑇 (𝜆, 𝜃, 𝜙) − 𝜌( 𝜃, 𝜙, 𝜃0 , 𝑊)𝐿𝑖 (𝜆, 𝜃 ′ , 𝜙),
where 𝐿𝑤 , 𝐿𝑇 and 𝐿𝑖 are water-leaving radiance and total radiance from sea and sky
radiance, respectively, λ, 𝜃, 𝜃0 , 𝜙 and W indicate wavelength, viewing zenith angle,
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solar zenith angle, relative azimuth angle and wind speed, respectively, and
𝜌( 𝜃, 𝜙, 𝜃0 , 𝑊) is sea surface reflectance. The water-leaving radiance is
transformed to normalized water-leaving radiance ( 𝐿𝑊𝑁 (𝜆)) by correcting the
effects of viewing geometry, bidirectional non-isotropic distribution of in-water
radiance field, Earth-Sun distance variation and atmospheric diffuse transmittance
for irradiance in the Sun's direction:
𝐿𝑊𝑁 (𝜆)
= 𝐿𝑤 (𝜆, 𝜃, 𝜙) 𝐶𝑅𝑄 (𝜆, 𝜃, 𝜙, 𝜃0 , 𝜏𝑎 , IOP, 𝑊) 𝐶𝑓/𝑄 (𝜆, 𝜃0 , 𝜏𝑎 , IOP) [𝐷2 𝑡𝑑 (𝜆) 𝑐𝑜𝑠(𝜃0 )]−1 ,
where two terms 𝐶𝑅𝑄 (𝜆, 𝜃, 𝜙, 𝜃0 , 𝜏𝑎 , IOP, 𝑊) and 𝐶𝑓/𝑄 (𝜆, 𝜃0 , 𝜏𝑎 , IOP) are
introduced to account for the dependence on viewing geometry and bidirectional
effects, respectively, 𝜃, 𝜃0 , 𝜙, 𝜏𝑎 and W indicate viewing zenith angle, solar zenith
angle, relative azimuth angle, aerosol optical thickness and wind speed, respectively,
and IOP indicates the dependence on inherent optical properties of water column.
With the 𝐿𝑊𝑁 (𝜆) from Level 2.0 AERONET-OC products, the normalized waterleaving reflectance ( ρ𝑤 (𝜆)) and remote sensing reflectance ( 𝑅𝑟𝑠 (𝜆)) can be
obtained with following formulas (Mobley et al. 2016):
ρ𝑤 (𝜆) = π

𝐿𝑊𝑁 (𝜆)
ρ𝑤 (𝜆)
, and 𝑅𝑟𝑠 (𝜆) =
.
𝐹0
𝜋

Table 3.1 Information of 26 Aerosol Robotic Network-Ocean Color stations and
the time span of the level 2.0 data used in this study (accessed on 16 July 2018).
Number
1
2
3
4
5

Site
Abu_Al_Bukhoosh
Blyth_NOAH
Galata_Platform
Gustav_Dalen_Tower
KAUST_Campusa

Latitude
25.495N
55.146N
43.045N
58.594N
22.305N

Longitude
53.146E
1.421W
28.193E
17.467E
39.103E

Duration
2004-2008
2016-2017
2014-2017
2005-2017
2012-2013

6
7
8
9
10
11

Lucinda
Socheongcho
USC_SEAPRISM
WaveCIS_Site_CSI_6
ARIAKE_TOWER
COVE_SEAPRISM

18.520S
37.423N
33.564N
28.867N
33.104N
36.900N

146.386E
124.738E
118.118W
90.483W
130.272E
75.710W

2009-2017
2015-2017
2011-2017
2010-2017
2018-2017
2006-2016
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12

Gloria

44.600N

29.360E

2010-2017

13
14
15
16
17
18
19
20
21
22

Helsinki_Lighthouse
Lake_Erie
MVCO
South_Greenbay
USC_SEAPRISM_2
Zeebrugge-MOW1
Bari_Waterfronta
Gageocho_Station
GOT_Seaprism
Ieodo_Station

59.949N
41.826N
41.325N
44.596N
33.564N
51.362N
41.117N
33.942N
9.286N
32.123N

24.926E
83.194W
70.567W
87.951W
118.118W
3.120E
16.893E
124.593E
101.412E
125.182E

2006-2017
2016-2017
2004-2017
2018-2017
2015-2017
2014-2017
2013-2014
2011-2012
2012-2016
2013-2017

23
24
25
26

LISCO
Palgrunden
Thornton_C-power

40.955N
58.755N
51.532N

73.342W
13.152E
2.955E

2009-2017
2008-2017
2015-2017

Venise

45.314N

12.508E

2002-2017

3.2.2 Satellite images
Three kinds of satellite images were used in this study: Sentinel-3 OLCI and SLSTR,
Aqua MODIS and Suomi National Polar-orbiting Partnership (SNPP) VIIRS. Two
Sentinel-3 OLCI and SLSTR images over the Pearl River Estuary captured on 11
June 2017 and 27 October 2017, respectively, and two Sentinel-3 OLCI and SLSTR
images captured on 13 February 2018 over the East China Sea and Yellow Sea were
downloaded from the Copernicus Open Access Hub (https://scihub.copernicus.eu/)
provided by the European Space Agency. Two Aqua MODIS images over the Pearl
River Estuary captured on 11 June 2017 and 28 October 2017, respectively, and
one Aqua MODIS image captured on 18 January 2010 over the East China Sea and
Yellow

Sea

were

download

from

NASA's

OceanColor

Web

(https://oceancolor.gsfc.nasa.gov/) supported by the Ocean Biology Processing
Group (OBPG). Besides, a total of 3784 Aqua MODIS images captured
synchronously with the AERONET-OC observations were downloaded. A SNPP
VIIRS image sensed on 13 February 2018 covering the East China Sea and Yellow
Sea was downloaded from the OceanColor Web.

3.2.3 Matchup procedure for in situ measurements and satellite images
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To evaluate atmospheric correction performance, the matchup of synchronous in
situ measurements and satellite images is required. The matchup criteria and
procedures developed by Bailey and Werdell (2006) were adopted in study as
follows:
(1) A time window of ±3 hours was defined as the temporal threshold for the
difference between in situ measurement and satellite overpass, which may avoid
inconsistency between in situ and satellite observations incurred by unstable water
column and atmospheric conditions (Bailey et al. 2000). The pair with the shortest
time difference was selected when multiple in situ and satellite observations were
available at one station within a time window.
(2) The Level 1 products of MODIS images were processed to Level 2 by removing
atmospheric interferences with a specific atmospheric correction algorithm
depending on which algorithm to be evaluated. The satellite data with viewing angle
exceeding 60°, solar zenith angle larger than 75° or wind speed greater than 35 m/s
were first excluded. Questionable pixels were further removed based on Level 2
processing flags. Pixels were eliminated if any of the flags were trigged: land, cloud
or ice, sun glint, stray light, high TOA radiance, low normalized water-leaving
radiance at a band around 555 nm, or atmospheric correction failure.
(3) A 5×5 window centered at in situ location was used to extract and aggregate
satellite data. This was used to account for possible navigation errors in satellite
data and in situ positioning and minimize the effect of small-scale spatial variability
on measured in situ data. To ensure statistical confidence in the mean values
retrieved, the satellite data with less than 50% valid pixels in the 5×5 window were
not considered.
(4) The mean (𝑋̅) and standard deviation (𝜎) of valid pixels in a 5×5 window were
calculated. The valid pixels were further filtered to be values within the range of
𝑋̅ ± 1.5𝜎. The filtered mean value was calculated with the filtered pixels.
(5) Finally, the coefficient of variation of filtered pixels was computed for the
𝐿𝑊𝑁 (𝜆) of the bands centered at 412-555 nm and the aerosol optical thickness of
865 nm. The satellite retrievals with median coefficient of variation greater than
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0.15 were excluded from matchup to further ensure spatial homogeneity of
sampling area.

3.2.4 Data simulation
3.2.4.1 Simulated remote sensing reflectance
Two simulated remote sensing reflectance datasets were used in this study. The first
one is a simulated dataset of remote sensing reflectance at seven NIR to SWIR
spectral bands of Sentinel-3 OLCI and SLSTR. The second dataset is a simulated
hyperspectral remote sensing reflectance obtained from radiative transfer
simulations in HydroLight version 5.0 in visible to NIR spectral regions (Nechad et
al. 2015), which was extrapolated to SWIR spectral regions in this study.
(1) Simulated Sentinel-3 NIR-SWIR dataset
This dataset consists of simulated spectra of remote sensing reflectance at five
bands of Sentinel-3 OLCI centered at 754, 779, 865, 885, 1020 nmand two bands
of Sentinel-3 SLSTR centered at 1613 and 2256 nm, respectively. For each
simulated spectrum, the backscattering coefficient at 560 nm ( 𝑏bp (560) ) was
randomly selected within a range of 0.002-6 m-1, the power determining spectral
variation ( 𝜂 ) was randomly selected within -0.2-2.2, and the backscattering
𝜆

−𝜂

coefficient spectrum was calculated with 𝑏bp (𝜆) = 𝑏bp (560) × (560)

(Gordon

et al. 1988c) . The sum of absorptions due to detritus and CDOM at 443 nm
(𝑎𝑑𝑔 (443)) is a random number within the range 0.001-2 m-1, the spectral slope (S)
was randomly selected within 0.008-0.022, and the sum of absorptions of detritus
and CDOM were calculated with exponential function: 𝑎𝑑𝑔 (λ) = 𝑎𝑑𝑔 (λ0 ) ×
exp[−𝑆 × (𝜆 − 𝜆0 )]; the remote sensing reflectance just below water 𝑟𝑟𝑠 (𝜆) was
calculated as a quadratic function of total absorption and backscattering coefficients:
𝑏 (λ)
𝑏 (λ)

𝑏
𝑟𝑟𝑠 (𝜆) = 𝑔0 𝑎(λ)+𝑏

2
𝑏 (λ)
)
,
𝑏 (λ)

𝑏
+ 𝑔1 (𝑎(λ)+𝑏

where g0 and g1 are random numbers

within 0.084-0.095 and 0.079-0.17, respectively; and the remote sensing reflectance
just above water was finally obtained from 𝑟𝑟𝑠 (𝜆) using formula: 𝑅rs (𝜆) =
0.52 𝑟𝑟𝑠 (𝜆)
⁄(1 − 1.7𝑅 ). The hyperspectral 𝑅𝑟𝑠 (𝜆) values from 748 to 2304 nm
rs
were obtained, and they were convoluted with the relative spectral response (RSR)
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of seven bands of Sentinel-3 OLCI and SLSTR centered at 754, 779, 865, 885, 1020,
1613 and 2256 nm, respectively, to obtain simulated 𝜌𝑤 as follow:
𝜆

𝜌𝑤 = 𝜋

2
∫𝜆 𝑅𝑆𝑅(𝜆) 𝑅𝑟𝑠 (𝜆)𝑑𝜆
1

𝜆

2
∫𝜆1 𝑅𝑆𝑅(𝜆) 𝑑𝜆

,

where λ1 and λ2 are the lower and upper wavelength bound for each band.
(2) Simulated hyperspectral Rrs dataset
The simulated hyperspectral remote sensing reflectance dataset provided by Nechad
et al. (2015) was used in this study, because it includes 5000 samples with a broad
range of apparent optical properties (AOPs) and inherent optical properties (IOPs).
The dataset provides 5000 water-leaving reflectance spectra in 350 - 900 nm
simulated at three solar zenith angles: 0°, 40° and 60°, respectively. The
hyperspectral remote sensing reflectance data were simulated using the HydroLight
version 5.0 by setting the concentrations of chlorophyll-a and mineral particles,
absorption coefficient of colored dissolved organic matters at 443 nm (𝑎𝑔 (443)),
and the magnitude and spectral variations of specific IOPs.
The chlorophyll-a concentration was modelled with a random log-normal
probability density function, while the concentrations of mineral particles and
𝑎𝑔 (443) values were generated using a random number function with reasonable
co-variations

to

chlorophyll-a

concentration.

The relationships

between

chlorophyll-a concentration, mineral particles concentration and 𝑎𝑔 (443) are from
Babin et al. (2003b). The specific IOPs include the specific absorption coefficients
for phytoplankton and mineral particles, the spectral slope of specific absorption
coefficient for mineral particles and CDOM, the specific scattering coefficient for
mineral particles, and the spectral variation of beam attenuation coefficient for
phytoplankton and mineral particles (Nechad et al. 2015). Also, these specific IOPs
are not assigned randomly, but adopt the values reported in literatures (Babin et al.
2003a; Babin et al. 2003b; Loisel and Morel 1998; Morel et al. 2002).
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Figure 3.7 Frequency distributions of chlrophyll-a concentration, mineral
particles concentration, and absorption coefficient of colored organic matter at
443 nm (𝑎𝑔 (443)) after logarithmic transformation.
The water-leaving reflectance spectra simulated at 0° solar zenith angle were used
in this study, because they are equivalent to normalized water-leaving reflectance
and do not require the correction of bidirectional effects. The normalized waterleaving reflectance spectra were transformed to remote sensing reflectance by
dividing by π. Since the simulated dataset do not have values beyond 900 nm, three
steps were carried out to extrapolate Rrs to 2304 nm: (1) particulate backscattering
coefficient (𝑏𝑏𝑝 ) was fitted as power function of wavelength (𝜆) with 560 nm as
reference wavelength using 𝑏𝑏𝑝 = 𝑏𝑏𝑝 (560)(560⁄𝜆)𝑌 , and the 𝑏𝑏𝑝 values
between 901-2304 nm were estimated with fitted formula; (2) the sum of
absorptions due to detritus and CDOM (𝑎𝑑𝑔 (λ)) was fitted using an exponential
function, 𝑎𝑑𝑔 (λ) = 𝑎𝑑𝑔 (443) × exp[−𝑆 × (𝜆 − 443)], with 443 nm as the
reference wavelength, and the 𝑎𝑑𝑔 values at 901 to 2304 nm were estimated from
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fitting function; and (3) remote sensing reflectance just below water (rrs) was
approximated using AOP and IOP data between 700-900 nm with:
𝑏𝑏
𝑏𝑏 2
𝑟rs = 𝑔0
+ 𝑔1 (
) ,
𝑎 + 𝑏𝑏
𝑎 + 𝑏𝑏
where g0 and g1 are the fitted parameters depending on observing geometries and
optical properties, 𝑎 and 𝑏𝑏 are total absorption and backscattering coefficients,.
The rrs within the spectral range of 901-2304 nm were obtained and transformed to
Rrs (Lee et al. 2002).
3.2.4.2 Simulated aerosol reflectance
To generate a set of aerosol data containing a broad range of aerosol properties, the
aerosol LUTs were used to simulate aerosol reflectance (Ahmad et al. 2010; Wang
2007). To reproduce an aerosol reflectance for a specific aerosol distribution and
observing geometries, single scattering reflectance was obtained as follow:
ρ𝑎𝑠 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑) =

𝜔(𝜆)τ(𝜆)𝑝(𝜆, 𝜃0 , 𝜃𝑣 , 𝜑)
⁄4𝑐𝑜𝑠(𝜃 )𝑐𝑜𝑠(𝜃 )
0
𝑣

where 𝜔 represents aerosol single scattering albedo, τ is aerosol optical thickness
(AOT), 𝜃0 is solar zenith angle, 𝜃𝑣 is view zenith angle and p is phase function
modulated by surface Fresnel reflection (Gordon 1997). The single scattering
reflectance is transformed to multiple scattering reflectance with following formula:
𝑙𝑛(𝜌𝑎 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑))
= 𝑎(𝜆) + 𝑏(𝜆)ln(ρ𝑎𝑠 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑))
+ 𝑐(𝜆)𝑙𝑛2 ((ρ𝑎𝑠 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑))),
where 𝑎 , 𝑏 and 𝑐 are the quadratic coefficients of single scattering to multiple
scattering reflectance. Aerosol reflectance simulations were performed with
following configuration: relative humidity = 30%, 50%, 70%, 75%, 80%, 85%, 90%
and 95%; fine-mode aerosol fraction = 0, 1%, 2%, 5%, 10%, 20%, 30%, 50%, 80%
and 95%; solar zenith angle and sensor zenith angle took random values from 0° to
60°; AOT took values from 0 to 0.35; and relative azimuth angle took random values
form 0° to 180°.
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3.2.4.3 Synthetic Rayleigh-corrected reflectance
Since Rayleigh contributions to TOA reflectance can be accurately removed, the
atmospheric correction procedure for simulated data began with Rayleigh-corrected
reflectance. The Rayleigh-corrected reflectance was calculated as the sum of
aerosol reflectance and water-leaving reflectance with the consideration of diffuse
transmittance:
ρ𝑟𝑐 = ρ𝑎𝑚 + 𝑡𝑣 𝑡𝑠 ρ𝑤 ,
where ρ𝑎𝑚 is simulated multiple-scattering aerosol reflectance, 𝑡𝑣 is the diffuse
transmittance in viewing path from surface to sensor, 𝑡𝑠 is the diffuse transmittance
in solar path from the Sun to surface, and ρ𝑤 is simulated water-leaving reflectance.
The diffuse transmittance at a spectral band was calculated as:
𝑡𝜃 = 𝐴(𝜃)exp[−𝐵(𝜃) × 𝜏𝑎 ],
where 𝜃 is either solar or viewing zenith angle, 𝜏𝑎 is aerosol optical thickness, 𝐴(𝜃)
and 𝐵(𝜃) are parameters of a specific aerosol model stored in aerosol LUTs.

3.3 Research design
The framework of this study is illustrated in Figure 3.8. The black pixel assumption
and radiometric performance at NIR and SWIR bands were first assessed. In
response to the problem of atmospheric correction over turbid waters, artificial
neural networks were applied to estimate NIR water-leaving reflectance; and the
SWIR-based algorithm was implemented. With an attempt to refine NIR-SWIR
algorithm, the turbidity index for current switching scheme was first evaluated; and
a framework was proposed for the determination of switching threshold. Simulated
Rayleigh-corrected reflectance dataset and matchups of synchronous in situ and
satellite observations were used to evaluate and compare atmospheric correction
performance.
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Figure 3.8 Research framework of the dissertation.
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3.4 Summary
Three areas, i.e. the Pearl River Estuary, the East China Sea and Yellow Sea, and
the AERONET-OC networks, are selected in this study. Satellite images from three
satellite platforms, including Sentinel-3 OLCI and SLSTR, Aqua MODIS and
SNPP VIIRS, are used. Synthetic aerosol reflectance, remote sensing reflectance
and Rayleigh-corrected reflectance are simulated for atmospheric correction
modelling and evaluation. In situ radiometric measurements are combined with
synchronous satellite images to validate atmospheric correction algorithms. In
addition, this chapter illustrates the research design of the study.
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Chapter 4 Evaluating radiometric performance and black
pixel assumption for atmospheric correction of Sentinel-3
OLCI
4.1 Introduction
Atmospheric correction is to remove atmospheric interferences from remote
sensing images, and it is a key data processing procedure for ocean color
applications (Wang and Gordon 2018). The radiances due to Rayleigh scattering
(Gordon et al. 1988a; Wang 2005), ocean whitecaps (Gordon and Wang 1994a) and
sun glint (Wang and Bailey 2000) are first corrected. The standard NIR-based
algorithm relies on two NIR bands to estimate the radiances due to aerosols and
Rayleigh-aerosol interactions (Gordon and Wang 1994b). The successful
applications of standard NIR-based algorithm over open ocean relies on black pixel
assumption (Siegel et al. 2000). However, SWIR bands should be used for inland
and coastal turbid waters (Shi and Wang 2009), because the NIR water-leaving
reflectance can still contribute to TOA reflectance.
In addition to black pixel assumption, another decisive factor is the accuracy of
sensor-measured TOA radiance at NIR or SWIR bands. Because the uncertainties
in sensor-measured radiance will be transferred to visible bands through
atmospheric correction procedure. The uncertainty may come from sensor on-orbit
radiometer calibration, system vicarious calibration and sensor noise. The former
two errors can be minimized through post-launch sensor calibrations, while the
sensor noise depends on the sensor’s intrinsic properties (Wang and Gordon 2018).
SNR is used to evaluate the radiometric performance of a sensor. A higher SNR
indicates high radiometric performance. SNR values are generally estimated over a
spatially homogeneous area as the ratio of mean and standard deviation within a
specified window (Gao 1993; Hu et al. 2012a).
Among popular ocean color sensors, SeaWiFS and MERIS have retired and the two
MODIS sensors are retiring. Compared with VIIRS, Sentinel-3 OLCI and SLSTR
have obvious advantages in spatial and spectral resolutions. The main objectives of
Sentinel-3 mission are to measure ocean and land surface color, sea and land surface
temperature and sea surface topography with high accuracy to support
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environmental monitoring (Donlon et al. 2012). The radiometric performance and
black pixel assumption of Aqua MODIS has been evaluated by some studies (Hu et
al. 2012a; Shi and Wang 2009; Siegel et al. 2000; Wang and Shi 2012). This chapter
aims to evaluate the radiometric performance and black pixel assumption of the
NIR and SWIR bands of Sentinel-3 OLCI and SLSTR.

4.2 Materials and methods
4.2.1 Sentinel-3 OLCI and SLSTR
Sentinel-3 have four payloads: ocean and land color instrument (OLCI), Sea and
Land Surface Temperature Radiometer (SLSTR), a radar altimeter and a microwave
radiometer. OLCI has 21 spectral bands centered at wavelengths spanning from 400
to 1020 nm with a spatial resolution of 300 m. The swath width of OLCI is up to
1200 km by combing five fan-shaped cameras. The band configurations of OLCI
and SLSTR are detailed in Table 1. Their relative spectral response functions are
shown in Figure 4.1 and 4.2. Sentinel-3 OLCI has one SWIR band centered at 1020
nm, and SLSTR has additional two SWIR bands centered at 1613 and 2256 nm,
respectively. Four NIR bands at 754, 779, 865 and 885 nm and three SWIR bands
at 1020, 1613 and 2256 nm were were considered as candidate bands for
atmospheric correction study, because the other NIR bands are located within
oxygen and water vapor absorption regions.
Table 4.1 Specifications of Sentinel-3 OLCI and SLSTR, and the bands of VIIRS
and MODIS.
Bands

λ (nm)

Width (nm)

Lrefa

Lsata

SNR@Lref

VIIRS

MODIS

Oa1
Oa2
Oa3
Oa4
Oa5
Oa6
Oa7
Oa8
Oa9

400
412
443

15
10
10

62.95
74.14
65.61

413.5
501.3
466.1

2188
2061
1811

410
443

490
510

10
10

51.21
44.39

483.3
449.6

1541
1488

412
443
469
488

560
620
665
674

10
10
10
7.5

31.49
21.14
16.38
15.70

524.5
397.9
364.9
443.1
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1280
997
883
707

486

551

671

531
547
555
645
667

Oa10
Oa11
Oa12
Oa13
Oa14
Oa15
Oa16
Oa17
Oa18
Oa19
Oa20
Oa21
S5
S6

681
709
754
761
764
768
779
865
885
900
940
1020
1613
2256

7.5
10
7.5
2.5
3.75
2.5
15

15.11
12.73
10.33
6.09
7.13
7.58
9.18

350.3
332.4
377.7
369.5
373.4
250.0
277.5

745
785
605
232
305
330
812

20
6.17 229.5
666
10
6.00 281.0
395
10
4.73 237.6
308
20
2.39 171.7
203
40
3.86 163.7
152
60
0.05
>20
50
0.05
>20
a
2
Note: the radiance is in W/(m sr µm).

678
745

748

862

859
869

1238
1610
2250

1240
1640
2130

Figure 4.1 Relative spectral response function of the 21 spectral bands of
Sentinel-3 OLCI.

50

Figure 4.2 Spectral response functions of two shortwave infrared bands of
Sentinel-3 SLSTR at 1613 and 2256 nm, respectively.

4.2.2 Radiometric performance evaluation
The method proposed by Hu et al. (2012a) was adopted to find homogeneous areas
to estimate SNR values. The method is summarized as follows: (1) the pixels
contaminated by cloud and serious sun glints were firstly masked, and the typical
radiance values (Ltypical) derived from Aqua MODIS were used as constraints to find
pixels over clear waters; , and, in this study, the mean and standard deviation of
Ltypical for the seven bands were obtained by interpolating the values from Hu et al.
(2012a), who derived the mean and standard deviation of Ltypical using 255 Aqua
MODIS images over clear waters; (2) a 3×3 moving window was further used to
check and eliminate the pixels with ratio of maximum to minimum exceeding
1.002; (3) a 3×3 moving window was used to calculate the mean and standard
deviation from the qualified pixels, and the SNR corresponding to the window was
calculated with SNR =

𝐿𝑚𝑒𝑎𝑛
𝐿𝑆𝑇𝐷

; and (4) the SNR of each band was calculated as the

average SNR of each window. A Sentinel-3 OLCI image and a SLSTR image on
13 February 2018 over the west coast of the U.S. were used to test this method,
because they are cloudless and waters in this region are clear.

4.2.3 Black pixel assumption evaluation
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The simulated Sentinel-3 NIR-SWIR dataset was used to assess black pixel
assumption, and a total of 10000 simulated spectra were obtained. The magnitude
and spectral shape of 𝑅𝑟𝑠 at NIR and SWIR bands were analyzed. In addition, the
black pixel assumption was tested using a Sentinel-3 OLCI and a SLSTR image on
13 February 2018 over the East China Sea. The Hangzhou Bay was used to evaluate
the black pixel assumption, because its waters is extremely turbid with suspended
particulate matter concentration up to 5000 mg/l (He et al. 2013). A line extending
from Hangzhou Bay to open ocean (Figure 4.3) was used to extract the sensormeasured TOA radiances at the seven NIR and SWIR bands. The variations of TOA
measured radiances along the line at the seven bands were analyzed.

Figure 4.3 True color composite of Sentinel-3 OLCI images on 13 February 2018
showing the red line used to extract the radiances at NIR and SWIR bands.

4.3 Results and analyses
4.3.1 Radiometric performance
Table 4.2 shows the radiometric performance of seven NIR and SWIR bands of
Sentinel-3 OLCI and SLSTR as well as its comparison with that of MODIS. The
SNR values of four NIR bands were apparently larger than those of three SWIR
bands. The SNR values of bands at 754, 779 and 865 nm were similar, with 814±73,
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847±85 and 823±88, respectively. The band of 885 nm held a relative low SNR
(650±100). The SWIR band of 1020 nm had a SNR of 151±33, while the SNR
values of two SWIR bands at 1613 and 2256 nm were much low (46±10 and 34±9,
respectively). According to the findings by Wang and Gordon (2018), the minimum
SNR requirement for the two SNR bands is about 200-300, and about 100 for SWIR
bands. Therefore, the four NIR bands of 754, 779, 865 and 885 nm and one SWIR
band of 1020 nm of Sentinel-3 OLCI meet the SNR requirement for ocean color
remote sensing. However, the SNR values of two SWIR bands at 1613 and 2256
are lower than the minimum SNR requirement.
Table 4.2 Signal-to-noise ratios of seven NIR and SWIR bands of Sentinel-3
OLCI and SLSTR used in this study, and six NIR and SWIR bands of Aqua
MODIS from Hu et al. (2012a).
MODISa

Sentinel-3
λ (nm)

Ltypicalb

SNR

λ (nm)

Ltypical

SNR

754

7.22

814±73

748

7.50

995±50

779

6.03

847±85

859

4.00

157±11

865

4.06

823±88

869

4.10

806±38

885

4.07

650±100

1240

0.86

48±4

1020

2.62

151±33

1640

0.31

32±3

1613

0.33

46±10

2130

0.08

31±3

2256

0.06

34±9

Note: a the typical radiances were at a solar zenith angle of 45° (Hu et al. 2012a),
and the unit was W/(m2 sr µm); b the values were interpolated from the MODIS
values.

4.3.2 Black pixel assumption
Figure 4.4 illustrates five simulated Rrs spectra with different 𝑏bp (560) values.
Higher backscattering coefficients produced higher Rrs values, and the Rrs at shorter
wavelengths increased more quickly than that at longer wavelengths. In addition,
Rrs showed clearly decreasing tendency with the increasing wavelength except that
Rrs(754) was slightly lower than Rrs(779). With a 𝑏bp (560) value of 0.002 m-1, the
reflectance values at the seven bands were low and close to zero. As 𝑏bp (560)
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increased to 0.2 m-1, the Rrs at the four NIR bands of 754, 779, 865 and 885 turned
obviously nonzero. Rrs(754) was approximately 0.02, 0.04 and 0.07 sr-1,
respectively, for a 𝑏bp (560) value of 2, 4 and 6 m-1, while Rrs(865) was about 0.01,
0.02 and 0.035 for these three 𝑏bp (560) values. Rrs(1020) was still close to zero for
a 𝑏bp (560) of 0.2 m-1, however, it turned non-negligible for a 𝑏bp (560) of 2 m-1
and increased to about 0.005 sr-1. Whereas, Rrs(1613) and Rrs(2256) varied little
with the magnitude of backscattering coefficient and were close to zero.

Figure 4.4 Simulated remote sensing reflectance (Rrs) of seven Sentinel-3 NIR
and SWIR bands at 754, 779, 865, 886, 1020, 1613 and 2256 nm, respectively, for
five backscattering coefficients (0.002, 0.2, 2, 4 and 6 m-1) at 560 nm. The
spectral variation coefficient (𝜂) was set to 1.
The statistics of 10000 simulated NIR and SWIR Rrs spectra are shown in Table 4.3.
Similar to the observation in Figure 4.4, the black pixel assumption was valid at
seven NIR and SWIR bands when 𝑏bp (560) was low. The minimums of Rrs of four
NIR bands were at an order of 10-5, while the minimums of Rrs(1020), Rrs(1613)
and Rrs(2256) were at an order of 10-6, 10-8 and 10-9, respectively. However, the
magnitude of Rrs at a given band varied a lot mainly depending on backscattering
coefficient. For example, Rrs(754) varied from a minimum of 2.93E-5 sr-1 to a
maximum of 0.096 sr-1 with a mean of 0.034 sr-1 and a standard deviation of 0.020
sr-1. The Rrs magnitude of NIR and SWIR bands varied a lot. Rrs(754) and Rrs(779)
held similar statistical properties. All of the statistical properties of Rrs decreased as
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wavelength increased. The magnitude of Rrs(1613) and Rrs(2256) were low
irrespective of the magnitude of backscattering coefficient with a maximum of
4.77E-4 sr-1 and 1.76E-4 sr-1, respectively. However, Rrs(1020) could turned nonnegligible with a maximum value of 0.012 sr-1.
Table 4.3 Statistical description of simulated remote sensing reflectance at seven
NIR and SWIR bands of Sentinel-3 OLCI and SLSTR.
Band (nm)

Min (sr-1)

Max (sr-1)

Median (sr-1)

Mean (sr-1)

Std. (sr-1)

754

2.93E-5

0.096

0.034

0.034

0.020

779

2.90E-5

0.10

0.035

0.035

0.021

865

1.32E-5

0.070

0.020

0.021

0.014

885

1.05E-5

0.060

0.016

0.018

0.012

1020

1.37E-6

0.012

0.0023

0.0028

0.0022

1613

2.06E-8

4.77E-4

5.41E-5

8.59E-5

8.54E-5

2256

3.50E-9

1.76E-4

1.30E-5

2.53E-5

2.99E-5

Note: Min, Max and Std. indicates minimum, maximum and standard deviation,
respectively.
Figure 4.5 illustrates the relationships among Rrs values of four pairs of NIR and
SWIR bands. Strongly positive and significant correlations were observed ( r > 0.95,
p <0.05). The decreasing trend of Rrs with increasing wavelength can be infer from
the slope of regression line, obviously low than 1. For example, the regression line
between Rrs(1020) and Rrs(865) was y=0.16x-0.0004. Especially, the slope of the
regression line of Rrs(1613) against Rrs(1020) was only 0.04, which indicates a sharp
decrease of Rrs as the wavelength increased from 1020 to 1613 nm. In addition, the
spectral variations of Rrs at NIR and SWIR bands can also be seen from the sparsely
distributed points, and they are possibly caused by the spectral variations of
scattering and absorption properties.
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Figure 4.5 Scatterplots of selected four pairs of remote sensing reflectance (Rrs) of
Sentinel-3 NIR and SWIR bands. Solid line is regression line, and the number
along color ramp is the point density after logarithmic transformation (y=ln(x)).
Figure 4.6 shows the sensor-measured TOA radiances along the line shown in
Figure 4.3 at the seven NIR and SWIR bands of Sentinel-3 OLCI and SLSTR. The
variations of TOA radiances at four NIR bands clearly showed transition patterns
from Hangzhou Bay to open ocean. The TOA radiances at four NIR bands and one
SWIR band at 1020 nm measured over waters within the Hangzhou Bay (pixel
number 1-200) were obviously larger than those measured over waters outside the
bay. A sharp decrease was observed for the radiances at four NIR bands as the line
went from a pixel number of 200 to 500, which indicates transitions from estuarine
turbid waters to oceanic clear waters. Whereas, the radiances of the band of 1020
nm did not show variation patterns over transition fronts, and they turned stable as
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pixel number increased to over 200. When the pixel number was over 500, the
radiances of NIR bands also turned relatively stable. However, the abovementioned
variations were not observed from the radiances of bands of 1613 and 2256 nm
(Figure 4.6b). The noisy patterns of curves for these two bands could be due to
sensor noises.

Figure 4.6 Radiances extracted along the line shown in Figure 4.3 from five
bands of Sentinel-3 OLCI (a) and two bands of SLSTR (b).

4.4 Summary
This chapter evaluated the radiometric performance of seven NIR and SWIR bands
of Sentinel-3 OLCI and SLSTR at 754, 779, 865, 885, 1020, 1613 and 2256 nm,
respectively. The SNRs of the four NIR bands were over 600, which could meet the
required SNRs for ocean color remote sensing. The SNR of band at 1020 nm was
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151±33, and it was bigger than the minimum SNR requirement. However, the SNRs
of bands at 1613 and 2256 nm were below 50, and these two bands may result in
uncertainties when used for atmospheric correction.
The validity of black pixel assumption of the seven NIR and SWIR bands were
tested using a simulated Rrs dataset and a Sentinel-3 OLCI and SLSTR image over
the East China Sea. The validity of black pixel assumption mainly depended on the
waters to be sensed over except that the assumption was always valid for the two
SWIR bands of 1613 and 2256 nm. The assumption was only valid over clear waters
for the four NIR bands, and it was valid over clear to moderately turbid waters for
the band of 1020 nm and turned invalid over extremely turbid waters.
These findings underline that efforts should be devoted to address issues of nonzero
NIR water-leaving reflectance for atmospheric correction of Sentinel-3 OLCI over
turbid waters. In addition, the two SWIR bands of SLSTR should be used cautiously
considering their low radiometric performance.
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Chapter 5 Atmospheric correction of Sentinel-3 OLCI over
turbid waters: estimating near-infrared water-leaving
reflectance using artificial neural networks
5.1 Introduction
The remote sensing reflectance (Rrs) derived from satellite images can be used to
retrieve the optical, biological and geophysical properties of waters. The retrieval
accuracy of these parameters depends on the accuracy of Rrs, because water-leaving
reflectance only accounts for less than 10% of the total reflectance at TOA.
Therefore, atmospheric correction is decisive for subsequent ocean color
applications. Atmospheric correction mainly involves removing Rayleigh
scattering contributions, aerosol scattering contributions, Rayleigh-aerosol
interactions and two-way diffuse transmittances (Gordon and Wang 1994b).
Rayleigh scattering contributions can be calculated accurately using precompiled
LUTs (Gordon et al. 1988a). The main uncertainties lie in aerosols because of its
distinct spatiotemporal and optical variations. Moreover, aerosol properties not
only affect aerosol scattering reflectance, but also impact Rayleigh-aerosol
interactions and diffuse transmittances (Gordon 1997). Therefore, atmospheric
impacts can only be corrected when aerosol properties are determined.
To infer aerosol properties, Gordon and Wang (1994b) applied the ratio of Rayleigh
corrected reflectance at two NIR bands to identify aerosol model from precompiled
aerosol LUTs. Because black pixel assumption generally holds for open ocean
waters, and the Rayleigh-corrected reflectance at NIR bands can be deemed as
aerosol reflectance. However, the non-negligible water-leaving radiances at NIR
bands from turbid waters would overestimate aerosol contributions, leading to
underestimations of Rrs. A bio-optical model is used iteratively to remove Rrs at NIR
bands from Rayleigh-corrected reflectance (Bailey et al. 2010; Stumpf et al. 2003).
This algorithm is adopted by the NASA Ocean Biology Processing Group (OBPG)
to generate ocean color products. However, the bio-optical model is tuned for case1 waters, and it would result in biased estimations for case-II waters, in which
colored dissolved organic matter (CDOM) and mineral particles do not covary with
phytoplankton. Especially, NIR-based algorithm obviously underestimates Rrs of
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sediment-laden waters (Wang and Shi 2012; Werdell et al. 2010), because their Rrs
are still prominent at NIR bands (Liu et al. 2017).
Sentinel-3, a constellation of two satellites in sun-synchronous polar orbit, targets
to provide enhanced continuity of Envisat by sensing both ocean and land of the
Earth. Sentinel-3A and B were launched into space in February 2016 and April
2018, respectively. The OLCI sensors onboard these two satellites are providing
ocean color images with a spatial resolution of about 300 m, a swath of 1270 km
and 21 spectral bands within 400-1020nm at a daily revisit frequency. The standard
atmospheric correction algorithm adopted by SeaDAS for Sentinel-3 OLCI uses
two bands centered at 748 and 865 nm, respectively, and the longest band available
can be switched to the band centered at 1020 nm. However, the performance of this
atmospheric correction method may still be affected by nonzero NIR water-leaving
reflectance for turbid waters.
With an attempt to cope with this problem, this study proposed an approach to use
artificial neural networks to estimate the NIR water-leaving contributions to TOA
reflectance. Different from previous approaches directly retrieving Rrs using
artificial neural networks, this study first corrected NIR water-leaving reflectance
and then carried out atmospheric correction procedure, which is similar to the
algorithm by Gordon and Wang (1994b). The proposed algorithm combines NIRbased algorithm and ANN to estimate NIR water-leaving reflectance (ANN-NIR
algorithm). The idea of ANN-NIR algorithm is that the Rrs at NIR spectral regions
is dominated by pure water absorption, and slightly affected by particulate
backscatter and absorption of CDOM and mineral, which could be approximated
by exponential and power function, respectively. Although the optical properties of
water constituents at visible spectral regions are too complex to be full incorporated
within one model, it may be possible to train a widely applicable artificial neural
networks for NIR spectral regions.

5.2 Data preparation
5.2.1 Synthetic Rayleigh-corrected reflectance dataset
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5.2.1.1 Simulated aerosol reflectance
The aerosol LUTs (Ahmad et al. 2010) was used to simulate aerosol reflectance,
and a set of aerosol data containing broad aerosol properties was generated. To
reproduce an aerosol reflectance for a specific aerosol distribution and observing
geometries, single scattering reflectance was first calculated, and it is then
transformed to multiple scattering reflectance. Aerosol reflectance calculations
were performed with the configurations randomly selected among followings:
relative humidity = 30%, 50%, 70%, 75%, 80%, 85%, 90% and 95%; fine-mode
aerosol fraction = 0, 1%, 2%, 5%, 10%, 20%, 30%, 50%, 80% and 95%; solar and
sensor zenith angle = 0-70°, AOT =0.005-0.3; and relative azimuth angle = 0-180°.
A total of 150000 aerosol reflectance were obtained.
5.2.2.2 Synthetic NIR dataset
The synthetic NIR dataset is a set of simulated Rayleigh-corrected reflectance of
five NIR spectral bands of Sentinel-3 OLCI at 754, 779, 865, 885 and 1020 nm,
respectively. For each synthetic Rayleigh-corrected reflectance, an aerosol
reflectance was simulated, two-way diffuse transmittances were calculated, and
𝑅𝑟𝑠 (𝜆) within the spectral region of 748-1050 were obtained. The hyperspectral
𝑅𝑟𝑠 (𝜆) data were convoluted with the relative spectral response (RSR) of Sentinel3 OLCI to obtain simulated 𝜌𝑤 at five Sentinel-3 OLCI bands. Therefore, the
synthetic Rayleigh-corrected reflectance were derived.
To account for the noise on satellite-sensed signals, Gaussian noise radiances
(Lnoise (λ) ) were generated with zero mean and variance (NE 𝛥 L(λ))2. “noiseequivalent radiance”, NE𝛥L(λ), was calculated as:
𝑁𝐸𝛥𝐿(λ) =

𝐿𝑡𝑦𝑝𝑖𝑐𝑎𝑙 (𝜆)
,
𝑆𝑁𝑅(𝜆)

where 𝐿𝑡𝑦𝑝𝑖𝑐𝑎𝑙 (𝜆) is the typical radiance of a given band of OLCI band and SNR(λ)
is the signal-to-noise ratio at 𝐿𝑡𝑦𝑝𝑖𝑐𝑎𝑙 (𝜆) . Lnoise (λ) was transformed to noise
reflectance and added to Rayleigh-corrected reflectance. A total of 100000
Rayleigh-corrected spectra were obtained.
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5.2.2.2 Synthetic OLCI validation dataset
The synthetic OLCI validation dataset consists of 50000 Rayleigh-corrected
reflectance spectra of Sentinel-3 OLCI. The simulated hyperspectral water-leaving
reflectance data provided by Nechad et al. (2015) were used, because it consists of
5000 samples with a broad range of apparent optical properties (AOP) and inherent
optical properties (IOP) ranging from 350-900 nm. Since the ρ𝑤 of simulated
dataset did not have values beyond 900 nm, four steps were carried out to obtain
ρ𝑤 values for all 21 visible to SWIR spectral bands of Sentinel-3 OLCI: (1) the
𝑏𝑏𝑝 (𝜆) was fitted using a power function with 560 nm as reference wavelength,
and the 𝑏𝑏𝑝 values of 901-1050 nm were estimated using fitted formula; (2) the
𝑎𝑑𝑔 (λ) was fitted using an exponential function with 443 nm as reference
wavelength, and the 𝑎𝑑𝑔 values of 901-1050 nm were obtained; (3) the 𝑟𝑟𝑠 (𝜆) was
approximated using AOP and IOP data in 700-900 nm, and the 𝑟𝑟𝑠 (𝜆) of 901-1050
nm were estimated with fitted parameters and transformed to ρ𝑤 (λ) (Lee et al.
2002); and (4) the hyperspectral ρ𝑤 (λ) was integrated with the RSR of Sentinel-3
OLCI. To obtain a synthetic Rayleigh-corrected reflectance, one simulated ρ𝑤 was
randomly selected, an aerosol spectral reflectance and two-way diffuse
transmittances were simulated. The simulated Rayleigh-corrected reflectance was
obtained by combining simulated aerosol and normalized water-leaving reflectance.
The noise reflectance at each band was generated and added to Rayleigh-corrected
reflectance.

5.2.2 In situ measurements and satellite images
In addition to simulated data, in-situ remote sensing reflectance collected in the
Pearl River Estuary and Sentinel-3 OLCI images were used. A time window of 3hour was used to collocate synchronous matchups of in situ measurements and
satellite images. In addition, a Sentinel-3 OLCI image and a VIIRS image over the
East China Sea on 13 February 2017 were also used to evaluate the atmospheric
correction performance.

5.3 Artificial neural networks training
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Figure 5.1 Schematic diagram of artificial neural networks and flowchart of
modeling and application.
ANN is inspired by biological neural networks, which is implemented by a
collection of connected artificial neurons. Generally, it consists of input, hidden and
output layers, each with a set of interconnected neurons. The connections between
two neurons is expressed as a weight matrix, which represents the linkage between
input and output data. Numerous ANN algorithms have been proposed, such as
Radial Basis Function, Hopfield neural networks, Elman recurrent and multilayer
perceptron neural networks. In this study, the multilayer perception neural networks
(MLPNN) with back-propagation algorithm was used because of its nonlinear
approximation capability (Fan et al. 2017). One key issue in constructing MLPNN
is to find the optimal number of hidden layers and neurons. However, this issue is
still an open question, because the determination of optimal number of layers and
neurons is complex, which depends on the complexity of function to be fitted,
training sample size and the type of activation function. Considering both
uncertainty and training efficiency, several numbers of layers and neurons were
tested. Three hidden layers with 40, 20 and 10 neurons were finally found to work
well, and used for training ANN model. The input layer has nine variables,
63

including Rayleigh-corrected reflectance centered at five OLCI wavelengths (754,
779, 865, 885 and 1020 nm), solar zenith angle, sensor zenith angle, relative
azimuth angle and relative humidity. The output layer has five output variables, i.e.
normalized water-leaving reflectance at TOA at the five OLCI bands.
The synthetic NIR dataset was divided into three independent groups: a training
dataset (80000 data samples), a validation dataset (10000 data samples) and a test
dataset (10000 data samples). The NIR training dataset was used to compute the
gradient and update network weights and biases, while the NIR validation dataset
was used to check for overfitting. The MLPNN was trained using the
Levenberg_Marquart optimization method. The training started with random
weights and biases, and updated weights and biases based on the error on training
dataset. The process continued until either a maximum iterations of 50 was reached
or a lowest mean square error of 10-6 was obtained. The optimal ANN model with
the lowest error on NIR validation dataset was selected. After that, the ANN model
was applied to NIR test dataset for performance evaluation.

5.4 Atmospheric correction performance evaluation
The atmospheric correction performance of proposed algorithm was evaluated in
three ways:
The first was to use synthetic OLCI validation dataset. The NIR water-leaving
reflectances were estimated using the trained ANN model and subtracted from
Rayleigh-corrected reflectance. The NIR-based algorithm was applied with the two
bands at 779 and 865 nm. The atmospheric correction performance was evaluated
by comparing retrieved and simulated Rrs values.
The second way was to use synchronous Sentinel-3 OLCI images and in situ
observations. The ANN-NIR algorithm was applied to Sentinel-3 OLCI images.
Atmospheric correction performance was evaluated using the matchups of retrieved
Rrs from satellite images and in situ Rrs. The matchups of synchronous satellite and
in situ observations were obtained with a time window of ±3 hours.
The third way was to inter-compare the Rrs retrieved from Sentinel-3 OLCI image
with the Rrs from VIIRS image. The Sentinel-3 OLCI image over the East China
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Sea on 13 February 2018 was atmospherically corrected using standard NIR-based
algorithm, proposed ANN-NIR algorithm and MUMM algorithm, respectively. The
VIIRS image captured on the same day was atmospherically corrected using SWIRbased algorithm using the two bands at 1238 and 2257 nm, respectively. The Rrs of
OLCI band at 674 nm was compared with that of VIIRS band at 671 nm.

5.5 Results and analyses
5.5.1 ANN modeling and application performance
The estimations obtained by ANN for 𝑡𝑣 𝑡𝑠 ρ𝑤 at the two OLCI bands of 779 and
865 nm for synthetic NIR calibration, validation and test datasets are shown in
Figure 5.2. Very good performance was obtained for 𝑡𝑣 𝑡𝑠 ρ𝑤 at the two OLCI bands.
The estimated vs. simulated 𝑡𝑣 𝑡𝑠 ρ𝑤 values for the two bands were highly correlated
with a correlation coefficient of 1 at a significance level of p<0.05 with a regression
line of y=1.00x+0.0002 and y=1.00x+0.0001 for the band at 779 and 865 nm,
respectively. The MAPE values obtained for 𝑡𝑣 𝑡𝑠 ρ𝑤 at 779 nm were 4.14%, 4.07%
and 4.07% for the calibration, validation and test datasets, respectively. The MAPE
values for 𝑡𝑣 𝑡𝑠 ρ𝑤 at 865 nm were 5.11%, 4.94% and 5.11% for the three datasets,
respectively.
Figure 5.3 illustrates the results of 𝑡𝑣 𝑡𝑠 ρ𝑤 at the two OLCI bands at 779 and 865
nm for synthetic OLCI validation dataset. Compared with modeling dataset, the
estimation performance for synthetic OLCI validation dataset by ANN model was
relatively lower but still acceptable. High and significant correlations were
observed for estimated vs. simulated 𝑡𝑣 𝑡𝑠 ρ𝑤 for both two OLCI bands centered at
779 and 865 with a correlation coefficient of 1. The MAPE for 𝑡𝑣 𝑡𝑠 ρ𝑤 at 779 nm
was 10.63% with a regression line of y=1.01x+0.0013, while the MAPE for 𝑡𝑣 𝑡𝑠 ρ𝑤
at 865 nm was 10.30% with a regression line of y=1.00x+0.0009.
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Figure 5.2 Scatterplots of simulated vs. estimated normalized water-leaving
reflectance at the top of atmosphere (𝑡𝑣 𝑡𝑠 ρ𝑤 ) of Sentinel-3 OLCI band centered at
779 nm for synthetic NIR calibration (a), validation (b) and test (c) datasets; while
plots c-f are for band at 865 nm of the three datasets, respectively.
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Figure 5.3 Estimation performance of normalized water-leaving reflectance at the
top of atmosphere (𝑡𝑣 𝑡𝑠 ρ𝑤 ) at two bands at 779 (a) and 865 (b) nm, respectively,
for synthetic OLCI validation dataset.

5.5.2 Synthetic OLCI validation dataset
Figure 5.4 illustrates the atmospheric correction performance for the synthetic
OLCI validation dataset obtained by ANN-NIR algorithm, while Figure 5.5 shows
the atmospheric performance obtained by standard NIR-based algorithm. The
standard NIR-based algorithm led to more atmospheric failures. Out of the total
10000 samples, 9935 samples obtained successful atmospheric correction results
by ANN-NIR algorithm, while only 7012 valid remote sensing reflectance spectra
were obtained by standard NIR-based algorithm. Moreover, ANN-NIR algorithm
produced obviously higher performance than standard NIR-based algorithm. For
examples, the Rrs(490) values retrieved from ANN-NIR algorithm had a MAPE of
12.09% and a correlation coefficient of 0.94 between estimated and simulated
values, the values from standard NIR-base algorithm with a MAPE of 34.74% and
a correlation coefficient of 0.81; and the estimated Rrs(665) values from the former
algorithm were still along 1:1 line, while few valid Rrs(665) values could be
retrieved from standard NIR-based algorithm. In addition, the Rrs values of longer
wavelength were retrieval with higher accuracy, and the retrieved Rrs values at 490,
560, 665 and 681 nm from ANN-NIR algorithm had a MAPE of 12.09%, 3.53, 2.99%
and 2.84%, respectively.
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Figure 5.4 Scatterplots of the estimated vs. simulated remote sensing reflectance
(Rrs) obtained by ANN-NIR algorithm at four bands at 490 (a), 560 (b), 665(c)
and 681 (d) nm, respectively, for the synthetic OLCI validation dataset.
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Figure 5.5 Scatterplots of the estimated vs. simulated remote sensing reflectance
obtained by standard NIR-based algorithm at four bands centered at 490 (a), 560
(b), 665(c) and 681 (d) nm, respectively, for the synthetic OLCI validation
dataset.

5.5.3 Synchronous satellite images and in situ observations
A total of 15 matchups of synchronous satellite images and in situ observations
were obtained. Figure 5.6 demonstrates the Rrs values retrieved from standard NIRbased algorithm and ANN-NIR algorithm. Both algorithms generally obtained
acceptable results with retrieved Rrs values lying along the in situ ones, though they
tended to overestimate Rrs at blue bands. Similar findings were also observed from
the scatterplots of estimated vs. in situ measured Rrs (Figure 5.7). The regression
lines of estimated vs. in situ measured Rrs values for the band centered at 560, 620
and 665 nm were close to 1:1 line, while most points of the band at 490 nm were
above 1:1 line, indicating systematical overestimations (Figure 5.7a). The statistical
results showed that both algorithms obtained reasonable and similar performance
with R2 over 0.90 and MAPE within 20% (Table 5.1).
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Figure 5.6 Remote sensing reflectance of in situ and retrieved from standard NIRbased algorithm and ANN-NIR algorithm.

Figure 5.7 Scatterplots of remote sensing reflectance (Rrs) estimated from
Sentinel-3 OLCI images using standard NIR-based algorithm and ANN-NIR
algorithm against in situ measured values.
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Table 5.1 Statistics of atmospheric correction results obtained using standard
NIR-based algorithm and ANN algorithm for the four selected OLIC bands.
Band
490
560
620
665

Algorithm
Standard NIR
ANN
Standard NIR
ANN
Standard NIR
ANN
Standard NIR

R2
0.90
0.90
0.92
0.93
0.95
0.91
0.95

RMSE (sr-1)
0.0021
0.0021
0.0020
0.0018
0.0014
0.0018
0.0012

MAPE (%)
13.88
14.78
7.85
8.84
15.05
16.36
15.77

ANN

0.91

0.0015

18.46

5.5.4 Inter-comparison with VIIRS image
Figure 5.8 illustrates the Rrs(674) distribution retrieved from ANN-NIR, standard
NIR-based and MUMM algorithm, and the Rrs of the VIIRS band at 671 nm
(Rrs(671)). Similar patterns with turbid waters near shoreline and clear waters
offshore were observed, except that the standard NIR-based algorithm failed over
extremely turbid waters. In addition, the medium turbid plumes extending from the
Yangtze River Estuary to open ocean were observed. The Rrs(674) values retrieved
from ANN-NIR algorithm were similar with the Rrs(671) values from SWIR-based
algorithm in magnitude and spatial distributions. MUMM algorithm obtained
relatively lower Rrs(674) values over extremely turbid waters.
These findings were also confirmed by the scatterplots shown in Figure 5.9. The
Rrs(674) values retrieved from standard NIR-based algorithm held significant and
high correlation with those from ANN-NIR algorithm ( y=0.96x-0.0005, r = 0.98)
However, the standard NIR-based algorithm rarely obtained valid Rrs(674) values
greater than 0.035 sr-1. The Rrs(674) values retrieved from MUMM algorithm were
generally consistent with those from ANN-NIR algorithm, especially for low to
medium values, with a correlation coefficient of 0.96. MUMM algorithm, however,
produced some underestimations for Rrs(674) values within a range of 0.035-0.05
sr-1. The Rrs(671) retrieved from SWIR-based algorithm were also close to those
from the proposed, and the correlation coefficient between them was 0.96 with a
regression line of y=0.90x-0.0004.
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Figure 5.8 Remote sensing reflectance of Sentinel-3 OLCI band at 674 nm
(Rrs(674)) over the East China Sea and Yellow Sea retrieved from ANN-NIR
algorithm (a), standard NIR-based algorithm (b) and MUMM algorithm (c).
Figure (d) shows the Rrs(671) of VIIRS retrieved from SWIR-based algorithm.
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Figure 5.9 Scatterplot of remote sensing reflectance of Sentinel-3 OLCI band of
674 nm (Rrs(674)) retrieved from standard NIR-based algorithm (a), MUMM
algorithm (b), and the Rrs(671) of VIIRS retrieved using SWIR-based algorithm
(c) vs. ANN-NIR algorithm. The dash line is 1:1 line, and the solid is regression
line, and the numbers along color ramp indicates pixel density after logarithmic
transformation (y = ln(x)).

5.6 Summary
The basic idea of NIR-based atmospheric correction algorithm lies in the relatively
strong water absorptions at the NIR spectral region. Therefore, NIR water-leaving
reflectance is deemed as negligible over clear waters, and aerosol optical properties
can be inferred from Rayleigh-corrected reflectance at NIR bands. However, NIR
water-leaving reflectance is still prominent due to high-loading of particulate
matters, which invalidate black pixel assumption at NIR bands. Some approaches
have been devised to correct NIR water-leaving reflectance. The standard NIRbased algorithm applied a bio-optical model to cope with this problem. However, it
does not work well for highly turbid waters.
This study proposed to use ANN to correct NIR water-leaving reflectance. Different
from the atmospheric correction approach of using neural networks to separate
aerosol and water-leaving reflectance at visible to NIR spectral bands, ANN was
only trained from a dataset of NIR Rayleigh-corrected reflectance to estimate waterleaving reflectance at TOA. After correcting water-leaving reflectance, the NIRbased algorithm was then applied to make atmospheric correction for visible bands
based on the idea of black pixel assumption.
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Results showed that (1) ANN model obtained high estimation accuracies for the
calibration, validation and test subset of synthetic NIR dataset; (2) as for the
synthetic OLCI dataset, ANN model worked obviously better than the bio-optical
model used by standard NIR-based atmospheric correction algorithm, because the
bio-optical model failed for extremely high water-leaving reflectance; (3) ANNNIR algorithm obtained similar performance with standard NIR-based algorithm
for matchups of synchronous in situ and Sentinel-3 OLCI observations in the Pearl
River Estuary; and (4) over the East China Sea and Yellow Sea, the Rrs(674) values
of Sentinel-3 OLCI image derived by the proposed algorithm were generally
consistent with Rrs(671) values from NPP VIIRS image by SWIR-based algorithm,
while standard NIR-based algorithm failed over extremely turbid waters and
MUMM algorithm tended to underestimate extremely high Rrs(674) values.
The proposed ANN-NIR algorithm should be useful for ocean color sensors without
high-performance SWIR bands by improving atmospheric correction over turbid
waters. However, more works should be done to validate the ANN-NIR algorithm.
The standard NIR-based algorithm still has its advantage over clear to moderately
turbid waters.
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Chapter 6 Atmospheric correction of Sentinel-3 OLCI over
turbid waters: adapting SWIR-based algorithm by coupling
with SLSTR
6.1 Introduction
Ocean color remote sensing plays important roles in deriving water optical, physical
and biogeochemical properties over large scales, a priori of which is accurately
inversing water-leaving radiance/reflectance from satellite-sensed signals at TOA.
The standard NIR-based algorithm relies on the assumption that the water-radiance
contribution to near infrared (NIR) bands is negligible. However, the black water
assumption does not hold over turbid waters because of nonzero water-leaving
reflectance, which results in underestimations of remote sensing reflectance.
To cope with this problem, two SWIR bands are used to infer aerosol properties
over highly turbid waters. Because black pixel assumption is still valid even for
highly turbid waters due to strong water absorptions (Shi and Wang 2009; Wang
2007). The SWIR-based atmospheric correction algorithm is first implemented for
MODIS images by Wang and Shi (2005), and it demonstrates obvious advantages
over NIR-based algorithm for turbid waters: (1) the remote sensing reflectance at
NIR bands can also be retrieved (Shi and Wang 2017); (2) higher retrieval accuracy
can be obtained for turbid waters; and (3) atmospheric correction failures are
reduced and valid data coverage is extended to turbid estuarine and inland waters
(Goyens et al. 2013c; Wang and Shi 2008; Wang et al. 2009; Werdell et al. 2010).
In addition, SWIR-based algorithm has also been adapted and successfully applied
to other satellite sensors, such as VIIRS and Landsat-8 OLI (Hlaing et al. 2013;
Vanhellemont and Ruddick 2015).
Sentinel-3, a constellation of two satellites in sun-synchronous polar orbit, targets
to provide enhanced continuity of Envisat by sensing both ocean and land of the
Earth, and several instruments, including color imager, temperature radiometer,
microwave radiometer and synthetic aperture radar altimeter, are onboard (Donlon
et al. 2012). The Ocean and Land Color instrument (OLCI) has a spatial resolution
of about 300 m, a swath of 1270 km and 21 spectral bands within 300-1020nm.
Moreover, the Sea and Land Surface Temperature Radiometer (SLSTR) has two
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short-wave infrared bands at 1613 and 2255 nm. The SWIR bands might be helpful
for atmospheric correction of visible to NIR bands over turbid waters.
To adapt the SWIR-based algorithm, several aspects should be considered
(Pahlevan et al. 2017b; Wang 2007): (1) Rayleigh reflectance should be first be
corrected; (2) aerosol look-up tables (LUTs) should be generated for the band
configurations of a specific sensor; (3) band-integrated parameters, such as pure
water absorption and backscattering coefficients, solar irradiance and Rayleigh
optical depth, should be calculated for each band; and (4) optimal band combination
used to infer aerosol information should be determined. This chapter aimed to: (1)
adapt SWIR-based algorithm by coupling Sentinel-3 OLCI with SLSTR for
atmospheric correction of Sentinel-3 OLCI; (2) evaluate the atmospheric correction
performance of SWIR-based algorithm; and (3) find the optimal band combination
for atmospheric correction.

6.2 SWIR-based algorithm for Sentinel-3 OLCI
6.2.1 Rayleigh correction of Sentinel-3 OLCI and SLSTR
SeaDAS platform implements a lookup tables (LUTs)-based Rayleigh correction
algorithm for Sentinel-3 OLCI. The Rayleigh LUTs contain parameters for
computing Rayleigh radiance as a function of wind speed and observing geometries
(solar zenith angle, sensor zenith angle and relative azimuth angle) for each spectral
band. The Rayleigh radiance at the TOA is expanded as a Fourier cosine series:
2

𝐿𝑟 (𝜆, 𝜃𝑠 , 𝜃𝑣 , 𝜙) =

(0)
𝐿𝑟 (𝜆, 𝜃𝑠 , 𝜃𝑣 )

(𝑚)
+ 2 ∑ 𝐿𝑟 (𝜆, 𝜃𝑠 , 𝜃𝑣 ) × cos(𝑚) × 𝜙 ,
𝑚=1

(0)

(1)

(2)

where 𝐿𝑟 , 𝐿𝑟 and 𝐿𝑟 are the Fourier expansion parameters stored in Rayleigh
LUTs, 𝜆, 𝜃𝑠 , 𝜃𝑣 and 𝜙 are wavelength, solar zenith angle, sensor zenith angle and
relative azimuth angle, respectively. The Rayleigh LUTs is generated with 45 solar
zenith angles, 41 view zenith angles and 8 wind speed values using a radiative
transfer numerical model to solve the vector radiative transfer equation for nonabsorbing gases, which accounts for atmospheric multiple scattering, polarization
and sea surface roughness (Wang 2002). The entry Rayleigh optical thickness is the
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band-averaged values calculated at 1 atmosphere of pressure 𝑃𝑂 from the equation
given by Bodhaine et al. (1999):
1.0455996 − 341.29061𝜆−2 − 0.90230850𝜆2
(𝜆)
𝜏𝑅 𝑂
= 0.0021520 (
),
1.0 + 0.0027059889𝜆−2 − 85.968563𝜆2
where λ is wavelength in micrometers. Once the Rayleigh radiance at standard
pressure is obtained, the effect of atmospheric pressure can be corrected using the
method developed by Wang (2005).
SeaDAS platform does not include Sentinel-3 SLSTR for the atmospheric
correction of OLCI images. The Rayleigh reflectance for the two SWIR bands of
Sentinel-3 SLSTR is simulated with the 6SV1.1 radiative transfer code. In 6s
simulation, the observing geometries and sensing date are from the ancillary data
of Sentinel-3 SLSTR; the 1962 version of the U.S. standard atmosphere is used as
the atmospheric model, but no absorbing gaseous is considered; the ground
reflectance type is set to ocean, and the wind speed is from National Centers for
Environmental Prediction of the U.S. (http://www.ncep.noaa.gov/). The simulated
Rayleigh reflectance is corrected to the real sea-level pressure using the method
developed by Wang (2005). The Rayleigh optical thickness at a given pressure P is
calculated as
𝜏𝑅 (𝑃, 𝜆) =

𝑃
𝜏 (𝑃 , 𝜆).
𝑃𝑂 𝑅𝑂 𝑂

The Rayleigh reflectance at a pressure P is calculated with the fowling equations:
𝜌𝑟 (𝜏𝑅 (𝑃, 𝜆)) = 𝜌𝑟 (𝜏𝑅 (𝑃o , 𝜆))

1 − exp[−𝐶(𝜆, 𝑀)𝜏𝑅 (𝑃, 𝜆)]
,
1 − exp[−𝐶(𝜆, 𝑀)𝜏𝑅 (𝑃𝑂 , 𝜆)]

where
1
1
+
cos(𝜃𝑠 ) cos(𝜃𝑣 )
𝐶(𝜆, 𝑀) = 𝑎(𝜆) + 𝑏(𝜆)ln(𝑀) .
𝑎(𝜆) = −0.6543 + 1.608𝜏𝑅 (𝑃𝑂 , 𝜆)
{
{ 𝑏(𝜆) = 0.8192 − 1.2541𝑏(𝜆)
𝑀=

6.2.2 Generation of aerosol lookup tables for Sentinel-3
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Similar with Rayleigh correction, the SeaDAS platform provides aerosol LUTs for
the 21 spectral bands of Sentinel OLCI based on the aerosol models developed by
Ahmad et al. (2010). A total of 80 aerosol models are defined with 10 fine-mode
aerosol size fractions (0, 1%, 2%, 5%, 10%, 20%, 30%, 50%, 80% and 95%) and 8
relative humidity values (30%, 50%, 70%, 75%, 80%, 85%, 90% and 95%) (Ahmad
et al. 2010). The aerosol LUTs contain a lookup table for each aerosol model. The
aerosol LUTs store aerosol optical properties (single scattering albedo, extinction
coefficient and phase function) from MIE calculations, quadratic coefficients of
transforming single-scattering reflectance to multiple-scattering reflectance, and
exponential coefficients for diffuse transmittance. The quadratic coefficients of
transforming single-scattering reflectance to multiple-scattering reflectance and
exponential coefficients for diffuse transmittance are calculated from radiative
transfer simulations for varying observing geometries (Ahmad and Fraser 1982).
The observing geometries are obtained by combing 33 solar zenith angles from 0°
to 80° with an interval of 2.5°, 35 sensor zenith angles within 1°-76° and 19 relative
azimuth angels from 5°-180°.
However, the aerosol LUTs do not include the two SWIR bands of Sentinel-3
SLSTR centered at 1613 and 2256 nm, respectively. Therefore, the aerosol LUTs
of the two SWIR bands were generated in this study, and combined with the aerosol
LUTs of 21 spectral bands of Sentinel-3 OLCI. The complex refractive index and
size distributions of the three components of aerosol particles (soot, dustlike and
sea salt) were calculated using equations from Ahmad et al. (2010) and references
therein. The single scattering albedo, extinction coefficient and phase function of
the 80 aerosol models were obtained from MIE calculations. The 6SV1.1 code was
used to make radiative transfer simulations, since the code developed by Ahmad
and Fraser (1982) is not openly available. In radiative simulations, the complex
refractive indices for the 20 wavelengths used in 6SV1.1, the fractions and size
distribution parameters of three aerosol components were set as the entry
parameters for aerosol models, and the observing geometries were kept with the
same as those used in aerosol LUTs for Sentinel-3 OLCI.
To fit the quadratic coefficients of transforming single-scattering reflectance to
multiple-scattering reflectance for a specific aerosol model and observing geometry,
three steps were carried out: (1) the single-scattering aerosol reflectance
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(ρ𝑎𝑠 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑)) was first calculated(Gordon 1997); (2) the multiple-scattering
aerosol reflectance (𝜌𝑎 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑)) was obtained from radiative simulations using
6SV1.1; and (3) the quadratic coefficients were obtained by fitting the equation
between 𝜌𝑎 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑) and ρ𝑎𝑠 (𝜆, 𝜃0 , 𝜃𝑣 , 𝜑) for 9 aerosol optical thicknesses
(0.02, 0.05, 0.1, 0.15, 0.2, 0.3, 0.4, 0.6 and 0.8) using the least-square technique
(Wang 2007). The exponential coefficients for diffuse transmittance in the viewing
and solar path calculations were obtained by fitting the following equation using
the least-square technique.

6.2.3 Implementation of SWIR-based algorithm
Different from standard NIR-based algorithm, SWIR-based algorithm depends on
two SWIR bands to infer aerosol properties (Vanhellemont and Ruddick 2015;
Wang 2007). The water-leaving reflectance values at SWIR spectral region bands
are assumed to be zero, therefore the Rayleigh-corrected reflectance is due to
aerosol contributions (Shi and Wang 2009). To identify the aerosol model for a
satellite observed spectrum, the Rayleigh-corrected reflectance at two SWIR bands
are transformed to single-scattering aerosol reflectance using the coefficients of
transforming multiple-scattering to single-scattering aerosol reflectance of each
aerosol LUT. The single-scattering epsilon is calculated as the ratio of singescattering aerosol reflectance at the shorter to the longer SWIR band, and the
matched aerosol model is the one with a single-scattering epsilon closest to that of
satellite observations.
Once the aerosol model is identified, the single-scattering reflectance at a given
wavelength (ρ𝑎𝑠 (λ)) is calculated as follows:
ρ𝑎𝑠 (λ) = ρ𝑎𝑠 (λ𝑙 )𝜀(𝜆, 𝜆𝑙 ),
where ρ𝑎𝑠 (λ𝑙 ) is the single-scattering reflectance at longer SWIR band, and 𝜀(𝜆, 𝜆𝑙 )
is modeled single-scattering epsilon. The multiple-scattering reflectance can then
be obtained from single-scattering reflectance by using the quadratic coefficients of
transforming single-scattering to multiple scattering reflectance. The aerosol optical
thicknesses and diffuse transmittances at all spectral bands are obtained with similar
methods to standard NIR-based algorithm.
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Combining Sentinel-3 OLCI and SLSTR, a total of three SWIR bands at 1020, 1613
and 2256 nm, respectively, are available. Three combinations of two SWIR bands
can be used to infer aerosol properties: 1020 and 1613, 1020 and 2256, and 1613
and 2256 nm, respectively.

6.3 Data and atmospheric correction performance evaluation
6.3.1 Synthetic Rayleigh-corrected reflectance dataset
The synthetic Rayleigh-corrected reflectance dataset is composed of 10000
simulated Rayleigh-corrected spectra of 23 spectral bands. For each simulated
Rayleigh-corrected reflectance, the water-leaving reflectance was randomly
selected from the simulated hyperspectral Rrs dataset, which was extrapolated to
2500 nm (Nechad et al. 2015), and the aerosol reflectance and diffuse
transmittances were simulated from aerosol LUTs. The hyperspectral 𝑅𝑟𝑠 (𝜆) data
were convoluted with relative spectral response (RSR) of 23 bands of Sentinel-3
OLCI and SLSTR to obtain simulated water-leaving reflectance ( 𝜌𝑤 ). The
Rayleigh-corrected reflectance was calculated as the sum of aerosol reflectance and
water-leaving reflectance at TOA.

6.3.2 In situ measurements and Sentinel-3 images
In addition to simulated data, in-situ measured remote sensing reflectance in the
Pearl River Estuary and simultaneous Sentinel-3 OLCI images were also used. The
in situ hyperspectral 𝑅𝑟𝑠 (𝜆) spectra were convoluted with the relative spectral
response function of Sentinel-3 OLCI to simulate Rrs measured by satellite sensor.
Three Level 1B Sentinel-3 OLCI images over the Pearl River Estuary on 11 June
2017 and 27 October 2017 were used. In addition, a Sentinel-3 OLCI image and a
VIIRS image over the East China Sea on 13 February were also used.

6.3.3 Atmospheric correction performance evaluation
The atmospheric correction performance was evaluated in three ways:
The first was to use the synthetic Rayleigh-corrected reflectance dataset. The
SWIR-based algorithm using three band combinations, respectively, were applied
to derive Rrs from Rayleigh-corrected reflectance. The atmospheric correction
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performance was evaluated by comparing the retrieved Rrs values with the
simulated ones.
The second way was using synchronous Sentinel-3 images and in situ observations.
Sentinel-3 images were atmospherically corrected using the SWIR-based algorithm.
The atmospheric correction performance were evaluated with the matchups of
retrieved Rrs from satellite images and in situ Rrs. The matchups of synchronous
satellite and in situ observations were obtained with a time window of ±3 hours.
The third way was to inter-compare the Rrs retrieved from SWIR-based algorithm
using three band combinations and those from NIR-based algorithm using bands of
779 and 865 nm. The Sentinel-3 OLCI image over the East China Sea and Yellow
Sea on 13 February 2018 were atmospherically corrected using the SWIR-based
algorithm and standard NIR-based algorithm, respectively. The Rrs at 674 nm
derived from different algorithms were compared.
For comparison, the SWIRE algorithm proposed by He and Chen (2014) was also
implemented and compared with SWIR-based algorithm.

6.4 Results and analyses
6.4.1 Atmospheric correction performance for synthetic dataset
The atmospheric correction results obtained by SWIR-based algorithm based on
1020 and 1613 nm, 1020 and 2256 nm as well as 1613 and 2256 nm are illustrated
in Figure 6.1-6.3, which show the retrieval accuracy of Rrs at four spectral bands
centered at 490, 560, 665 and 779 nm, respectively. The atmospheric correction
performance varied depending on which SWIR band combination was used and the
band which Rrs was estimated. Relatively, higher retrieval accuracies were obtained
for Rrs(560) and Rrs(665) with MAPE within 5%, while Rrs(490) and Rrs(779) were
retrieved with lower performance and their MAPE varied in 8%-15%. From
statistical results, the SWIR-based algorithm based on band combinations of 1020
and 1613 nm as well as 1020 and 2256 nm obtained lower retrieval accuracy for
Rrs(490) with a MAPE of 10.65 and 9.26%, while worse results were obtained by
the algorithm based on the two SWIR bands of 1613 and 2256 nm for Rrs(665) and
Rrs(779) with a MAPE of 4.23% and 14.69%, respectively.
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Obvious underestimations were obtained by the SWIR-based algorithm using the
SWIR centered at 1020 nm (Figure 6.1 and 6.2). Especially, some Rrs(490) values
were seriously underestimated with scatters far below 1:1 line. The regression line
between the estimated and simulated Rrs(490) was y=0.87x+0.0004 for the
algorithm based on 1020 and 1613 nm, and y=0.88x+0.0004 for the algorithm based
on 1020 and 2256 nm. This should be due to non-negligible water-leaving
reflectance over extremely turbid waters at the SWIR band at 1020 nm, which led
to overcorrecting aerosol contributions (Shi and Wang 2009). The SWIR-based
algorithm using bands of 1020 and 2256 nm performed slightly better than that
using bands of 1020 and 1613 nm. The aerosol reflectance between 1020 and 2256
has a larger dispersion, and thus has a higher sensitivity in identifying aerosol model.
Therefore, the SWIR-based algorithm using bands of 1020 and 2256 nm could
derive better aerosol reflectance estimations, leading to more accurate Rrs
estimations.
The algorithm based on the bands of 1613 and 2256 nm did not underestimate high
Rrs values (Figure 6.3). The water absorptions at two bands are far stronger than
those near 1020 nm, and the water-leaving reflectance is far smaller and negligible.
Therefore, the Rayleigh-corrected reflectance values at the two bands centered at
1613 and 2256 nm were equivalent to aerosol reflectance. However, the algorithm
based on 1613 and 2256 nm tended to produce larger uncertainties for low to
moderately high Rrs values. This statement could be supported by the sparsely
distributed scatters shown in Figure 6.3. The large uncertainties should be explained
by the low radiometric performance and high sensor noises held by the two SWIR
bands of 1613 and 2256 nm (Coppo et al. 2010; Wang and Gordon 2018; Wang and
Shi 2012), since these two SWIR bands were initially designed for land and cloud
applications.
Figure 6.4 shows the atmospheric correction performance obtained by NIR-based
algorithm using bands of 779 and 865 nm for the band of 779 nm, and the results
for the other four bands are given in Figure 5.5. The band combination of 779 and
865 nm was used because these two NIR bands are used by standard atmospheric
correction algorithm for Sentinel-3 OLCI. The NIR-based algorithm clearly
performed worse than SWIR-based algorithm, and it produced obviously biased
estimations for the simulated dataset. For examples, Rrs(490) tended to be
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overestimated with a regression of y=1.54x-0.0031, a MAPE of 34.74% and a
correlation coefficient of 0.81 (Figure 5.5a), while NIR-based algorithm tended to
overestimated medium Rrs(665) values and seriously underestimated some Rrs(665)
values with a regression of y=0.43x+0.0100, a MAPE of 19.05% and a correlation
coefficient of 0.51. The low retrieval accuracy obtained by the NIR-based algorithm
for Rrs values should be explained by that the non-negligible water-leaving
reflectance was not estimated accurately, resulting in inappropriate estimations of
aerosol contributions. The results shown in Figure 6.4 could support this statement.
Large uncertainties were observed from the scatterplot for Rrs(779) with a MAPE
of 78.37%. In addition, NIR-based algorithm failed for a proportion of samples, and
only 7012 out of 10000 samples obtained valid Rrs spectra.
Figure 6.5 illustrates atmospheric correction results obtained by SWIRE algorithm.
Compared with SWIR-based algorithm, SWIRE algorithm produced worse
performance with lower correlation coefficient and larger MAPE. The correlation
coefficient between estimated and simulated Rrs was 0.77, 0.94, 0.99 and 0.99,
respectively, for the band of 490, 560, 620 and 665 nm, and their MAPE was
20.26%, 12.07%, 10.74% and 19.88%, respectively. In addition, SWIRE algorithm
tended to underestimate high Rrs values and produced sparser scatters.

83

Figure 6.1 Atmospheric correction performance obtained by SWIR-based
algorithm using bands of 1020 and 1613 nm for four bands of Sentinel-3 OLCI at
490 (a), 560 (b), 665 (c) and 779 (d) nm, respectively. The color of scatterplot
indicates point density, and the number along color ramp indicates sample number
after logarithmic transformation.
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Figure 6.2 Atmospheric correction performance obtained by SWIR-based
algorithm using bands of 1020 and 2256 nm for four bands of Sentinel-3 OLCI
centered at 490 (a), 560 (b), 665 (c) and 779 (d) nm, respectively. The color of
scatterplot indicates point density, and the number along color ramp indicates
sample number after logarithmic transformation.

Figure 6.3 Atmospheric correction performance obtained by SWIR-based
algorithm using bands of 1613 and 2256 nm for four bands of Sentinel-3 OLCI
centered at 490 (a), 560 (b), 665 (c) and 779 (d) nm, respectively. The color of
scatterplot indicates point density, and the number along color ramp indicates the
sample number after logarithmic transformation.
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Figure 6.4 Atmospheric correction performance obtained by NIR-based algorithm
based on the two NIR bands centered at 779 and 865 nm, respectively, for the
band of 779 nm. The color of scatterplot indicates point density, and the number
along color ramp indicates sample number after logarithmic transformation.
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Figure 6.5 Atmospheric correction performance obtained by SWIRE algorithm
for four bands of Sentinel-3 OLCI centered at 490 (a), 560 (b), 665 (c) and 779 (d)
nm, respectively. The color of scatterplot indicates point density, and the number
along color ramp indicates the sample number after logarithmic transformation.

6.4.2 Validation of atmospheric correction using in situ measurements
Using a ±3-hour time window, a total of 15 matchups of synchronous in situ Rrs and
Sentinel-3 observations were obtained. Figure 6.6 illustrates an Rrs spectrum
measured in the PRE and retrieved from Sentinel-3 OCLI images by SWIR-based
algorithm using three different band combinations. The Rrs values retrieved using
these three different band combinations were generally consistent with measured
one, while SWIRE algorithm tended to produce underestimations. The Rrs values
estimated from the algorithm using bands of 1020 and 1613 nm were close to those
using bands of 1020 and 2256 nm, while lower Rrs values were obtained from the
algorithm using bands of 1613 and 2256 nm. The scatterplots of the estimated vs.
in situ measured Rrs values at bands of 490, 560, 620 and 665 nm are shown in
Figure 6.7, and their statistic results are provided in Table 1. SWIR-based algorithm
generally worked well, however, the method using 1020 and 1613nm, and 1020 and
2256 nm tended to underestimate Rrs(490). SWIRE algorithm produced lower
accuracy than SWIR-based algorithm. In addition, SWIR-based algorithm
produced lower atmospheric correction performance than NIR-based algorithm
(results shown in Section 5.5.3). This should be explained by that the Rrs spectra
from the matchups were mainly of not extremely turbid waters. Therefore, NIRbased algorithm could still work well, while the performance of SWIR-based
algorithm might be undermined by the low SNR values of SWIR bands.
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Figure 6.6 Remote sensing reflectance spectrum in the Pearl River Estuary
measured in situ and retrieved from SWIR-based algorithm based on the band
combination of 1020 and 1613 nm, 1020 and 2256 nm, 1613 and 2256 nm, and
SWIRE algorithm, respectively.
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Figure 6.7 Scatterplots of estimated remote sensing reflectance (Rrs) of Sentinel-3
images obtained by SWIR-based and SWIRE algorithm vs. in situ measured
values.
Table 6.1 Statistics of atmospheric correction results obtained by standard NIRbased algorithm and ANN algorithm for the four selected OLIC bands.
Band

490

560

620

665

Bands (nm)

R2

RMSE (sr-1)

MAPE (%)

1020 and 1613

0.62

0.0043

23.06

1020 and 2256

0.56

0.0050

27.80

1613 and 2256

0.51

0.0031

15.76

SWIRE

0.42

0.0032

18.14

1020 and 1613

0.68

0.0032

13.16

1020 and 2256

0.66

0.0032

14.22

1613 and 2256

0.71

0.0035

12.55

SWIRE

0.62

0.0054

18.30

1020 and 1613

0.85

0.0019

15.05

1020 and 2256

0.84

0.0020

17.45

1613 and 2256

0.85

0.0023

16.30

SWIRE

0.65

0.0034

22.03

1020 and 1613

0.87

0.0018

22.08

1020 and 2256

0.85

0.0022

27.39

1613 and 2256

0.84

0.0020

20.40

SWIRE

0.61

0.0026

19.47

6.4.3 Atmospheric correction performance over the East China Sea and
Yellow Sea
Figure 6.8 illustrates the Rrs(674) values retrieved by SWIR-based algorithm using
bands of 1020 and 1613 nm, 1020 and 2256 nm, and 1613 and 2256 nm,
respectively, from the Sentinel-3 image sensed over the East China Sea and Yellow
Sea on February 12 2018. The three maps clearly show Rrs(674) variations with low
values for the open ocean waters and extremely high ones for coastal turbid waters.
The high Rrs(674) values were observed in the western Yellow Sea and Yangtze
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River Estuary, and they could be up to 0.05 sr-1 in some areas. Moreover, turbid
water plumes could be found extending from the Yangtze River Estuary to the
Western Pacific Ocean. The Rrs(674) map retrieved using bands of 1020 and 1613
nm was similar to that retrieved using bands of 1020 and 2256 nm. However,
SWIR-based algorithm using bands of 1613 and 2256 nm produced more noisy
patterns, and this band combination retrieved higher Rrs(674) values over turbid
waters were higher than the other two maps. In addition, some negative values were
retrieved from open ocean waters, and SWIR-based algorithm using bands of 1613
and 2256 nm produced more negative values than the other two band combinations.
Figure 6.9 shows scatterplots of Rrs(674) derived from SWIR-based algorithm using
three band combinations and NIR-based algorithm using bands of 779 and 865 nm.
The Rrs(674) values retrieved from SWIR-based algorithm using bands of 1020 and
1613 nm were strictly consistent with those retrieved using bands of 1020 and 2256
nm with a correlation coefficient of 1.00 and a regression line of y=1.00x+0.0001
(Figure 6.9a). The SWIR-based algorithm using bands of 1613 and 2256 nm were
also highly correlated with that using bands of 1020 and 1613 nm, and bands of
1020 and 2256 nm with a correlation coefficient of 0.98. However, SWIR-based
algorithm using bands of 1020 and 1613 nm retrieved higher Rrs(674) values than
that using the other two band combinations, and the regression line between them
were y=1.04x+0.0011 and y=1.05x+0.0009, respectively. Moreover, large
uncertainties were observed at low Rrs(674) values (below 0.015 sr-1) in the
scatterplots of Figure 6.9b and c, which should be a results of noisy patterns derived
from the algorithm using bands of 1613 and 2256 nm. The SWIR-based algorithm
using bands of 1020 and 1613 nm and NIR-based algorithm using bands of 779 and
865 nm retrieved generally consistent values except that the NIR-based algorithm
failed for Rrs(674) values greater than 0.04 sr-1. The correlation coefficient and
correlation coefficient between them were 0.99 and y=1.04x-0.0017, respectively.
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Figure 6.8 Remote sensing reflectance of Sentinel-3 OLCI band at 674 nm
(Rrs(674)) over the East China Sea and Yellow Sea retrieved from SWIR-based
algorithm using the bands of 1020 and 1613 nm (a), 1020 and 2256 nm (b), and
1613 and 2256 nm (c).
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Figure 6.9 Remote sensing reflectance of Sentinel-3 OLCI band of 674 nm
(Rrs(674)) over the East China Sea and Yellow Sea retrieved from SWIR-based
algorithm using the bands of 1020 and 2256 nm vs. 1020 and 1613 nm (a), 1613
and 2256 nm vs. 1020 and 1613 nm (b), and 1613 and 2256 nm vs. 1020 and 2256
nm (c), and 1020 and 1613 nm vs. that retrieved from the NIR-based algorithm
using bands of 779 and 865 nm (d). The dash line is 1:1 line, and the solid is
regression line, and the numbers along color ramp indicates pixel density after log
transformation (y=ln(x)).

6.5 Summary
The key factors affecting atmospheric correction performance includes black pixel
assumption and radiometric performance. Over turbid waters, the black pixel
assumption at NIR bands does not hold. However, the SWIR water-leaving
reflectance turns subtle due to strong pure water absorptions. Therefore, an
alternative of standard NIR-based algorithm is to use two SWIR bands to substitute
the two NIR bands.
Since OLCI has only one SWIR band at 1020 nm, this study adapted the SWIRbased algorithm for atmospheric correction of Sentinel-3 OLCI by including the
two SWIR bands at 1613 and 2256 nm of the sensor SLSTR. To implement this
algorithm, aerosol lookup tables were generated for the two SWIR bands of 1613
and 2256 nm, Rayleigh reflectance were corrected using 6SV1.1 radiative transfer
code for the two SWIR bands, and the algorithm was implemented using MATLAB.
The atmospheric correction performance of SWIR-based algorithm using the three
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band combinations, including 1020 and 1613 nm, 1020 and 2256 nm, and 1613 and
2256 nm, were tested and compared.
Results showed that: (1) the SWIR-based algorithm using bands of 1020 and 1613
nm produced similar results to that using bands of 1020 and 2256 nm, however,
they tended to underestimate high Rrs values due to nonzero water-leaving
reflectance at the band of 1020 nm; (2) the SWIR-based algorithm using bands of
1613 and 2256 nm did not produce underestimations over extremely turbid waters,
because the black pixel assumption was valid at these two SWIR bands; and (3) the
SWIR-based algorithm using bands of 1613 and 2256 nm performed worse for not
extremely high Rrs values than that using the other two band combinations, which
was a result of low radiometric performance of the SWIR bands of 1613 and 2256
nm.
This chapter demonstrated the advantage of SWIR-based atmospheric correction
algorithm over the standard NIR-based algorithm. Although the two SWIR bands
of the sensor SLSTR are not initially designed for ocean color applications, they
should be helpful for remote sensing monitoring of turbid coastal, estuarine and
inland waters. Moreover, combining NIR-based and SWIR-based atmospheric
correction algorithms would be useful to generate ocean color products over
contrasted transitional waters.
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Chapter 7 Revisiting effectiveness of turbidity index for the
switching scheme of NIR-SWIR algorithm
7.1 Introduction
Remote sensing techniques are frequently applied to derive the optical, physical and
biogeochemical properties of waters over large scale (Hu et al. 2018; Lee 2006; Liu
et al. 2017; Qi et al. 2017). Atmospheric correction plays important roles in
accurately inversing water-leaving signals from satellite-sensed measurements,
because the radiances emerging from water column only account for less 10% of
satellite-sensed radiance (Wang and Gordon 1994). The standard NIR-based
algorithm relies on black water assumption (Wang 2004), and it generally produces
acceptable results for open ocean waters where the NIR water-leaving reflectance
is negligible or can be properly accounted for (Bailey et al. 2010; Siegel et al. 2000).
However, black water assumption does not hold over turbid waters (Siegel et al.
2000), which will result in biased Rrs estimations (He and Chen 2014).
An alternative is to use two SWIR bands, because black water assumption is still
valid even for highly turbid waters (Wang 2007). With two high-performance
SWIR bands, the SWIR-based algorithm may accurately correct atmospheric
contaminations from visible to NIR spectral bands (Pahlevan et al. 2017a).
However, many SWIR bands are originally designed for land applications and hold
low signal-to-noise (SNR) values, affecting the performance of SWIR-based
algorithm (Wang 2007; Wang and Shi 2012). As the water-leaving reflectance
increases, the performance of NIR-based algorithm deteriorates, while the
uncertainties from sensor noises in the SWIR images account for less Rrs in
percentage. Therefore, a practical strategy is to apply NIR-based algorithm for clear
waters and SWIR-based algorithm for turbid waters, and a switching scheme for
NIR- and SWIR-based algorithms is necessary.
For obtaining such a switching scheme, Shi and Wang (2007) proposed a turbidity
index, which is derived from Rayleigh-corrected reflectance at one NIR and two
SWIR bands. Its underlying idea is that: (1) the water-leaving reflectance at SWIR
bands are negligible, and Rayleigh-corrected reflectance are due to aerosol; and (2)
the aerosol reflectance can be approximated by an exponential function. Therefore,
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the aerosol reflectance at NIR band can be estimated using an exponential function.
The turbidity index is computed as the ratio of measured Rayleigh-corrected
reflectance to estimated aerosol reflectance at NIR band, and a higher turbidity
index is assumed to be due to elevated NIR water-leaving reflectance. The
switching threshold of turbidity index for NIR-SWIR algorithm was set to 1.1 by
Shi and Wang (2007), and later to 1.3 by Wang and Shi (2007). The SeaWiFS Data
Analysis System (SeaDAS) platform adopts the switching scheme developed by
Wang et al. (2009), which uses a turbidity index of 1.05, a normalized water-leaving
radiance at 869 nm of 0.08 mW cm−2 μm−1 sr −1 and a chlorophyll-a value of 1
mg/l. In addition, a remote sensing reflectance at 645 nm of 0.01 was used as the
switching scheme by Aurin et al. (2013).
However, several studies reported that the existing switching scheme did not work
well (Aurin et al. 2013; Goyens et al. 2013c), which might be due to the signal
saturation in NIR bands over highly turbid waters and the low SNR values of SWIR
bands (Werdell et al. 2010). Moreover, the aerosol reflectance might not be
accurately fitted by exponential equation, which might undermine the usefulness of
turbidity index. Therefore, this study aimed to revisit the effectiveness of turbidity
index for NIR-SWIR algorithm.

7.2 Data description
7.2.1 Simulated aerosol reflectance
Aerosol reflectance spectra were simulated using the aerosol LUTs and the
following configurations: relative humidity = 30%, 50%, 70%, 80%, 90% and 95%;
fine-mode aerosol fraction = 0, 10%, 20%, 30%, 50%, 80% and 95%; solar zenith
angle and sensor zenith angle took values = 10°, 20°, 30°, 40°, 50° and 60°; AOT =
0.01, 0.03, 0.05, 0.07, 0.09, 0.1, 0.15, 0.20, 0.25 and 0.30; and relative azimuth
angle = 45°. A total of 15120 aerosol reflectance were obtained finally.

7.2.2 AERONET-OC and satellite observations
In addition to simulated aerosol reflectance, the ocean color component of Aerosol
Robotic Network (AERONET-OC) data and simultaneous Aqua MODIS satellite
images were also used. Daily relative humidity products were downloaded from
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American National Climate Environment Predictions (http://www.ncep.noaa.gov/),
and daily version 2 AERONET retrieval products (Holben et al. 2006) were
downloaded from AERONET website (https://aeronet.gsfc.nasa.gov/).

7.3 Turbidity index
Over clear waters, the Rayleigh-corrected reflectance at NIR bands can be seen as
aerosol reflectance because of negligible water reflectance, while the elevated NIR
signal over turbid waters are from water contributions (Shi and Wang 2007).
Multiple scattering epsilon is defined as the ratio of aerosol reflectance at two bands
(Wang 2004):
ε(𝜆𝑖 , 𝜆𝑗 ) =

𝜌𝑎 (𝜆𝑖 , 𝜃0 , 𝜃𝑣 , 𝜑)
𝜌𝑎 (𝜆𝑗 , 𝜃0 , 𝜃𝑣 , 𝜑)

For a given band 𝜆0 , ε(𝜆, 𝜆0 ) is roughly approximated by the following exponential
formula (Gordon and Wang 1994b; Wang and Shi 2005):
ε(𝜆, 𝜆0 ) = exp((𝜆0 − λ)𝑐(𝜆SWIR1 , 𝜆SWIR2 )),
where λ is wavelength, 𝜆𝑆𝑊𝐼𝑅1 and 𝜆𝑆𝑊𝐼𝑅2 are two SWIR bands, 𝜆0 is reference
band, and c is a constant calculated from the aerosol reflectance at two SWIR bands:
𝑐(𝜆SWIR1 , 𝜆SWIR2 ) =

1
𝜌𝑎 (𝜆SWIR1 )
𝑙𝑛 (
).
𝜆SWIR2 − 𝜆SWIR1
𝜌𝑎 (𝜆SWIR2 )

In implementation, 𝜆0 adopts any one of two SWIR bands, and aerosol reflectance
𝜌𝑎 (𝜆𝑆𝑊𝐼𝑅1 ) and 𝜌𝑎 (𝜆𝑆𝑊𝐼𝑅2 ) are the Rayleigh-corrected reflectance at two SWIR
bands with the assumption that the water reflectance at these two bands are zero.
Therefore, the aerosol reflectance at a given NIR band can be estimated (E) as
follow:
𝜌𝑎E (𝜆NIR ) = 𝜌𝑎 (𝜆0 ) ε(𝜆NIR , 𝜆0 )
Turbidity index is defined as the ratio of the Rayleigh-corrected reflectance
(∆𝜌(𝜆NIR )) to estimated aerosol reflectance:
𝑇ind (𝜆NIR , 𝜆0 ) =

∆𝜌(𝜆NIR )
∆𝜌(𝜆NIR )
=
E
𝜌𝑎 (𝜆NIR )
𝜌𝑎 (𝜆0 ) ε(𝜆NIR , 𝜆0 )
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For its implementation for MODIS, 𝜆NIR uses the band centered at 748 nm, two
SWIR bands are centered at 1240 and 2130 nm, and 𝜆0 uses 1240 nm band.
Theoretically, Tind(748, 1240) is close to one over clear waters, increases gradually
with increasing elevated NIR reflectance, and is obviously larger than one over
turbid waters.

7.4 Turbidity index effectiveness evaluation
7.2.1 Factors affecting turbidity index
To investigate the effects of aerosol size distributions and observing geometries on
turbidity index, the water-leaving reflectance values at 748, 1240 and 2130 nm were
assumed to be zero. Five factors, including fine-mode fraction, AOT, solar zenith
angle, sensor zenith angle and relative humidity, were considered. To figure out the
effects of fine-mode fraction on turbidity index, both solar and sensor zenith angle
were set to 20°, relative humidity was set to 70%, and four AOT values, i.e. 0.02,
0.1, 0.2 and 0.3, were used. The variation pattern of turbidity index with fine-mode
fraction was analyzed. Similarly, solar and sensor zenith angle, relative humidity
and fine-mode fraction were kept the same as former case, and the effects of AOT
on turbidity index were analyzed.
To study the effects of solar zenith angle on turbidity index, sensor zenith angle was
set to 20°, AOT was kept at 0.1, relative humidity was set to 70%, and five finemode fraction values, i.e. 10%, 30%, 50%, 80% and 95%, were considered. The
variation pattern of turbidity index with solar zenith angle was studied. Similarly,
solar zenith angle was set to 20° to study the effects of sensor zenith angle on
turbidity index, while AOT, relative humidity and fine-mode fraction were same as
former settings. To investigate the effects of relative humidity, solar and sensor
zenith angle were set to 20°, AOT was set to 0.1, and five fine-mode fractions, i.e.
10%, 30%, 50%, 80% and 95%, were considered. Finally, three normalized waterleaving reflectance (ρ𝑤 ), 0.0020, 0.0043 and 0.010, were added to the simulated
aerosol reflectance at 748 nm, respectively, to explore the effects of nonzero waterleaving reflectance on turbidity index. The frequency distributions of turbidity
index for these three water-leaving reflectance were analyzed.

7.2.2 Turbidity index from observations
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Level1A Aqua MODIS images were processed to Level 2 products using the
standard NIR-based algorithm in SeaDAS (Bailey et al. 2010). The total radiance
at TOA, Rayleigh radiance, water-leaving radiance, solar irradiance, diffuse
transmittances, absorbing gaseous transmittances and observing geometries were
derived. The matchups with atmospheric correction failures were removed from
further analyses. The radiances were converted to reflectance. The turbidity index
values of Rayleigh-corrected reflectance and aerosol reflectance were calculated
and analyzed. Aerosol fine-mode fraction was calculated as the ratio of volume
concentration of fine-mode aerosol particles to total aerosol volume concentration.
Relative humidity and fine-mode fractions were retrieved for these matchups and
analyzed.

7.5 Results and analyses
7.5.1 Simulated aerosol reflectance and turbidity index
Figure 7.1 illustrates several selected multiple-scattering aerosol reflectance curves
with different fine-mode fractions while keeping same relative humidity and
observing geometries. Fine-mode fractions obviously affect the magnitude and
shape of aerosol reflectance. The aerosol reflectance at short wavelength (<850 nm)
increases continually with increasing fine-mode fractions, while opposite tendency
is observed at longer wavelengths. The aerosol reflectance of 0 fine-mode fraction
shows an increasing trend with increasing wavelength until it levels out at 1200 nm,
while the aerosol reflectance of 10% fine-mode fraction tends to be invariant. After
1200 nm, aerosol reflectance shows a decreasing trend with increasing wavelength,
and the slope turns steeper with increasing fine-mode fraction. Figure 7.2a shows
the histogram of turbidity index calculated from simulated aerosol reflectance. The
turbidity indices obviously deviate from one, ranging from 0.7 to 2.2. The frequency
distribution of turbidity index is bimodal, with two peaks at 0.85 and 1.35,
respectively, and a division point at 1.05. Turbidity index values smaller than 1.05
are mainly account for by the simulated aerosol reflectance with 0 and 95% finemode fractions (Figure 7.2b).
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Figure 7.1 Multiple scattering aerosol reflectance simulated from aerosol lookup
tables for six fine-mode fractions (0, 10%, 30%, 50%, 80% and 95%) with a
relative humidity of 70%, a solar and sensor zenith angle of 20°, a relative
azimuth angle of 45° and an aerosol optical thickness of 0.1.

Figure 7.2 Frequency distribution of turbidity index calculated from simulated
aerosol reflectance (a), and frequency distribution of fine-mode fractions for
turbidity index smaller than 1.05 (b).

7.5.2 Factors affecting turbidity index
Figure 7.3a illustrates the turbidity index variations with fine-mode fraction for four
aerosol optical thickness values (0.01, 0.1, 0.2 and 0.3). Turbidity index first
increases gradually, from smaller than 0.8 to larger than 1.4, peaks at 50% finemode fraction, decreases slowly as fine-mode fraction increases to 80%, and finally
reduces quickly to smaller than one at 95% fine-mode fraction. Figure 3b shows the
simulated and fitted multiple scattering epsilon for the four selected fine-mode
fractions with an AOT of 0.1 and 1240 nm as reference wavelength. The magnitude
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and shape of multiple-scattering epsilon vary a lot with fine-mode fraction. The
fitness of exponential function, which determines the magnitude of turbidity index,
also differs. The multiple-scattering epsilons at 2130 nm do not change much when
fine-mode fraction changes from 0 to 50%. Therefore, the fitted epsilon curves are
similar in shape and magnitude. However, the simulated multiple-scattering
epsilons at short wavelengths increase constantly with increasing fine-mode
fraction, resulting in increasing turbidity index values. For example, the turbidity
index smaller than one is a result of larger fitted reflectance at 748 nm compared
with measured value when fine-mode fraction is 0. While the simulated epsilon is
obviously larger than the fitted value at 748 nm when fine-mode fraction is 50%,
which results in a large turbidity index.

Figure 7.3 Effects of fine-mode fraction on turbidity index for four aerosol optical
thickness values: 0.01, 0.1, 0.2 and 0.3 (a), and multiple-scattering epsilon of four
selected fine-mode fractions (0, 20%, 50% and 95%) with an aerosol optical
thickness of 0.1(b). The solid and dash lines in (b) indicate simulated and fitted
multiple-scattering epsilon, respectively.
Contrary to the large effects of fine-mode fraction on turbidity index, turbidity
index seems to be insensitive to AOT except for some fine-mode fractions and small
AOT values (Figure 7.4). Turbidity index increases slowly with increasing AOT for
0 and 50% fine-mode fractions, decreases slightly when AOT increases from 0.01
to 0.03 for 10% and 30% fine-mode fractions, and shows a slight increasing
tendency as AOT continues to increase. Whereas it first increases quickly for 80%
and 95% fine-mode fractions when AOT is smaller than 0.05. Figure 7.5a and b
illustrate the spectral variations of multiple-scattering epsilons of four selected
AOT values (0.01, 0.1, 0.2 and 0.3) for 80% and 95% fine-mode fractions,
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respectively. For both fine-mode fractions, higher AOT values generally produce
steeper spectral epsilon curves. An obvious decrease of epsilon values at short
wavelengths is observed when AOT increases from 0.01 to 0.05, and it reduces
slightly as AOT increases continually. For the 80% fine-mode fraction, the fitted
epsilon at 748 nm is lower than the simulated value, and the deviation between them
turns larger with increasing AOT. Therefore, the turbidity index shows an
increasing tendency and is larger than one. However, for 95% fine-mode fraction,
the fitted epsilon at 748 nm is larger than the simulated value, and fitted epsilon
curves turn closer to simulated curves with increasing AOT. Therefore, the turbidity
index increases gradually and turns close to one.

Figure 7.4 Effects of aerosol optical thickness on turbidity index for six finemode fractions (0, 10%, 30%, 50%, 80% and 95%).

Figure 7.5 Multiple-scattering epsilons of four aerosol optical thicknesses (0.01,
0.05, 0.1 and 0.2) with 80% (a) and 95% (b) fine-mode fractions. The solid and
dash lines indicate simulated and fitted multiple-scattering epsilon, respectively.
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Solar zenith angle shows similar effects on turbidity index as sensor zenith angle,
and the variation patterns of turbidity index vary depending on fine-mode fraction
(Figure 7.6). Overall, increasing trends are observed for the turbidity index values
of 0, 10%, 30% and 50% fine-mode fractions with increasing zenith angle, while
those of 80% and 95% fine-mode fractions show decreasing patterns. The turbidity
index values of 30%, 50% and 80% fine-mode index keep larger than one, while
those of 0 and 95% fine-mode fractions keep below one. The turbidity index of 10%
fine-mode fraction increases from below to above one as zenith increases. Figure
7.7a and b illustrate the simulated and fitted multiple-scattering epsilon curves of
30% and 95% fine-mode fractions for 10°, 30° and 50°. The multiple-scattering
epsilon curves of 30% fine-mode fraction show steady increase at 748 nm, and keep
relatively stable at SWIR wavelengths. Therefore, their fitted epsilons at 748 nm
does not increased much, which results in an increasing turbidity index. Whereas,
the fitted epsilon at 748 nm increases more with increasing zenith angle than the
simulated value when fine-mode fraction is 95%, resulting in a decreasing turbidity
index.

Figure 7.6 Effects of solar zenith angle (a) and sensor zenith angle (b) on
turbidity index for six fine-mode fractions (0, 10%, 30%, 50%, 80% and 95%).

102

Figure 7.7 Multiple-scattering epsilons of three solar zenith angles (10°, 30° and
50°) with 30% (a) and 95% (b) fine-mode fraction. The solid and dash lines
indicate the simulated and fitted multiple-scattering epsilon, respectively.
Figure 7.8 illustrates the variations of turbidity index as a function of relative
humidity. Generally, turbidity index is relatively insensitive to the relative humidity
below 70%, after which increasing patterns are observed except for 80% fine-mode
fraction. The turbidity index values of 10% and 95% fine-mode fractions increase
from below to over one as relative humidity increases from 70% to 80%, while the
index values of other fine-mode fractions stay either below or over one irrespective
of relative humidity. However, the spectral curves of epsilon for 10% and 95% finemode fractions hold distinct changing patterns (Figure 7.9). For 10% fine-mode
fraction, epsilon increases with relative humidity, which results in an increasing
turbidity index. For 95% fine-mode fraction, epsilon shows a decreasing trend at
shorter wavelengths and increases at longer wavelengths.

Figure 7.8 Effects of relative humidity on turbidity index for six fine-mode
fractions (0, 10%, 30%, 50%, 80% and 95%).
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Figure 7.9 Spectral curves of multiple-scattering epsilon for three relative
humidity values (30%, 70% and 90%) with 10% (a) and 95% (b) fine-mode
fraction. The solid and dash lines indicate simulated and fitted multiple-scattering
epsilon, respectively.
The histograms of turbidity index for three ρ𝑤 values at 748 nm (0.0020, 0.0043
and 0.010) are shown in Figure 7.10. As water-leaving reflectance values increase,
more large turbidity index values are observed, and the histograms tend to peak at
higher turbidity indexes. Bimodal frequency distributions are observed for two
lower ρ𝑤 values with two peaks at 1 and 1.5 and two different division points at 1.1
and 1.2, respectively. While the histogram of turbidity index for a 0.01 of waterleaving reflectance appears to be unimodal, peaking at 1.7. Moreover, lower waterleaving reflectance values tend to have higher peaks and dense distributions, while
higher reflectance values produce sparse distributions and more high turbidity index
values.

Figure 7.10 Frequency distributions of turbidity indices calculated for three
normalized water-leaving reflectance at 748 nm: 0.002, 0.0043 and 0.01.

104

7.5.3 Observations and turbidity index
After eliminating the matchups with atmospheric correction failures, a total of 3655
matchups were obtained, and 2338 of them had valid fine-mode fractions. The
statistical descriptions of relative humidities and fine-mode fractions are illustrated
in Table 1. Relative humidity ranges from 48.47% to 84.20% with a mean of
69.73%, a median value of 69.93% and a standard deviation of 5.68%. Fine-mode
fraction spans from 4.30% to 95.56% with a mean value of 55.67%, a median value
of 58.06% and a standard deviation of 19.26%.
Table 7.1 Statistical descriptions of relative humidities and fine-mode fractions.
Parameters

N

Min

Max

Mean

Median

Std.

Relative humidity

(%) 84.20
(%) 69.73
(%)
3655 48.47

(%)
69.93

(%)
5.68

Fine-mode fraction

2338

58.06

19.26

4.30

95.56 55.67

N: sample number, Min: minimum, Max: maximum, Std.: standard deviation.
Figure 7.11 shows the frequency distributions of ρ𝑤 values derived from three
MODIS bands at 748, 1240 and 2130 nm. The frequency of ρ𝑤 at 748 nm peaks at
0, accounting for over 25%, and decreases quickly with increasing reflectance.
Though the ρ𝑤 at 748 nm could be up to 0.006, about 85% and 95% are within the
range of 0-0.0014 and 0-0.0022, respectively. The frequency histograms of ρ𝑤 at
1240 and 2130 nm seem to be roughly symmetrical distribution with peaks at
0.0002 and 0.0004, respectively. The ρ𝑤 at 1240 nm is almost within -0.003-0.003
with over 85% of its values lying between -0.001 and 0.001, while most of ρ𝑤 at
2130 nm range from -0.004 to 0.004 with over 90% within -0.002-0.002. The
frequency distributions of turbidity indices calculated from MODIS-derived
Rayleigh-corrected reflectance and aerosol reflectance show unimodal patterns,
peaking at 1.2 and 1.3, respectively (Figure 7.12). The turbidity indices of Rayleighcorrected reflectance range from 0.6 to 2.1 with approximately 95% between 1.00
and 1.65, while those of aerosol reflectance are within 0.5-1.9 with about 96% lying
between 0.85 and 1.55.
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Figure 7.11 Frequency histograms of normalized ocean color remote sensing
reflectance (ρ𝑤 ) at 748 (a), 1240 (b) and 2130 nm (c) derived from Aqua MODIS
images.

Figure 7.12 Frequency histograms of turbidity index calculated from Rayleighcorrected reflectance and aerosol reflectance derived from Aqua MODIS images.

7.6 Summary
With simulated and satellite data, the effectiveness of turbidity index for the
switching scheme of NIR-SWIR algorithm was explored. The turbidity index
calculated from aerosol reflectance varies much and deviates from one, and its value
depends on fine-mode fraction, aerosol optical thickness, relative humidity and
observing geometries. Although an increasing tendency of turbidity index was
observed with water-leaving reflectance, no evident threshold could be found to
discriminate turbid from clear waters. Therefore, the NIR-SWIR switching scheme
should be reconsidered.
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Chapter 8 Determination of switching threshold for the NIRSWIR algorithm
8.1 Introduction
Since the first ocean color satellite (coastal zone color scanner, CZCS) was
launched, ocean color remote sensing has developed to be an important tool for
biological oceanography (Brewin et al. 2015). With ocean color radiometric
observations, optical, physical, biological and chemical properties can be derived
synoptically over large scales (Hu et al. 2018; Platt 2008). However, besides the
water-leaving radiance, atmosphere can also contribute to the total satellite-sensed
radiance through scattering and absorption by molecules, aerosols and absorbing
gases (Gordon 1997). To accurately estimate oceanic properties, accurate retrieval
of ocean color remote sensing reflectance (Rrs) is decisive (IOCCG 2010).
Atmospheric interferences are mainly due to Rayleigh scattering and aerosol
contributions. The Rayleigh effects can be accurately corrected using Rayleigh
LUTs and ancillary data, and the main uncertainties lie in aerosols.
To infer aerosol properties, two spectral bands, in which water-leaving reflectance
are negligible, are generally used (Gordon 1997; Gordon and Wang 1994b; Lee et
al. 2002; Siegel et al. 2000). Gordon and Wang (1994b) applied the ratio of
Rayleigh-corrected reflectance at two NIR bands to identify aerosol model from
precompiled LUTs, because the black pixel assumption generally holds for open
ocean waters. However, non-negligible water-leaving reflectance values at NIR
bands from turbid waters overestimate aerosol contributions, leading to
underestimating Rrs. A bio-optical model was used iteratively to remove the Rrs at
NIR bands from Rayleigh-corrected reflectance (Bailey et al. 2010; Stumpf et al.
2003). This algorithm is adopted by the NASA OBPG to operationally generate
ocean color products.
However, the bio-optical model is tuned for case-1 waters. It would result in biased
estimations for case-2 waters, in which CDOM and mineral particles do not covary
with phytoplankton. Especially, NIR-based algorithm obviously underestimates the
Rrs of sediment-laden waters (Wang and Shi 2012; Werdell et al. 2010), because
their Rrs are still prominent at NIR bands (Liu et al. 2017). To cope with this
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problem, Wang (2007) proposed to use two SWIR bands for atmospheric correction
of MODIS. Because the black pixel assumption is still valid even for highly turbid
waters due to strong water absorption at the SWIR spectral region (Shi and Wang
2009).
Providing two high-performance SWIR bands with enough high signal-to-noise
ratio (SNR), the Rrs from visible to NIR could be accurately retrieved by using the
SWIR-based algorithm (Pahlevan et al. 2017a; Wang 2007). However, the SWIR
bands of MODIS are intended for land and cloud applications and have low SNRs,
which undermines atmospheric correction performance (Wang 2007; Wang and Shi
2012). Especially for low satellite-sensed radiance, noise equivalent radiance would
account for a notable part of total radiance at SWIR bands. As water-leaving
radiance increases, NIR-based algorithm performs worse, while uncertainties
induced by sensor noise of SWIR bands turn acceptable (Wang et al. 2009).
Therefore, a practical strategy is to apply NIR-based algorithm for clear waters and
SWIR-based algorithm for turbid waters, named as NIR-SWIR algorithm.
For obtaining such a switching scheme, a switching scheme between NIR- and
SWIR-based algorithms is necessary. Shi and Wang (2007) proposed a turbidity
index to detect waters with obviously nonzero NIR reflectance. Later, a refined
scheme was proposed by Wang et al. (2009), which used a turbidity index of 1.05,
a normalized water-leaving radiance at 869 nm of 0.08 mW cm−2 μm−1 sr −1 and
a chlorophyll-a value of 1 mg/l. This switching scheme was adopted by the NASA
OBPG and implemented in SeaDAS platform for NIR-SWIR algorithm.
However, several studies showed that current switching scheme did not work
well (Aurin et al. 2013; Goyens et al. 2013c), since it could result in spatial
inconsistence or even atmospheric correction failure. A switching threshold with
a remote sensing reflectance at 645 nm of 0.01 was adopted by Aurin et al. (2013).
Although this scheme produced spatially consistent ocean color products, the detail
on switching threshold was not provided. Therefore, this study aimed to study the
performance of NIR- and SWIR-based algorithms and identify the switching
threshold for NIR-SWIR algorithm.

8.2 Data for switching threshold determination
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8.2.1 Simulated aerosol and water-leaving reflectance
To generate a set of aerosol data containing broad aerosol properties, aerosol LUTs
were used to simulate aerosol reflectance (Ahmad et al. 2010; Wang 2007). To
reproduce an aerosol reflectance for a specific aerosol distribution and observing
geometries, single scattering reflectance values were first calculated, and they were
then transformed to multiple scattering reflectance. Aerosol reflectance simulations
were performed with configurations randomly selected among following: relative
humidity = 30%, 50%, 70%, 75%, 80%, 85%, 90% and 95%; fine-mode aerosol
fraction = 0, 1%, 2%, 5%, 10%, 20%, 30%, 50%, 80% and 95%; solar and sensor
zenith angle = 0-70°, AOT =0.005-0.3; and relative azimuth angle = 0-180°. A total
of 100000 aerosol reflectance were obtained.
The simulated hyperspectral Rrs dataset (Nechad et al. 2015) was used in this study.
Hyperspectral Rrs spectra were integrated with the spectral response function of
Aqua MODIS. One simulated Rrs spectrum was randomly selected for each
simulated aerosol reflectance. The simulated Rayleigh-corrected reflectance values
were obtained by combining simulated aerosol and Rrs.

8.2.2 In situ measurements and satellite images
In addition to simulated data, in-situ Rrs and simultaneous Aqua MODIS images
were used. Rrs data derived from AERONET-OC observations were used (Zibordi
et al. 2009). The matchups contains in situ measured Rrs values of eight spectral
bands at 412, 443, 488, 531, 547, 555, 667 and 678 nm, respectively. In addition,
the Level 1A Aqua MODIS image sensed over East China Sea near the Yangtze
River estuary on January 18 2010 was also used.

8.3 Atmospheric correction implementation and data processing
NIR- and SWIR-based algorithms on the simulated data were re-implemented using
Matlab platform for comparing their effectiveness. The relative humidity, observing
geometry and simulated Rayleigh-corrected reflectance were used as entry data,
expecting to retrieve Rrs, aerosol reflectance, two-way diffuse transmittance and
aerosol optical thickness. For the NIR-based algorithm, the solar and sensor zenith
angles were hardcoded to zero when identifying 𝑓⁄𝑄 factors for NIR water-leaving
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reflectance estimations. For the SWIR-based algorithm, the band at 1640 nm was
not considered because it did not function well (Franz et al. 2006). To account for
the noise effects on two SWIR bands at 1240 and 2310 nm, Gaussian noise
equivalent radiances were generated with the mean and variance estimated with a
5×5 window by Wang and Shi (2012), and they then were transformed to noise
equivalent reflectance. Opposite signs were randomly selected for two SWIR bands,
and the simulate noise reflectance values were added to the simulated Rayleighcorrected reflectance. Both NIR- and SWIR-based algorithms were applied to the
simulated dataset, and their performances were evaluated.
L1A Aqua MODIS images were geometrically and radiometrically corrected, and
then processed to Level 2 products with NIR- and SWIR-based algorithm,
respectively. Atmospheric correction of MODIS images were implemented using
SeaDAS. The NIR-based algorithm used the two NIR bands at 748 and 869 nm,
respectively, while SWIR-based algorithm used the two SWIR bands at 1240 and
2013 nm, respectively. To mitigate data loss for highly turbid waters due to default
masks, the settings adopted by Aurin et al. (2013) were used in this study. These
configurations mainly include: using the SWIR band at 2130 nm with a threshold
albedo of >0.018 for cloud masks, disabling high light masks and setting stray light
masks to a window of 3×3, and smoothing two SWIR bands using a 3×3 filter.

8.4 Switching threshold determination for NIR-SWIR algorithm
Four MODIS land bands at 469, 555, 645 and 859 nm were considered as candidate
bands used to combine NIR- and SWIR-based algorithms, because these bands did
not saturate even over extremely turbid waters. The switching threshold was
defined as a Rrs value at a certain band. To determine the switching threshold for
each candidate band, the atmospheric correction performances of NIR- and SWIRbased algorithms were studied, and absolute percentage error (APE) was used to
evaluate the Rrs retrieval accuracy. Rrs was grouped with an increment of 0.001 sr-1
for bands at 469, 555 and 645 nm and 0.0001 sr-1 for the band at 859 nm; boxplot
analysis of absolute percentage error of Rrs for each group were carried out; the
variations of minimum, first quartile (Q1), median, third quartile (Q3) and
maximum of APE of Rrs obtained by NIR- and SWIR-based algorithms were
analyzed and compared; and the switching threshold for a certain band was
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determined as Rrs value when Q1, median, Q3 and maximum from NIR-based
algorithm turned larger than thaose from SWIR-based algorithm.
Besides switching threshold, another problem to be solved is the algorithm applied
first to retrieve Rrs, which is used to merge the NIR- and SWIR-based algorithms.
The switching threshold was determined from simulated Rrs values. However, the
estimation deviation of Rrs could affect the switching effectiveness. To measure the
switching effectiveness, the simulated dataset was classified into NIR-based and
SWIR-based groups based on the simulated Rrs and switching threshold. The
misclassification errors due to estimation deviation of Rrs retrieved from NIR- and
SWIR-based algorithms were analyzed, respectively, for groups of NIR-based,
SWIR-based and atmospheric correction failure. The algorithm producing lower
misclassification error for NIR-SWIR switching was preferred.
To evaluate the effectiveness of switching threshold, the atmospheric correction
performance for visible bands of NIR-SWIR switching based on each band was
evaluated with the simulated and AERONET-OC data, and compared with NIRand SWIR-based algorithms. The mean absolute percentage error (MAPE) of
estimated Rrs was calculated, and the correlation analysis between estimated and
simulated/in situ Rrs was carried out.

8.5. Results and analyses
8.5.1 Atmospheric correction performance and switching threshold
Figure 8.1 illustrates and compares the performances of NIR- and SWIR-based
algorithms for the Rrs of band at 469 nm, Rrs(469). The estimated Rrs(469) values
from both methods were highly related with the simulated values (r = 0.94). Overall,
the SWIR-based algorithm seemed to perform better with a MAPE of 15.46% and
a regression line of y = 0.96x + 0.0003, compared with NIR-based algorithm with
a MAPE of 17.21% and a regression line of y = 1.26x − 0.0006. However, NIRbased algorithm tended to produce better estimations with scatters lying more
densely around the 1:1 line, though it produced obviously overestimation for high
Rrs(469). Figure 8.2 shows the variations of minimum, Q1, median, Q3, maximum
of APE of Rrs(469) estimated by NIR- and SWIR-based algorithms as a function of
Rrs(469). The Q1, median and Q3 of APE of Rrs(469) retrieved from NIR-based
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algorithms were obviously lower than those of SWIR-based algorithm at low
Rrs(469) (<0.005 sr-1). As Rrs(469) increased, the Q1, median, Q3 and maximum of
APE of Rrs(469) retrieved from NIR-based algorithms showed stable increasing
trends before 0.013 sr-1 and sharply increased after that (Figure 2a). On the contrary,
these parameters from SWIR-based algorithm decreased stably with the Rrs(469).
The Q1, median, Q3 and maximum of APE of Rrs(469) from NIR-based algorithm
turned larger than those from SWIR-based algorithm at 0.009, 0.008, 0.006 and
0.004 sr-1, respectively. Therefore, the switching threshold of Rrs(469) for NIRSWIR was set to 0.009 sr-1.

Figure 8.1 Scatterplots of estimated vs. simulated remote sensing reflectance at
469, Rrs(469), retrieved from near infrared (NIR)-based (a) and shortwave infrared
(SWIR)-based (b) algorithms. The dash line is 1:1 line, and the solid is regression
line, and the numbers along the ramp indicates the pixel density after log
transformation (y = ln(x)).

Figure 8.2 Absolute percentage error of estimated remote sensing reflectance at
469 nm, Rrs(469), retrieved from NIR- and SWIR-based algorithms as a function
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of simulated Rrs(469). The Min, Q1, Median, Q3 and Max are from boxplot
analysis. Plot (a) shows the overall variations of absolute percentage error across
the whole range of simulated Rrs(469), while plot (b) is zoomed in to illustrate the
determination of switching threshold of simulated Rrs(469) for NIR-SWIR
algorithm.
The atmospheric correction performance obtained by NIR- and SWIR-based
algorithms for Rrs(555), are shown in Figure 8.3. The Rrs(555) values estimated by
NIR- and SWIR-based algorithms were highly correlated with the simulated Rrs(555)
with a correlation coefficient of 0.98 and 0.99, and a MAPE of 5.17% and 6.30%,
respectively. However, NIR-based algorithm tended to produce biased estimations
for large Rrs(555) values with a slope of 1.09 for the regression line between
estimated vs. simulates Rrs(555) values. Moreover, NIR-based algorithm produced
some obviously underestimations for some high values, or even atmospheric
correction failures especially for Rrs(555)>0.04 sr-1. Whereas, SWIR-based
algorithm could still perform well for high Rrs(555) with most points of estimated
vs. simulated Rrs(555) lied densely along the 1:1 line, though some points could be
observed scattering sparsely and deviating from 1:1 line.
The atmospheric correction performance of NIR- and SWIR-based algorithms were
also clearly shown by variations of APE of Rrs(555) from these two methods (Figure
8.4). The APE of Rrs(555) from SWIR-based algorithm first reduced sharply from
up to about 150% at 0.002 sr-1 to 25% at 0.01 sr-1, and continued to reduce steadily
after that until it turned stable. By contrast, the APE of Rrs(555) from NIR-based
algorithm increased gradually from within 10% at 0.002 sr-1 to up to 60% at 0.035
sr-1, and raised rapidly to over 200%. The Q1, median, Q3 and maximum of APE
of Rrs(555) from NIR-based algorithm turned larger than those from SWIR-based
algorithm at 0.016, 0.015, 0.014 and 0.013 sr-1, respectively. Therefore, the
switching threshold of Rrs(555) for NIR-SWIR algorithm was set to 0.016 sr-1.
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Figure 8.3 Scatterplots of estimated vs. simulated remote sensing reflectance at
555, Rrs(555), retrieved from near infrared (NIR)-based (a) and shortwave infrared
(SWIR)-based (b) methods. The dash line is 1:1 line, and the solid is regression
line, and the numbers along color ramp indicates the pixel density after log
transformation (y=ln(x)).

Figure 8.4 Absolute percentage error of estimated remote sensing reflectance
centered at 555 nm, Rrs(555), retrieved from NIR- and SWIR-based algorithms as
a function of simulated Rrs(555). The Min, Q1, Median, Q3 and Max are from
boxplot analysis. Plot (a) shows the overall variations of absolute percentage error
across the whole range of simulated Rrs(555), while plot (b) is zoomed in to
illustrate the determination of switching threshold of simulated Rrs(555) for NIRSWIR algorithm.
Figure 8.5 and 8.6 illustrate and compare the atmospheric correction performance
of NIR- and SWIR-based algorithms for Rrs(645). Similar to Rrs(469) and Rrs(555),
NIR-based algorithm performed well for low Rrs(645) values (Figure 8.5), while
SWIR-based algorithm produced some obvious overestimations for Rrs(645)<0.01
114

sr-1 (Figure 8.6). However, overestimations were observed for NIR-based algorithm
as Rrs(645) continued to increase before substantial underestimations occurred at
about 0.035 sr-1. SWIR-based algorithm performed well for medium to high Rrs(645)
values with the scatters of estimated vs. simulate Rrs(645) lying closely along the
1:1 line, and a regression line of y = 0.99x + 0.0001. The performances of these
two methods for Rrs(645) were also clearly demonstrated by the variations of APE
of Rrs(645) (Figure 8.6). The APE of Rrs(645) retrieved from SWIR-based algorithm
decreased rapidly from over 200% at 0.002 sr-1 to less than 20% at 0.01 sr-1 and 10%
at 0.03 sr-1, while those from NIR-based algorithm increased gradually. The Q1,
median, Q3 and maximum of APE of Rrs(645) retrieved from NIR-based algorithm
exceeded those of SWIR-based algorithm at 0.007, 0.007, 0.008 and 0.009 sr-1,
respectively. Therefore, the switching threshold of Rrs(645) for NIR-SWIR method
was set to 0.009 sr-1.

.
Figure 8.5 Scatterplot of estimated vs. simulated remote sensing reflectance at
645, Rrs(645), retrieved from near infrared (NIR)-based (a) and shortwave infrared
(SWIR)-based (b) methods. The dash line is 1:1 line, and the solid is regression
line, and the numbers along color ramp indicates the pixel density after log
transformation (y=ln(x)).
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Figure 8.6 Absolute percentage error of estimated remote sensing reflectance
centered at 645 nm, Rrs(645), retrieved from NIR- and SWIR-based algorithms as
a function of simulated Rrs(645). The Min, Q1, Median, Q3 and Max are from
boxplot analysis. Plot (a) shows the overall variations of absolute percentage error
across the whole range of simulated Rrs(645), while plot (b) is zoomed in to
illustrate the determination of switching threshold of simulated Rrs(645) for NIRSWIR algorithm.
Similar to the atmospheric correction performances of NIR- and SWIR-based
algorithms for the abovementioned three bands, NIR- and SWIR-based algorithm
outperformed for low and high Rrs(859) values (Figure 8.7 and 8.8). Whereas, both
methods seemed to produce larger estimation error than other three bands with a
MAPE of 54.87% and 109.33% for NIR- and SWIR-based algorithms, respectively.
Especially, NIR-based algorithm produced serious overestimations for high Rrs(859)
values and always failed for Rrs(859)>0.004 sr-1 (Figure 8.7a), while SWIR-based
algorithm produced noisy patterns for low Rrs(859) values (Figure 8.7b). With the
increase of Rrs(859), the APE of Rrs(859) estimated from SWIR-based algorithm
dropped quickly from over 1600% at 0.0001 sr-1 to within 200% at 0.0006 sr-1,
while that from NIR-based algorithm showed opposite scenario. The Q1, median,
Q3 and maximum of APE of Rrs(859) from SWIR-based algorithm turned smaller
than those from NIR-based algorithm at 0.0005, 0.0005, 0.0006 and 0.0006 sr-1,
respectively. Therefore, the switching threshold of Rrs(859) for NIR-SWIR method
was set to 0.0006 sr-1.
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Figure 8.7 Scatterplot of estimated vs. simulated remote sensing reflectance at
859, Rrs(859), retrieved from near infrared (NIR)-based (a) and shortwave infrared
(SWIR)-based (b) methods. The dash line is 1:1 line, and the solid is regression
line, and the numbers along color ramp indicates pixel density after log
transformation (y=ln(x)).

Figure 8.8 Absolute percentage error of estimated remote sensing reflectance
centered at 859 nm, Rrs(859), retrieved from NIR- and SWIR-based algorithms as
a function of simulated Rrs(859). The Min, Q1, Median, Q3 and Max are from
boxplot analysis. Plot (a) shows the overall variations of absolute percentage error
across the whole range of simulated Rrs(859), while plot (b) is zoomed in to
illustrate the determination of switching threshold of simulated Rrs(859) for NIRSWIR method.
The classification errors based on the four MODIS land bands caused by
atmospheric correction uncertainties are given in Table 8.1. Overall, switching
NIR-based to SWIR-based algorithm based on the Rrs retrieved from SWIR-based
algorithm held lower classification error than that from NIR-based algorithm.
Moreover, NIR-based algorithm produced more atmospheric correction failure
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(3.19%) than SWIR-based algorithm (0.54%). The Rrs(555) retrieved from SWIRbased algorithm with a threshold of 0.016 sr-1 produced the lowest overall
classification error (3.06%), followed by Rrs(645) from SWIR-based algorithm with
a threshold of 0.009 sr-1 (3.39%). The overall classification errors based on Rrs(859)
were the highest with a sum of 23.08% and 19.54%, respectively, for Rrs(859) from
NIR- and SWIR-based algorithm. Rrs(469) with a threshold of 0.009 sr-1 produced
the second worst classification performance with a sum of 13.74% and 6.83%,
respectively, for NIR- and SWIR-based algorithm. In addition, larger classification
error was observed for NIR-based group than SWIR-based group.
Table 8.1 Classification error caused by the estimation uncertainties of remote
sensing reflectance from NIR-based and SWIR-based algorithms.
Band

Threshold

(nm)

(sr-1)

469

0.009

555

645

859

a.

0.016

0.009

0.0006

Methods

NIR

SWIR

Failure

Sum

NIR

(%) a
8.92

(%) b
1.63

(%) c
3.19

(%)
13.74

SWIR

3.53

2.76

0.54

6.83

NIR

2.87

1.68

3.19

7.74

SWIR

1.45

1.07

0.54

3.06

NIR

3.20

1.09

3.19

7.48

SWIR

1.61

1.24

0.54

3.39

NIR

18.30

1.59

3.19

23.08

SWIR

12.20

6.80

0.54

19.54

indicates samples misclassified as SWIR-based group, b. indicates samples

misclassified as NIR-based group, and c. indicates classification error due to
atmospheric correction failure.

8.5.2 Effectiveness of switching thresholds evaluation
Figure 8.9 shows the atmospheric correction performance of NIR- and SWIR-based
algorithms for the Rrs of simulated dataset at ten MODIS visible bands, and Figure
8.10 a-d illustrates and compares the performance of NIR-SWIR algorithm based
on the band at 469, 555, 645 and 859 nm, respectively. The estimated Rrs values
from SWIR-based algorithm were more highly correlated with simulated Rrs values
(r = 0.98) compared with those from NIR-based algorithm (r = 0.89), though with
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similar MAPE (16.37% and 16.65%, respectively, for NIR- and SWIR-based
algorithm). Moreover, SWIR-based algorithm clearly outperformed NIR-based
algorithm for medium to high Rrs values. Large uncertainties were observed for the
estimated Rrs by NIR-based algorithm with obvious overestimations for a few
samples and underestimations for Rrs > 0.04 sr-1. Compared with NIR- and SWIRbased algorithm, the NIR-SWIR algorithm switching using either one of the four
bands showed some improvements. The Rrs(645) with a threshold of 0.009 sr-1
worked best for NIR-SWIR algorithm with a MAPE of 10.18% and a regression
line of y = 0.99x + 0.0004, which is followed by Rrs(555) with a threshold of
0.016 sr-1, a MAPE of 10.75% and a regression of y = 0.98x + 0.0004 . The
Rrs(859) with a threshold of 0.0006 sr-1 and the Rrs(469) with a threshold of 0.009
sr-1 produced worse performance with a MAPE of 12.46% and 13.64%, respectively.

Figure 8.9 Scatterplots of estimated vs. simulated remote sensing reflectance of
ten visible bands ranging from 412 to 678 nm retrieved from near infrared (NIR)based (a) and shortwave infrared (SWIR)-based (b) algorithm. The dash line is 1:1
line, and the solid is regression line, and the numbers along the color ramp
indicates pixel density after log transformation (y=ln(x)).
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Figure 8.10 Scatterplots of estimated vs. simulated remote sensing reflectance of
ten visible bands ranging from 412 to 678 nm retrieved from NIR-SWIR
algorithm using a switching threshold of 0.009, 0.016, 0.009 and 0.0006 sr-1 for
remote sensing reflectance at 469 (a) 555 (b), 645 (c) and 859 (d) nm,
respectively. The dash line is 1:1 line, and the solid is regression line, and the
numbers along color ramp indicates pixel density after log transformation
(y=ln(x)).
The retrieval accuracies of Rrs at seven visible bands obtained by NIR- and SWIRbased algorithm for the matchups of Aqua MODIS images and AERONET-OC
observations are shown in Figure 8.11, and Figure 8.12 shows the atmospheric
correction performances of NIR-SWIR algorithm switching based on the Rrs at 469,
555, 645 and 859 nm. NIR-based algorithm performed well with a correlation
coefficient between estimated vs. measured Rrs of 0.95, a MAPE of 35.38% and a
regression line of y = 0.91x + 0.0000, and it was obviously better than SWIRbased algorithm with a correlation coefficient of 0.88, a MAPE of 62.85% and a
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regression line of y = 0.85x + 0.0006. For NIR-SWIR algorithm, the Rrs(645) with
a threshold of 0.009 sr-1 outperformed the other three bands with a correlation
coefficient of 0.95 and a MAPE of 35.38%, which was close to the performance
obtained by Rrs(555) with threshold = 0.016 sr-1, correlation coefficient = 0.95 and
MAPE = 35.39%. Whereas, worse performance was obtained by Rrs(469) with
threshold = 0.009 sr-1, correlation coefficient = 0.95 and MAPE = 37.39% and
Rrs(859) with threshold = 0.0006 sr-1, correlation coefficient = 0.92 and MAPE =
39.17%.

Figure 8.11 Scatterplots of estimated vs. measured remote sensing reflectance
(Rrs) at 412, 443, 488, 531, 547, 555 and 667 nm retrieved from near infrared
(NIR)-based (a) and shortwave infrared (SWIR)-based (b) algorithm for matchups
of Aqua MODIS satellite images and AERONET-OC observations. The dash line
is 1:1 line, and the solid is regression line, and the numbers along color ramp
indicates pixel density after log transformation (y=ln(x)).
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Figure 8.12 Scatterplots of estimated vs. measured remote sensing reflectance
(Rrs) at 412, 443, 488, 531, 547, 555 and 667 nm retrieved from NIR-SWIR
method using a switching threshold of 0.009, 0.016, 0.009 and 0.0006 sr-1 for
remote sensing reflectance centered at 469 (a), 555 (b), 645 (c) and 859 (d) nm,
respectively. The dash line is 1:1 line, and the solid is regression line, and the
numbers along color ramp indicates pixel density after log transformation
(y=ln(x)).
The atmospheric correction performances obtained by NIR-based, SWIR-based,
NIR-SWIR switching based on Rrs(645) and NIR-SWIR algorithm in SeaDAS were
compared in Figure 8.12 by showing Rrs(645) derived from Aqua MODIS image on
January 18 2010 over East China Sea. The NIR-based algorithm failed or obviously
underestimated Rrs(645) over extremely turbid waters (Figure 8.12a), while SWIRbased algorithm successfully retrieved Rrs(645) values, which clearly revealed
estuarine and coastal turbid plumes (Figure 8.12b). However, they produced similar
patterns over clear to moderately turbid waters. NIR-SWIR switching based on
Rrs(645) produced smooth transitions from clear to turbid waters. Comparatively,
NIR-SWIR algorithm adopted in SeaDAS rarely increased data coverage except in
Hangzhou Bay, and it also resulted in patchy appearance over some waters (Figure
12d).
Figure 8.14 illustrates and compares the NIR-SWIR algorithm switching based on
Rrs(469), Rrs(555), Rrs(645) and Rrs(859). Using Rrs(469) with a threshold of 0.009
sr-1 or Rrs(859) with a threshold of 0.0006 sr-1 as the switching scheme, most of the
area was identified as SWIR-based group (Figure 8.13a and d). Moreover, Rrs(859)
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produced noisy and patchy results over some waters. There result from SWIR-based
algorithm selected by Rrs(645) with a threshold of 0.009 sr-1 was consistent with the
turbid plume shown in Figure 8.12b, while Rrs(555) with a threshold of 0.016 sr-1
selected a larger spatial extent as SWIR-based algorithm.
Figure 8.15 shows the Rrs(645) values along the line in Figure 8.13 derived from
NIR-based, SWIR-based and NIR-SWIR algorithm switching based on four bands.
NIR-based algorithm failed or obviously underestimated Rrs(645) values beyond
0.03 sr-1. The NIR- and SWIR-based algorithm retrieved similar Rrs(645) values
within 0.005-0.03 sr-1, whereas, Rrs(645) values from SWIR-based algorithm were
obviously larger than those from NIR-based algorithm. NIR-SWIR based on either
of the four bands successfully selected SWIR-based algorithm for high Rrs(645)
values. Morever, the Rrs(555) with a threshold of 0.016 sr-1 and Rrs(645) with a
threshold of 0.009 sr-1 successfully switched SWIR-based to NIR-based algorithm
for the waters with low Rrs(645) values. However, the Rrs(469) values with a
threshold of 0.009 sr-1 failed to identify NIR-based algorithm for clear waters, and
Rrs(859) with a threshold of 0.0006 sr-1 selected NIR- and SWIR-based algorithm
alternately.
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Figure 8.13 Remote sensing reflectance of MODIS band at 645 nm, Rrs(645), in
East China Sea on 18-Jan-2010 derived from NIR-based algorithm (a), SWIRbased algorithm (b), NIR-SWIR algorithm switching based on Rrs(645) (c), and
NIR-SWIR algorithm in SeaDAS (d).
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Figure 8.14 Atmospheric correction algorithm selection based on Rrs(469) (a),
Rrs(555) (b), Rrs(645) (c) and Rrs(859) (d) with a threshold of 0.009, 0.016, 0.009
and 0.0006 sr-1, respectively. The red and blue curves indicate SWIR-based and
NIR-based algorithm, respectively.

Figure 8.15 Remote sensing reflectance centered at 645 nm, Rrs(645), along the
line in Figure 8.13.

8.6 Summary
A framework was set up to determine the switching scheme for NIR-SWIR
algorithm. A switching threshold of 0.009, 0.016, 0.009 and 0.0006 sr-1 was
identified, respectively, for Rrs(469), Rrs(555), Rrs(645) and Rrs(859). However,
Rrs(469) tended to select SWIR-based algorithm wrongly for clear waters, while the
NIR-SWIR switching based on Rrs(859) tended to produce patchy patterns. By
contrast, the NIR-SWIR switching based on Rrs(555) with a threshold of 0.016 sr-1
and Rrs(645) with a threshold of 0.009 sr-1 produced reasonable performance for
satellite and in situ matchups and smooth transitions for Aqua MODIS image over
the contrasted East China Sea near Yangtze River estuary.
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Chapter 9 Discussion
9.1 Major findings and comparison with other studies
9.1.1 Atmospheric correction performance evaluation and comparison
9.1.1.1 Data used for atmospheric correction performance evaluation
Ideally, a large diverse in situ Rrs dataset measured synchronously with satellite
observations are required to evaluate atmospheric correction performance. For
example, AERONET-OC stations have been set up at over 20 coastal areas
worldwide (Zibordi et al. 2009). The in situ Rrs and aerosol properties derived from
AERONET-OC observations have been used to validate atmospheric correction
algorithms in many studies (Fan et al. 2017; Kotchenova et al. 2006; Wang and Shi
2007). However, few AERONET-OC stations are deployed over turbid waters. For
example, the advantage of SWIR-based algorithm over turbid waters has been
proven (Shi and Wang 2009; Vanhellemont and Ruddick 2015), however, its
advantage cannot be appropriately demonstrated the AEROENT-OC dataset
(Goyens et al. 2013c; Wang et al. 2009; Werdell et al. 2010). A dataset covering
clear to turbid waters is still not openly available.
This study employed in situ Rrs measurements in the Pearl River Estuary to validate
atmospheric correction algorithms for Sentinel-3 OLCI. The Pearl River Estuary
was selected because of its contrasted water environment. The waters inside the
estuary are turbid and turned clear gradually towards the open ocean. However, due
to limited resources and weather conditions, the Rrs of extremely turbid waters are
not successfully obtained. The matchups of Sentinel-3 images and in situ Rrs
measurements mainly over clear to moderately turbid waters.
Therefore, this study used the simulated dataset to evaluate atmospheric correction
performance. Because it is composed of a wide range of AOPs derived from diverse
inherent optical properties. In addition, the simulated Rrs data do not include the
contributions from sun glints and white caps. Thus, the atmospheric correction error
of simulated Rrs is solely due to the artifacts of atmospheric correction algorithm
and simulated sensor noise. Although the simulated dataset only provides AOPs of
350-900 nm, the Rrs of longer wavelengths are estimated with provided IOPs and
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AOPs. On the contrary, the in situ measured Rrs at NIR to SWIR spectral regions
can hardly be measured accurately.
Besides, atmospheric correction algorithms were tested using Sentinel-3 OLCI and
SLSTR images sensed over the East China Sea and the Yellow Sea. This area was
selected for their waters have high spatial variations. The Yangtze River Estuary
and Hangzhou Bay have the most extremely turbid natural waters (Feng et al. 2014;
He et al. 2013). Moreover, the western Yellow Sea is extremely turbid due to
resuspensions driven by sea currents (Yuan et al. 2008; Yuan et al. 2009). The
waters turn clear gradually towards the open ocean as turbid waters are diluted
during transportation. Therefore, The East China Sea and the Yellow Sea are idea
areas to evaluate atmospheric correction performance (Aurin et al. 2013; Shi and
Wang 2009; Wang and Shi 2006; Wang et al. 2012; Wang et al. 2007).
9.1.1.2 Atmospheric correction performance comparison
Although some atmospheric correction algorithms are independent on black pixel
assumption, such as algorithm using ANN (Fan et al. 2017; Schiller and Doerffer
1999; Schroeder et al. 2003) and spectral optimization algorithm (Chomko and
Gordon 2001), this study was only focused on ocean color atmospheric correction
algorithms based on black pixel assumption. A total of four atmospheric correction
algorithm were explored in this study: (1) standard NIR-based algorithm, (2)
MUMM algorithm, (3) ANN-NIR algorithm, and (4) SWIR-based algorithm. The
former three algorithms are based on two NIR bands, and their differences are
applying different methods to estimate NIR water-leaving reflectance. Atmospheric
corrections using the former two algorithms are carried out in SeaDAS, while the
last two algorithms are elaborated and implemented in this study.
Over moderately to extremely turbid waters, ANN-NIR algorithm and SWIR-based
algorithm performed obviously better than he NIR-based algorithm. The
advantages of the former two atmospheric correction algorithms are apparently
demonstrated by their applications to synthetic Rayleigh-corrected reflectance
dataset and Sentinel-3 images sensed over the East China Sea and the Yellow Sea.
The main reason for their better performance should be that the black pixel
assumption is valid at the two spectral bands, which are applied to infer aerosol
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properties. Whereas, the nonzero NIR water-leaving reflectance is properly
corrected using an ANN model to ensure a valid black pixel assumption, while the
assumption is generally valid due to strong water absorptions at SWIR bands.
Some machine learning techniques, such as partial least square regression, random
forests and support vector machine, have been applied in ocean color remote
sensing (Fan et al. 2017; Hu et al. 2018; Kim et al. 2014; Kwiatkowska and Fargion
2003; Schroeder et al. 2007; Schroeder et al. 2003). This study only applied ANN
to address the problem of nonzero NIR water-leaving reflectance for ocean color
atmospheric correction, considering its successful applications in ocean color
atmospheric correction demonstrated in literature (Fan et al. 2017; Schroeder et al.
2003). Moreover, ANN model’s complexity and fitting capability can be adapted
by altering the number of hidden layers and neurons composing each layer
according to the problem to be solved (Mas and Flores 2008).
However, ANN-NIR algorithm is still slightly inferior to standard NIR-based
algorithm for moderately turbid waters, which could be seen from the validations
using in situ measurements. The atmospheric correction errors from ANN-NIR
algorithm should be partially due to estimation uncertainties in NIR water-leaving
reflectance obtained by ANN model. The modeling and application performance of
ANN model seems to be high from the results demonstrated in Figure 5.2 and 5.3.
However, a small fraction of estimation error in NIR water-leaving reflectance may
result in a non-negligible proportional error in NIR aerosol reflectance, thus leading
to inappropriate aerosol model selections.
The SWIR-based algorithm also has its problems for the atmospheric corrections of
Sentinel-3 images. For example, the water-leaving reflectance at 1020 nm over
extremely turbid waters can be non-negligible, which renders the black pixel
assumption invalid. The black pixel assumption is always valid irrespective the
water turbidity for the bands of 1613 and 2256 nm. However, these two SLSTR
SWIR bands are not originally intended for ocean color applications, and their
SNRs cannot fulfill the minimum SNR requirement for atmospheric correction. As
a result, the SWIR-based algorithm using 1613 and/or 2256 would introduce extra
noises to visible bands.
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The findings of the SWIR-based algorithm for Sentinel-3 are similar to those for
MODIS (Goyens et al. 2013c; Wang and Shi 2012; Wang et al. 2012; Wang et al.
2009; Werdell et al. 2010). The normalized water-leaving radiance at MODIS
SWIR band of 1240 nm can also be nonzero over extremely turbid waters like
Hangzhou Bay (Shi and Wang 2009), while the other two SWIR bands of 1640 and
2130 can be generally assumed to be black. Because the SWIR band of 1640 nm do
not function well and its image is contaminated by black strips. Therefore, the two
SWIR bands of 1240 and 2130 nm are generally used for atmospheric corrections
of MODIS images over turbid waters. In addition, the atmospheric correction
performance of MODIS images using these two SWIR bands are also undermined
by low radiometric performance (Wang and Shi 2012; Wang et al. 2009).
Compared with MODIS, all of the three SWIR bands of Sentinel-3 OLCI and
SLSTR perform well. More importantly, the OLCI SWIR band at 1020 nm has a
relative high SNR value (151±33), which can meet the minimum SNR requirement
for atmospheric correction (Wang and Gordon 2018). This study indicates that even
with one high radiometric performance SWIR band, the SWIR-based algorithm can
produce obviously improved atmospheric correction results. This statement can be
clearly supported by the better results obtained by SWIR-based algorithm using
bands of 1020 and 1613 nm as well as bands of 1020 and 2256 nm (Figure 6.1, 6.3,
6.3 and 6.8). In addition, the noises in SLSTR SWIR bands of 1613 and 2256 nm
can be reduced through smoothing (Wang and Shi 2012). Therefore, the
atmospheric correction performance of SWIR-based algorithm may be improved
further if sensor noises are reduced.
This study compared SWIR-based algorithm with SWIRE algorithm, and found that
the latter algorithm did not perform as well as the former one. This might be
explained by the two following three reasons: (1) the aerosol reflectance at three
SWIR bands may not be well fitted by the exponential function; (2) the exponential
aerosol extrapolation method deduced from single scattering approximation could
result in some uncertainties; and (3) non-negligible water-leaving reflectance at
1020 nm might account for the underestimations for high Rrs. However, as was
demonstrated by He and Chen (2014), SWIRE algorithm may work well when
abovementioned three aspects were valid.
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Over clear to moderately turbid waters, the standard NIR-based algorithm
obviously outperforms SWIR-based algorithm. Validation results using both in situ
datasets collected in the Pearl River Estuary and from the AEROENT-OC stations
can support this statement. In addition, former studies show that the NIR-based
algorithm works well over clear to moderately turbid waters (Bailey and Werdell
2006). This can be explained by that the parameters of bio-optical model are tuned
using the NOMAD dataset and the NOMAD dataset contains samples collected
both within open ocean and coastal waters worldwide (Werdell and Bailey 2005).
Open Ocean and moderately turbid waters account for most part of the Ocean on
the planet, which may be the reason why this NIR-based algorithm is adopted as
the standard method to generate operational ocean color products by NASA OBCG.
This study confirmed the inappropriateness of standard NIR-based algorithm for
highly turbid waters, and the main reason is that it adopts a chlorophyll-a-centered
bio-optical model to account for non-negligible water-leaving reflectance (Stumpf
et al. 2003). Therefore, it is only suitable for waters with optical properties
dominated by chlorophyll-a. However, suspended particulate matters and colored
dissolved organic matters do not co-vary with chlorophyll-a in case-2 waters, the
remote sensing reflectance of which may be significantly affected by the scattering
and absorption of suspended particulate matters and colored dissolved organic
matters (Kutser et al. 2016; Liu et al. 2017). Moreover, the chlorophyll-a
concentration used in bio-optical model is estimated using the ratio of blue to green
bands (Hu et al. 2012b; O’Reilly et al. 2000), which may be biased for turbid waters
(Morel and Bélanger 2006).
In addition, the standard NIR-based algorithm failed to produce valid Rrs over
extremely turbid waters. In the bio-optical model, 𝑟𝑟𝑠 is expressed as a linear
expression of the ratio of total backscattering coefficient to the sum of total
backscattering coefficient and absorption coefficient, and 𝑏𝑏𝑝 (670) is calculated
using the second equation:
𝑟𝑟𝑠 (𝜆) = 𝐺(𝜆) ×

𝑏𝑏 (𝜆)
,
𝑎(𝜆) + 𝑏𝑏 (𝜆)

𝑟𝑟𝑠 (670)
𝑏𝑏𝑝 (670) =
× 𝑎(670) − 𝑏𝑏𝑤 (670),
𝐺(670) − 𝑟𝑟𝑠 (670)
{
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where 𝐺(𝜆) is the bidirectional parameter from the lookup tables generated by
Morel et al. (2002). Although 𝐺(𝜆) values stored in the lookup tables vary from a
minimum of 0.0784 to a maximum of 0.3272, most 𝐺(𝜆) values are around 0.1.
Assuming a 𝐺(𝜆) value of 0.1, a negative 𝑏𝑏𝑝 (670) value would be obtained if the
𝑟𝑟𝑠 (670) exceeds the 𝐺(𝜆) value.
Compared with standard NIR-based algorithm, MUMM algorithm produce
reasonable results from clear to moderately turbid waters, and it does not fail even
for extremely turbid waters. However, Rrs(674) distribution generated from
MUMM algorithm shows some patchy patterns over extremely turbid waters in the
western Yellow Sea, and Rrs(674) values of extremely turbid waters are relatively
underestimated. The worse performance obtained by MUMM algorithm could be
due to that the two assumptions are not valid for the areas to be applied:
homogeneous aerosol properties and the similarity NIR water-leaving reflectance
(Goyens et al. 2013b; Ruddick et al. 2006). The similarity is reported to be valid for
waters with SPM concentration ranging from about 0.3 to 200 g mg-3(Ruddick et al.
2006). However, waters may be more turbid than the reported range of SPM
concentration up to 5000 g m-3 (He et al. 2013). Moreover, the Rrs variations of NIR
and SWIR spectral bands (Figure 4.5) can support the invalidity of similarity
spectrum. Goyens et al. (2013b) also reported the inferiority of MUMM algorithm
to standard NIR-based algorithm, and they attributed the reason to invalid spatial
homogeneity in aerosol properties.

9.1.2 Effectiveness of the turbidity index
This study found that turbidity index of aerosol reflectance might obviously deviate
from one. The magnitude of turbidity index varies depending on fine-mode fraction,
AOT, relative humidity and observing geometries, with fine-mode fraction being a
main factor. These properties determine the magnitude and shape of aerosol
reflectance, thus determine the fitness of exponential function to the spectral
multiple-scattering epsilon and turbidity index. Fine-mode fraction is closely
associated with aerosol physical and optical properties, such as aerosol particle size
and refraction index (Ahmad et al. 2010), which can directly affect the spectral
shape of aerosol reflectance.
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The effects of AOT on turbidity index were mainly observed for small AOT values.
This is because of that AOT can affect multiple-scattering intensity, which is
reflected by single-scattering to multiple-scattering reflectance coefficients (Wang
2007). When AOT increases to a certain extent, multiple-scattering intensity turns
stable, and the spectral shape of aerosol reflectance will not change much (Figure
5). On the contrary, obvious effect of relative humidity on turbidity index was only
observed at large relative humidity, which can be explained by that aerosol particle,
with high relative humidity, would turn larger through absorbing water content in
air (Ahmad et al. 2010; Gordon 1997). Meanwhile, aerosol refraction index also
turns closer to pure water.
This study indicated that no distinct threshold for turbidity index worked well to
discriminate turbid waters from clear ones (Figure 7.10). Although turbidity index
showed an increasing tendency with increasing water-leaving reflectance at 748 nm,
the frequency histograms of turbidity index with ρ𝑤 at 748 nm of zero, 0.0020,
0.0043 and 0.010 overlapped with varying extents. A ρ𝑤 value of 0.0043 at 748 nm
was used, because it is roughly equivalent to a normalized water-leaving radiance
of 0.08 mW cm−2 μm−1 sr −1 at 869 nm, which is used now as one of criteria for
NIR-SWIR switching scheme. The ρ𝑤 value of 0.0043 at 748 nm is calculated as:
𝜋 × 0.08 × 4.64⁄
95.83 × 2.83, in which 0.08, 4.64, 95.83 and 2.83 are normalized
water-leaving radiance, water absorption coefficient, solar irradiance at 869 nm,
and the water absorption coefficient at 748 nm, respectively. In this calculation, the
backscattering coefficient is assumed to be constant across the wavelength, and
non-water absorptions at NIR bands is omitted.
The results from satellite observations also demonstrated the variation of turbidity
index (Figure 7.12). Considering the low water-leaving reflectance at 748 nm from
satellite observations, waters should mainly be clear. Therefore, the frequency
histograms of turbidity index calculated with and without water-leaving reflectance
show similar patterns. Contrary to the frequency distributions of turbidity index for
simulated data with zero and low water-leaving reflectance, the frequency
histograms of turbidity index calculated from satellite observations are unimodal,
without the peak at smaller than one. Such a result might be due to the aerosol size
distributions with few extremely low or high fine-mode fractions, which tends to
132

produce low turbidity index (Figure 7.2). Both large negative and positive values
were observed for ρ𝑤 at 1240 and 2130 nm, which might be resulted from low SNR
values, because the maximum ρ𝑤 at 748 nm of 0.006 would only be roughly
equivalent to small ρ𝑤 values at 1240 and 2130 nm, i.e. 1.46 × 10−4 and 6.64 ×
10−6, respectively.
Turbidity index may be useful in some cases. For a specific aerosol reflectance, it
would increase monotonically with the ρ𝑤 at 748 nm. Practically, it is reasonable
to assume homogenous aerosols within a limited spatial extent (Feng and Hu 2017).
This is one of the basic assumptions on which the MUMM aglorithm is based
(Ruddick et al. 2006; Ruddick et al. 2000). Providing a spatially homogenous shape
of aerosol reflectance over a satellite imagery, turbidity index would only be
determined by ocean color contributions. However, the threshold should be
carefully tuned for each scene.
The aim of the turbidity index was to detect turbid waters before atmospheric
correction was carried out (Shi and Wang 2007; Wang and Shi 2007). However, the
incompetence of turbidity index would induce discontinuous ocean color products
(Aurin et al. 2013). More importantly, the misclassification of turbid and clear
waters would result in selecting inappropriate atmospheric correction methods
(Goyens et al. 2013c). To avoid this problem, Aurin et al. (2013) applied both NIRand SWIR-based algorithm to ocean color imagery, respectively, and then used a
Rrs value of 0.01 sr-1 at 645 nm as the merging threshold between these two methods.
Morel and Bélanger (2006) also developed a method to detect turbid waters where
standard chlorophyll-a retrieval algorithm produces biased estimations; however,
this method is not suitable for atmospheric correction. Therefore, more studies
should be done to develop an effective NIR-SWIR switching scheme.

9.1.3 Switching threshold determination for the NIR-SWIR algorithm
This study proposed a framework to identify switching threshold for NIR-SWIR
algorithm. Although the necessity of an effective switching scheme over turbid
waters has been emphasized in literature (Wang and Shi 2007; Werdell et al. 2010),
few details are provided on how the switching threshold was determined.
Theoretically, the atmospheric correction algorithm applied to a given satellite
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observation should be the one producing the highest accuracy. However, the
atmospheric correction accuracy for a given satellite observation without
synchronous in situ measurements is unknown. Therefore, the determination of
switching threshold is done empirically with knowledge of relative performance of
these two algorithms (Aurin et al. 2013; Wang and Shi 2007). For example, Wang
and Shi (2007) refined the turbidity index from 1.1 to 1.3 based on one scene of
Aqua MODIS image over U.S. east coast, because obvious difference of
chlorophyll-a products from these two algorithms was observed for turbidity
index>1.3.
Although satellite-synchronous in situ measurements is favorable to evaluate NIRand SWIR-based algorithms (Wang et al. 2009), a large diverse in situ and satellite
matchups covering clear to turbid waters is still not available. Therefore, this study
simulated a large Rayleigh-corrected reflectance dataset. The simulated ocean color
dataset was used because it consisted of a wide range of normalized water-leaving
reflectance derived from diverse inherent optical properties based on relationships
from measurements (Nechad et al. 2015). The aerosol lookup tables were used to
simulate aerosol reflectance because they contain a broad range of aerosol
properties from AERONET observations (Ahmad et al. 2010), and are currently
applied by NASA OBPG to operationally produce ocean color products. Although
the Rrs from AERONET-OC observations are mainly of clear to moderately turbid
waters, the matchups of Aqua MODIS images and AERONET-OC data were used
to evaluate the performance of switching schemes. Compared with the SWIR-based
algorithm, the NIR-based algorithm produced better performance for low Rrs but
similar performance for moderately high Rrs (Figure 8.12). An effective switching
scheme for the matchups should ensure the application of NIR-based algorithm to
clear waters. This is important considering over 90% ocean are dominated by clear
waters (Assessment 2005).
Absolute percentage error of remote sensing reflectance is used to gauge
atmospheric correction performance, because it is a dimensionless metric to
measure estimation deviation for each sample. A dimensionless metric is important
considering the large scale variation of remote sensing reflectance from below 10-4
to over 10-1 sr-1. On the contrary, other metrics, such as absolute error, mean
absolute error and root mean square error, tend to stress large values and omit small
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values; moreover, the latter two matter two metrics only give one error
measurement for a collection of samples. In addition, the idea of boxplot analysis
is used to analyze and compare the variation of absolute percentage error of Rrs,
because it depicts the distribution of absolute percentage error. The switching
threshold is set to an Rrs value where all of Q1, median, Q3 and maximum of
absolute percentage error of Rrs from SWIR-based algorithm are greater than that
from NIR-based algorithm. This criterion is adopted with the idea in mind that NIRbased algorithm still works well for moderately turbid waters and is favorable where
applicable. Whereas, the performance of SWIR-based algorithm is undermined by
low SNRs of SWIR bands (Shi and Wang 2007; Wang and Gordon 2018; Wang
and Shi 2012).
This study identifies a switching threshold for each MODIS land band, including
Rrs(469), Rrs(555), Rrs(645) and Rrs(859), for the NIR-SWIR atmospheric correction
algorithm. Only these four MODIS land bands are considered, because they do not
saturate even for highly turbid waters, thus ensure valid switching from NIR- to
SWIR-based algorithm for these waters. This study defines the switching threshold
as a value of Rrs. In literature, both normalized water-leaving radiance (nLw) and
Rrs are used as the switching scheme for the NIR-SWIR algorithm (Aurin et al. 2013;
Wang et al. 2009), they can actually be converted to each other with the formula:
𝑅rs = 𝑛𝐿𝑤⁄𝐹0 , where F0 is the extraterrestrial solar irradiance. The switching
threshold for Rrs(645) is set to 0.009 sr-1, which is similar to the value of 0.01 sr-1
adopted by Aurin et al. (2013). Whereas a switching threshold of 0.0006 sr-1 for
Rrs(859) is roughly equivalent to a nLw(869) of 0.05 mW cm-2 µm-1 sr-1, smaller
than the value (0.08 mW cm-2 µm-1 sr-1) adopted by Wang et al. (2009).
The effectiveness of a switching scheme mainly lies in two factors: (1) the
relationship between the index to be used for identifying turbid waters and the real
turbidity, and (2) retrieval performance of the index on which atmospheric
correction algorithm selection is based. Rrs(645) with a threshold of 0.009 sr-1 is
found to work the best, followed by Rrs(555) with a threshold of 0.016 sr-1. This can
be explained by that the magnitude of Rrs(645) is mainly determined by particulate
backscattering coefficient (Wu et al. 2011), and thus a good indicator for turbidity
and SPM concentration (Chen et al. 2007; Wu et al. 2013). Rrs(555) is also highly
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correlated with SPM concentration, and suggested to be used for low to medium
turbidity (Binding et al. 2005; Novoa et al. 2017). Moreover, green band is found
useful for identifying turbid waters where standard chlorophyll-a retrieval
algorithm produces biased estimations (Morel and Bélanger 2006). Because the
NIR-based algorithm accounts for NIR water-leaving reflectance based on
chlorophyll-a concentration, biased chlorophyll-a estimation would also introduced
uncertainties to atmospheric correction. Moreover, the better performance of
Rrs(555) and Rrs(645) may be partially explained by their lower switching errors
(Table 8.1), because they have higher estimation accuracy.
This study indicates that Rrs(469) and Rrs(859) do not work well for NIR-SWIR.
The poor performance obtained by Rrs(469) might be due to the complex
relationship between it and Rrs at NIR bands. For examples, Rrs at blue and NIR
bands show opposite trends for chlorophyll-dominant waters (Mobley et al. 2016);
while increasing tendency is observed for both spectral bands with SPM
concentration for SPM-dominant waters (Liu et al. 2017). Therefore, Rrs(469)
should not be an effective indicator of the magnitude of Rrs at NIR bands. Rrs(859)
should be closely correlated with Rrs(748) and Rrs(869), because the dominant
optical parameters affecting Rrs at NIR spectral region are backscattering coefficient
and pure water absorption (Lee et al. 2002). However, high retrieval uncertainties
and noisy patterns are observed in Rrs(859) because of low SNRs of the band of 859
nm and the two SWIR bands, which may seriously affect its effectiveness.
The failure of the currently applied switching scheme by SeaDAS can also be
explained by the abovementioned two factors. First, chlorophyll-a concentration
retrieval algorithm applied in the standard NIR-based algorithm is fitted from clear
to moderately turbid waters, which is not suitable or even failed for highly turbid
waters. Second, the performance of nLw(869) are prone to retrieval uncertainties,
atmospheric correction failure or even saturation over turbid waters. In addition, the
turbidity index do not always work well in indicating the magnitude of Rrs at NIR
bands (Werdell et al. 2010), and its value also varies much with aerosol properties,
relative humidity and observing geometries. The turbidity index is proposed to
discriminate turbid from clear waters before any atmospheric correction is carried
out, thus improved computation efficiency. However, turbidity index values always
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exceed the threshold of 1.05 in coastal waters (Werdell et al. 2010), and similar
phenomenon is observed in the East China Sea and the Yellow Sea.

9.2 Factors affecting the atmospheric correction performance
9.2.1 Black pixel assumption
The validity of black pixel assumption is a precondition for atmospheric correction
algorithm like Gordon and Wang (1994b); (Siegel et al. 2000). Only when the NIR
water-leaving reflectance is negligible, the NIR Rayleigh-corrected reflectance is
equivalent to multiple scattering aerosol reflectance. Therefore, many efforts have
been devoted to correct the non-negligible NIR water-leaving reflectance (Bailey
and Werdell 2006; Goyens et al. 2013a, b; Ruddick et al. 2006; Stumpf et al. 2003).
In SWIR-based algorithm implemented by NASA OBCG, the water-leaving
reflectance values at SWIR bands are always assumed to be zero. However, the
black pixel assumption may turn invalid at the MODIS SWIR band of 1240 nm and
the OLCI SWIR band of 1020 nm over extremely turbid waters.
It is clear that aerosol reflectance estimation errors at NIR/SWIR bands will be
transferred to the estimated aerosol reflectance at visible bands, and thus lead to
biased Rrs estimations. For example, underestimating NIR water-leaving reflectance
would result in overestimations of NIR aerosol reflectance, which leads to
underestimating Rrs values at visible bands. As for the SWIR-based algorithm,
ignoring the water-leaving reflectance at the SWIR band near 1000 nm also lead to
obviously underestimations of Rrs over extremely turbid waters.

9.2.2 Radiometric performance
The required radiometric performance of an ocean color sensor is high, which
indicates a high measurement accuracy for satellite-measured total radiance at the
TOA. The main reason for it is because that the water-leaving radiance is low, only
accounting for less than 10% TOA radiance. Supposing a water-leaving radiance of
10% TOA radiance, a requirement for a 5% maximum error in water-leaving
radiance means a maximum error of roughly 0.5% in the satellite-measured total
radiance (Mobley et al. 2016). Therefore, a tiny percent of uncertainties in the TOA
radiance may lead to significant uncertainties in the retrieval water-leaving radiance
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and Rrs. For example, the three visible MODIS bands of 469, 555 and 645 nm,
designed for land and atmospheric applications, have significantly low SNRs than
other visible bands for ocean color applications; therefore they are rarely used
except for some applications over turbid waters.
In addition to the direct influence of TOA radiance uncertainties on Rrs retrieval,
sensor noises in the NIR/SWIR bands also have adverse effects (Wang and Gordon
2018; Wang and Shi 2012). On one aspect, sensor noises lead to estimation
uncertainties in NIR/SWIR aerosol reflectance, which may fail to identify the right
aerosol models. One the other aspect, sensor noises in the NIR/SWIR bands are
transferred to the retrieved Rrs in the process of extrapolating NIR/SWIR aerosol
reflectance to the visible bands. Generally, the radiometric performance of NIR
bands designed for ocean color applications, such as that of MERIS, MODIS,
VIIRS and OLCI, meets the requirement of atmospheric correction (Hu et al. 2012a;
Wang and Gordon 2018). However, few sensors have more than two SWIR bands
with enough high radiometric sensitivity for ocean color atmospheric correction.

9.2.3 Aerosol models for lookup tables
The choice of aerosol models for generating aerosol LUTs is critical for ocean color
atmospheric correction (Ahmad et al. 2010). Because the algorithm developed by
Gordon and Wang (1994b) relies on the LUTs to extrapolate the NIR/SWIR aerosol
reflectance to visible bands. It implies that the spectral shape of derived aerosol
reflectance is either identical to the aerosol model or interpolated from nearest
aerosol models. Therefore, the derived aerosol reflectance spectrum is constrained
by the aerosol models. This means that the aerosol effects can only be accurately
corrected when the real aerosol properties are close to the aerosol models.
Ahmad et al. (2010) developed aerosol models based on AERONET observations
and generated aerosol LUTs for ocean color atmospheric corrections. By using the
aerosol LUTs, the average of retrieved aerosol optical thickness at 870 nm was
found closer to in situ measured value. The coastal aerosol models were derived
from three AERONET sites in Chesapeake Bay region. However, the aerosol
models obviously differ from observations from other AERONET sites (Gilerson
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et al. 2018; Pahlevan et al. 2017a), such as Venice and LISCO, which may result in
extra errors in the retrieved Rrs.

9.2.4 Wavelength
Here, the “wavelength” have two meanings: (1) the wavelengths of the two
NIR/SWIR bands used for aerosol properties identification and (2) the wavelength
of the band to be atmospherically corrected. On one aspect, larger wavelength
distance between the two NIR/SWIR bands implies larger dispersion of aerosol
reflectance between the two bands. Since the atmospheric correction algorithm
depends on the single-scattering epsilon to identify aerosol models, a large
dispersion of aerosol reflectance between the two bands has a better sensitivity in
deriving aerosol optical properties. Also, larger dispersion of aerosol reflectance is
more resistant to uncertainties due to sensor noise and inaccurate NIR water-leaving
reflectance estimation.
On the other aspect, the wavelength of the band to be atmospherically corrected
matters because the aerosol reflectance is extrapolated from the NIR/SWIR bands.
The aerosol reflectance is generally more accurately extrapolated for the shorter
wavelength distance than longer one. Therefore, the Rrs at longer visible bands
tended to be retrieved more accurately than relatively shorter bands. In addition, the
magnitude of Rrs at different wavelengths varies a lot. Large Rrs values are generally
retrieved with high absolute percentage error, because they are more resistant to
uncertainties resulted from atmospheric corrections. Rrs generally peaks at green to
red bands over turbid waters, and has low values at blue bands due to strong
absorptions of CDOM and SPM. As a result, higher retrieval accuracy is obtained
by green and red bands than blue bands.

9.3 Systematic responses to research objectives
9.3.1 Estimating NIR water-leaving reflectance using ANN
A key point of the atmospheric correction algorithm based on NIR bands is to
correct the nonzero NIR water-leaving reflectance. As is discussed above, the poor
performance or failure of the NIR-based algorithm over highly turbid water is due
to erroneous estimation of the NIR water-leaving reflectance obtained by the bio139

optical model. In this study, an algorithm called, ANN-NIR, is proposed, in which
ANN is applied to account for the NIR water-leaving reflectance.
An ANN model is trained to estimate NIR water-leaving reflectance from Rayleighcorrected reflectance. After correcting the NIR water-leaving reflectance, the
atmospheric correction procedure adopted by Gordon and Wang (1994b) can be
applied to remove aerosol interferences. Compared with the NIR-based algorithm,
ANN-NIR algorithm still works well over highly turbid waters. Unlike the MUMM
algorithm, ANN-NIR do not require assumptions of NIR similarity spectrum and
homogeneous aerosol properties.

9.3.2 SWIR-based atmospheric correction algorithm for Sentinel-3
OLCI
The water-leaving reflectances at SWIR bands are much smaller than NIR bands
because of strong pure water absorptions, and the black pixel assumption is
generally assumed to be valid. Therefore, another option to cope with nonzero NIR
water-leaving reflectance is to use two SWIR bands to substitute the two NIR bands.
The advantage of SWIR-based algorithm over turbid waters has been demonstrated
by its applications to MODIS and VIIRS images (Hlaing et al. 2013; Wang et al.
2007). The Sentinel-3 OLCI only has one SWIR band centered at 1020 nm.
Although SLSTR has another two SWIR bands centered at 1613 and 2256 nm,
respectively, NASA OBPG does not include them in their implementation in
SeaDAS.
The pure water absorption coefficients at the three SWIR bands are about 32, 745
and 2125 m-1, respectively, and they are one to three order of that of NIR bands (5
and 6 m-1, respectively, for bands of 779 and 865 nm). The black pixel assumption
at the three SWIR bands is generally valid except that the water-leaving reflectance
at the band of 1020 nm is prominent over extremely turbid waters. In this study, the
SWIR-based algorithm is adapted for atmospheric correction of Sentinel-3 OLCI
by coupling with OLCI and SLSTR images. The SWIR-based algorithm using
bands of 1020 and 1613 nm or bands of 1020 and 2256 nm works better than that
using 1613 and 2256 nm, except that the latter has obviously advantage over
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extremely turbid waters. This demonstrates the importance of validity of black pixel
assumption and high radiometric performance SWIR bands.

9.3.3 Effectiveness of turbidity index for NIR-SWIR algorithm
The NIR-based atmospheric correction algorithm generally produces acceptable
performance over clear open ocean to moderately turbid coastal waters (Bailey et
al. 2010), while the SWIR-based algorithm is more suitable for highly turbid waters
(Wang et al. 2007). Although, the SWIR-based algorithm is supposed to perform
equivalently well to the NIR-based algorithm providing two high radiometric
performance SWIR bands (Pahlevan et al. 2017a; Wang and Gordon 2018). Few
current ocean color sensors have SWIR bands that meet the minimum SNR
requirement (Wang and Gordon 2018). Sensor noises due to low radiometric
sensitivity in the SWIR bands significantly undermine the atmospheric correction
performance obtained by SWIR-based algorithm (Wang and Shi 2012). A practical
method is apply the NIR- and SWIR-based algorithm over clear and turbid waters,
respectively, which is called NIR-SWIR algorithm (Wang and Shi 2007). The
turbidity index is proposed to be used as an index for NIR-SWIR algorithm (Shi
and Wang 2007).
This study systematically evaluate the effectiveness of the turbidity index. The
effectiveness of turbidity index is tested in two aspects: (1) is the turbidity value
close to one over clear waters, and (2) is there an effective threshold to discriminate
turbid from water waters. The study shows that the effectiveness of turbidity index
is questionable. The turbidity index varies from 0.7 to 2.2 depending on aerosol size
distributions, aerosol optical thickness, relative humidity and observing geometries.
Moreover, no distinct threshold is found to discriminate turbid from clear waters.
Therefore, more effective switching scheme should be developed for the NIRSWIR algorithm.

9.3.4 Switching threshold determination for NIR-SWIR algorithm
This current switching scheme for the NIR-SWIR algorithm includes a turbidity
index of 1.05, a normalized water-leaving radiance at 869 nm of 0.08
mW cm−2 μm−1 sr −1 and a chlorophyll-a value of 1 mg/l, and it is adopted by the
NASA OBPG in SeaDAS platform (Wang et al. 2009). However, the current
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switching scheme is problematic due to the following three aspects: (1) the turbidity
index is not an effective index to evaluate water’s turbidity, (2) the MODIS band
of 869 saturates over extremely turbid waters, and (3) the chlorophyll-a retrieval
algorithm does not work well over turbid waters. Aurin et al. (2013) applies
Rrs(645)>0.01 sr-1 as the threshold to switch the NIR- to SWIR-based atmospheric
correction algorithm. However, few details are provided on how the threshold is
determined. Therefore, one main aim of this study is to put forward a framework to
determine the switching threshold for the NIR-SWIR algorithm.
Similar to the Aurin et al. (2013), the switching scheme is defined as a Rrs value at
a specific spectral band. The four MODIS land bands centered at 469, 555, 645 and
859 nm, respectively, are used as the potential candidates to select proper
atmospheric correction algorithm. The atmospheric correction performance of NIRand SWIR-based algorithm is evaluated and compared using a synthetic dataset of
100000 Rayleigh-corrected reflectance. The switching threshold for each MODIS
land band is determined as an Rrs value where SWIR-based algorithm performs
better than NIR-based algorithm. A switching threshold of 0.009, 0.016, 0.009 and
0.0006 sr-1 is determined, respectively, for Rrs(469), Rrs(555), Rrs(645) and Rrs(859).
However, Rrs(469) tends to select SWIR-based algorithm wrongly for clear waters,
while NIR-SWIR switching based on Rrs(859) tends to produce patchy patterns. By
contrast, NIR-SWIR switching based on Rrs(555) with a threshold of 0.016 sr-1 and
Rrs(645) a threshold of 0.009 sr-1 produce reasonable performance.

9.4 Application domains and limitations
9.4.1 Application domains
This study implemented atmospheric correction algorithms based on black pixel
assumption for turbid waters, and compared with that for clear waters. The results
from this dissertation can be mainly applied in two aspects: (1) how to correct
atmospheric interferences over turbid waters, and (2) how to detect turbid waters
where the atmospheric correction algorithms are applicable.
The implementations of atmospheric correction algorithms and their performance
rely on band configurations and radiometric performance. The proposed ANN-NIR
algorithm should be useful for atmospheric corrections of ocean color sensors
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without high-performance SWIR bands. SWIR-based algorithm demonstrated its
intrinsic advantage over turbid waters because the black pixel assumption is
generally valid at SWIR spectral region over turbid waters.
Besides the atmospheric correction algorithms for turbid waters, this study also
targeted at turbid water detection. This study demonstrated the ineffectiveness of
currently applied turbidity index for turbid water detections. Therefore, a
framework was proposed to determine waters where SWIR-based algorithm should
be applied. Considering the effectiveness of the proposed framework demonstrated
for Aqua MODIS, NIR-SWIR combined atmospheric correction algorithm can be
improved for transitional estuarine and coastal waters. Moreover, it may be useful
for other ocean color sensors.
In this study, three algorithms are explored: (1) the proposed ANN-NIR algorithm,
(2) SWIR-based algorithm, and (3) NIR-SWIR combined algorithm. Considering
that the proposed ANN-NIR algorithm should be further validated, atmospheric
correction for a given satellite image can be carried out with the following steps: (1)
obtain initial Rrs estimations using SWIR-based algorithm, (2) classify image pixels
into clear and turbid waters using the proposed switching scheme, and (3) obtain
the final Rrs estimations for clear waters using NIR-based algorithm.

9.4.2 Limitations
Although this study tried to carry out a comprehensive research on atmospheric
correction over turbid waters, there are still some limitations briefed here.
The matchups of synchronous in situ and satellite data are critical for atmospheric
correction validation. However, synchronous in situ measurements and Sentinel-3
OLCI images are limited in this study. More data collected under various water
columns and atmospheric conditions should be used to further test atmospheric
correction algorithms used in this study.
Although the proposed ANN-NIR algorithm outperforms the standard NIR-based
algorithm over highly turbid waters, the validation results showed that the latter
algorithm still has advantage over clear to moderately turbid waters. Therefore, a
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switching scheme should be developed to combine the ANN-NIR and standard
NIR-based algorithm.
This study applied the 6SV1.1 radiative transfer code to correct Rayleigh scattering
as well as generate aerosol LUTs for Sentinel-3 SLSTR. Although studies have
demonstrated the capability of the code for atmospheric corrections and radiative
transfer simulations. It might be slightly different from implementations of NASA
OBPG, and the inconsistence between them may result in some uncertainties.
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Chapter 10

Conclusion and outlook

This chapter comes to the conclusions and outlooks. It begins with main
contributions to the knowledge, and then summarizes major findings from this
research. Further works are also suggested to improve atmospheric correction
performance over turbid waters.

10.1 Contributions to the knowledge
Atmospheric correction is of vital importance for ocean color applications. Because
the water-leaving radiance only account for a small fraction of sensor-measured
signals, and water parameter estimations rely on accurate retrieval of water-leaving
radiance/reflectance. A main strategy to correct atmospheric interferences is based
the algorithm developed by Gordon and Wang (1994b). Accurate atmospheric
correction performance largely depends on two high radiometric performance
NIR/SWIR bands where water-leaving reflectance is negligible. NIR band
generally hold high radiometric performance (Hu et al. 2012a), however, the NIR
water-leaving reflectance is non-negligible for productive open ocean and turbid
coastal, estuarine and inland waters (Siegel et al. 2000).
This study evaluated the radiometric performance and black pixel assumption of
the seven NIR and SWIR bands of OLCI and SLSTR. Band settings and sensor’s
radiometric performance are key factors affecting atmospheric corrections.
Compared with popular ocean color sensors like the retired MERIS and SeaWiFS
and retiring MODIS, Sentinel-3 OLCI is newly launched sensor intended for ocean
color observation. In addition, the other two SWIR bands centered at 1613 and 2256
nm are also considered.
This study proposed to use artificial neural networks to estimate and correct NIR
water-leaving reflectance at TOA (ANN-NIR algorithm). In literature, some efforts
have been devoted to correct NIR water-leaving reflectance (Goyens et al. 2013b;
Ruddick et al. 2000; Stumpf et al. 2003; Wang et al. 2012). However, these methods
are still problematic over highly turbid waters, which results in erroneous
atmospheric correction results. Especially, the standard NIR-based algorithm failed
over highly turbid waters. In this study, an ANN model was trained to estimate NIR
water-leaving reflectance from Rayleigh-corrected reflectance. By comparing the
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proposed algorithm with the standard NIR-based algorithm and MUMM algorithm,
the ANN-NIR showed advantage over the latter two algorithms for highly turbid
waters. Whereas, the standard algorithm is still recommended for clear to
moderately turbid waters.
This study adapted the SWIR-based algorithm for atmospheric corrections of
Sentinel-3 OLCI images. To obtained a valid black assumption, a band combination
of two SWIR bands instead of NIR bands is used (Wang 2007; Wang et al. 2007).
The advantage of SWIR-based algorithm for highly turbid waters over NIR-based
algorithm has been demonstrated by MODIS and VIIRS. The implementation of
atmospheric correction by NASA OBPG in SeaDAS for Sentinel-3 OLCI can only
use spectral band up to 1020 nm. By taking the two SWIR bands centered at 1613
and 2256 nm into consideration, band combinations of 1020 and 1613 nm, 1020
and 2256 nm, and 1613 and 2256 nm were tested.
Given two SWIR bands with high SNR values, the SWIR-based algorithm can meet
the requirement for ocean color retrievals (Pahlevan et al. 2017a; Wang and Gordon
2018). Whereas, its performance is seriously undermined over clear waters, which
is a result of sensor noises in SWIR bands. Because water-leaving radiance from
clear waters is low, and uncertainties due to noises of SWIR bands may account for
a significant proportion the retrieved water-leaving radiances. A practical strategy
is to apply NIR-based algorithm over clear waters and SWIR-based algorithm over
turbid waters, which is called NIR-SWIR algorithm (Wang and Shi 2007).
This study evaluated the effectiveness of the turbidity index for the NIR-SWIR
algorithm. The underlying idea of turbidity index is that the turbidity index for clear
waters should be close to one, and an elevated value should be due to nonzero NIR
water-leaving reflectance (Shi and Wang 2007). The variations of turbidity index
calculated from aerosol reflectance are investigated. In addition to NIR waterleaving reflectance, aerosol size distributions, relative humidity and observing
geometries were found to affect the turbidity index. Therefore, more effective
switching scheme should be developed for the NIR-SWIR algorithm.
This study put forward a framework to determine switching threshold for the NIRSWIR algorithm. Currently, the switching scheme currently applied in SeaDAS
(Wang et al. 2009) was found not appropriate over highly turbid waters. Inspired
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by the switching scheme adopted by Aurin et al. (2013), this study used four
MODIS land bands, centered at 469, 555, 645 and 859 nm respectively, as the
potential switching index for NIR-SWIR algorithm. The atmospheric correction
performance of the NIR- and SWIR-based algorithm was evaluated using a large
diverse dataset. This study used boxplot analysis to analyze and compare the
absolute percentage errors of Rrs retrieved from the NIR-based and SWIR-based
algorithm. A switching threshold was determined for each MODIS land band, and
the switching threshold was defined as an Rrs where SWIR-based algorithm
performance better than NIR-based algorithm.

10.2 Summary of major findings
This study first evaluated the radiometric performance and black pixel assumption
of seven NIR and SWIR bands of Sentinel-3 OLCI and SLSTR. Two strategies to
cope with the nonzero NIR water-leaving reflectance were then explored for
atmospheric corrections of Sentinel-3 OLCI: (1) using ANN to estimate NIR waterleaving reflectance, and (2) using two SWIR bands instead of NIR bands. Last, the
switching scheme for NIR-SWIR algorithm was targeted to ensure an effective and
smooth transitions between NIR-based and SWIR-based algorithm. Major findings
from this research were summarized as follows.
(1) The radiometric performance of the four NIR bands and the one SWIR band of
OLCI is high enough for ocean color atmospheric correction, whereas, the other
two SWIR bands of SLSTR hold low radiometric performance. The SNRs of the
four NIR bands centered at 754, 779, 865 and 885 nm, respectively, are over 600,
which are largely than the minimum SNR requirement (about 200-300) for the NIRbased algorithm. The estimated SNR of the SWIR of 1020 nm is 151±33, and it is
larger than the minimum SNR requirement (about 100) for SWIR-based algorithm.
The SNRs of the SWIR bands of 1613 and 2256 nm are 46±10 and 34±9,
respectively, which are obviously low than the requirements.
(2) The validity of black pixel assumption depends on the magnitude of waterleaving reflectance at NIR to SWIR bands. Over clear waters, the water-leaving
reflectance at NIR bands is subtle and negligible, however, it turns nonzero over
turbid waters. The black pixel assumption is generally valid for the SWIR band of
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1020 nm except for extremely turbid waters. The water-leaving reflectance values
at the two SWIR bands of 1613 and 2256 are always negligible no matter how turbid
waters are.
(3) The proposed ANN-NIR algorithm outperforms the standard NIR-based
algorithm over highly turbid waters. The NIR water-leaving reflectance at the TOA
can be accurately estimated from Rayleigh-corrected reflectance using ANN model.
Therefore, the black ocean pixel can still be obtained after correcting the NIR waterleaving reflectance. The standard NIR-based algorithm underestimated Rrs or failed
over highly turbid water, because the bio-optical model is not suitable for turbid
waters. Whereas, the standard NIR-based algorithm is still recommend for clear to
moderately turbid waters. The MUMM algorithm does not work well when the two
assumptions of homogeneous aerosol properties and similarity NIR spectrum are
not valid.
(4) The SWIR-based algorithm performs obviously better than NIR-based
algorithm for atmospheric correction of Sentinel-3 OLCI over turbid waters. The
SWIR-based algorithm using a combinations of SWIR bands of 1020 and 1613 nm
or 1020 and 2256 nm generally outperforms that using bands of 1613 and 2256 nm.
This is because the SWIR band of 1020 nm has higher radiometric performance.
However, the bands of 1613 and 2256 nm are still recommended for extremely
turbid waters, because the water-leaving reflectance at the SWIR band of 1020 nm
is still prominent. Over clear to moderately turbid waters, the standard NIR-based
algorithm still has obvious advantage over SWIR-based algorithm.
(5) Without considering water-leaving reflectance, the turbidity index can vary a lot
depending on the spectral shape of aerosol reflectance. The turbidity index
calculated from simulated aerosol reflectance ranges from 0.7 to 2.2. The aerosol
size distributions, aerosol optical thickness, relative humidity and observing
geometries can affect the turbidity index. In addition, no distinct threshold can be
found to discriminate turbid from clear waters.
(6) The framework developed by this study works well to determine switching
threshold for the NIR-SWIR algorithm. The switching scheme is defined as a value
of Rrs at a MODIS land band retrieved from SWIR-based algorithm. Rrs(645) with
a threshold of 0.009 sr-1 is recommended as the switching scheme for the NIR148

SWIR based algorithm. In addition, Rrs(555) with a threshold of 0.016 sr-1 also
works well. However, Rrs(469) and Rrs(859) do not work well for turbidity
identification. Because the relationships between Rrs(469) and Rrs at NIR bands are
complex, while the band of 859 nm holds low radiometric sensitivity.

10.3 Further works for improvements
According to the present study, there are still some questions to be answered. This
study can be enriched further from the following aspects.
(1) Further studies are required to validate the ANN-NIR algorithm and the SWIRbased algorithm for Sentinel-3 OLCI. This study used in situ samples collected
synchronously with Sentinel-3 overpass in the Pearl River Estuary to validate the
two atmospheric correction algorithms. However, matchups of satellite and in situ
observations are limited in terms of sample size and turbidity range. Therefore,
more samples should be collected under diverse aquatic and atmospheric conditions
to test the two algorithms for Sentinel-3 OLCI.
(2) Further works can be conducted to determine a switching scheme for Sentinel3 OLCI on how to combine the standard NIR-based algorithm, ANN-NIR algorithm
and SWIR-based algorithm to carry out atmospheric correction over contrasted
waters. This study proposed a framework to determine switching threshold for the
NIR-SWIR algorithm for MODIS. This study took MODIS as an example to
demonstrate the effectiveness of the framework, because more matchups of
AERONET-OC observations and MODIS images are available for validation. As
the operation period of Sentinel-3 extends, more synchronous in situ samples will
be available. To ensure valid retrievals of Rrs and smooth transitions from clear to
extremely turbid waters, a combination of NIR-based and SWIR-based algorithm
with an effective switching scheme should be applied.
(3) Further researches can focus on developing regional aerosol models to improve
ocean color atmospheric correction performance. This study used the aerosol LUTs
generated based on the aerosol models developed by Ahmad et al. (2010), because
the aerosol LUTs are applied by NASA OBPG and generally acceptable for
retrieval of aerosol optical thickness and water-leaving reflectance. The coastal
aerosol models are only based on AERONET-OC observations in Chesapeake Bay
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region. However, aerosols in inland and coastal regions are more complex, which
may obviously differ from the aerosol models. Therefore, developing regional
aerosol models based on in situ observations should be useful to improve
atmospheric corrections for a specific region.
(4) Further efforts should be devoted to improve radiometric performance of SWIR
bands. As is discussed above, the atmospheric correction performance obtained by
SWIR-based algorithm could be reduced by the low radiometric performance of the
two SWIR bands. Therefore, two high-performance SWIR bands within the
atmospheric windows near 1600 and 2200 nm are suggested for future ocean color
sensors. In addition, simple smoothing method could also be applied to SWIR bands
to reduce sensor noises.
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