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Abstract: This study focuses on deriving the total absorption coefficients based on field measurements
and satellite data. An extended quasi−analytical algorithm (QAA−GRI) was developed based
on the two in situ datasets collected from inland waters of Lake Qiandaohu (QDH) and oceanic
waters of the East China Sea (ECS). The key model between absorption coefficients at 510 nm
(a(510)) and green red index (GRI) was established using power function in the extended QAA−GRI
algorithm. The results reveal that the extended QAA−GRI algorithm performs better than the
original quasi−analytical algorithm (QAA−v5) and Garver–Siegel–Maritorena’s algorithm (GSM),
and the red–green quasi−analytical algorithm (QAA−RGR), at least for the two in situ datasets from
the ECS and QDH. For QAA−GRI, the averaged mean absolute percentage error (MAPE) value
of retrieved versus in situ total absorption coefficients is approximately 20%. Subsequently, the
extended QAA−GRI algorithm was applied to the OLCI satellite imagery, which is the new successor
of MERIS with three specific bands (510, 560, and 620 nm). The implementation of the extended
QAA−GRI algorithm on OLCI imagery yielded similar results comparable to that of the QAA−v5 in
the ECS region. Furthermore, the application of the algorithm on seasonal and annual MERIS satellite
imagery help clarify the combined influences from Yangtze River discharge and coastal currents
on the distribution of total absorption in the ECS waters. This study suggests that the extended
QAA−GRI algorithm is an alternative for retrieving total absorption coefficient, although it is not
recommended for highly turbid waters.

Keywords: absorption coefficient; green–red quasi−analytical algorithm; Lake Qiandaohu and East
China Sea; OLCI and MERIS satellite data

1. Introduction

Total absorption coefficients (a(λ), λ is wavelength) are a key component of the in-
herent optical properties (IOPs) of water bodies. They are crucial in aquatic and optical
environments and serve as a link between satellite ocean color remote sensing and opti-
cally active constituents (OACs). For instance, a(λ) is important for the determination
of biogeochemical parameters, such as the light distribution above or under water [1–4],
chlorophyll−a and total suspended matter concentrations [5,6], water clarity [7], phy-
toplankton biomass [8], primary production [9], phytoplankton community structure
or functional type [10,11], and particulate and dissolved organic carbon [12,13]. Since
the above parameters are directly or indirectly determined by absorption coefficients of
phytoplankton, non−algal particles (NAP), and chromophoric dissolved organic matter
(CDOM). Retrieval of the absorption coefficient using remote sensing has given insight
into the biological and biogeochemical process within the water body.
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Several algorithms for absorption coefficient retrieval have been developed, ranging
in complexity from empirical to semi−analytical approaches [14–20]. Empirical algorithms
are achieved by directly relating a(λ) and remote sensing reflectance (Rrs(λ)). It is widely
known that empirical algorithms are data−driven approaches, based on statistical methods,
thus, resulting in limitations when applied to different type of waters [21]. However,
semi−analytical algorithms, established mainly on the basis of radiative transfer model,
which adopt several parameterized methods to approximate the radiative transfer function
in physics [22,23], commonly perform better than empirical algorithms in those waters
with large variations in optical properties. Garver and Siegel [24] developed a nonlinear
statistical model for the retrieval of the a(λ) that presupposes knowledge of the specific
spectral absorption coefficient of phytoplankton, NAP, and CDOM, as well as the specific
backscattering coefficient for particles. Maritorena et al. [25] optimized the former model
(called GSM01) to make it more suitable for global ocean color data. Boss et al. [15]
developed a constrained linear matrix inversion to estimate absorption and backscattering
coefficient, and found that the approach can reduce some uncertainties in the inversion
results. Lee et al. [26] proposed a simple−to−implement, high−efficiency multiband
quasi−analytical algorithm (QAA), which does not have to pre−define the spectral shape
of the absorption coefficients related to OACs. The QAA is a stepwise algorithm with
several empirical models, which establishes relations between Rrs(λ) and a(λ) based
on radiative transfer equation. It has been proven that the QAA algorithm has great
potential for a(λ) retrieval compared to empirical algorithms [27,28], and has already
been adopted in NASA’s software platform (SeaDAS) to process satellite ocean color data.
Nevertheless, there are several QAA−based algorithms that have been proposed to improve
the key model of a(λ0) (λ0, reference band) estimation for diverse waters [19,20,29,30].
Up−to−date, semi−analytical algorithms are still widely used and effective algorithms for
a(λ) estimation, even though a lot of efforts are required to further validate and refine the
performance over different optical water types [31].

Several of the currently used algorithms have been further applied to the ocean color
satellite data, i.e., sea−viewing wide field−of−view sensor (SeaWiFS) [32,33], moderate
resolution imaging spectroradiometer (MODIS) [20,34], visible infrared imaging radiometer
(VIIRS) [35,36], medium resolution imaging spectrometer (MERIS) [37,38], geostationary
ocean color imager (GOCI) [39], Landsat series [18,40], etc. However, few studies have
taken advantage of the ocean and land color instrument (OLCI) on Sentinel−3A, which
is a relatively new ocean color sensor launched in 2016. OLCI offers a higher spectral
resolution in the visible and near−infrared wavelengths with high signal than VIIRS.
Additionally, OLCI strikes a balance between spatial and spectral resolution with higher
signal−to−noise ratio compared to Landsat series or Sentinel 2A/B, which makes it more
suitable for extensive water bodies and coastal areas where fine spectral discrimination
is needed. Therefore, it is necessary to explore appropriate algorithms to facilitate the
application of the OLCI data and further its potential.

In this study, we extended green–red band quasi−analytical algorithm (QAA−GRI)
for derivation of total absorption coefficients both from in situ data and OLCI satellite
imagery. The QAA−GRI algorithm is enhanced by using a new empirical model between
the green red index (GRI) and total absorption coefficient at 510 nm based on two in situ
field measurements. By enhancement, the model can be applied to oceanic and inland
waters rather than to a single water type in our previous study [30]. The algorithm is further
applied to the OLCI and MERIS satellite data, and the temporal and spatial variations in
total absorption coefficient were investigated and discussed over the East China Sea (ECS).
This study gives preliminary evidence that the extended QAA−GRI has good applicability
over oceanic and inland waters, and provides an alternative to OLCI and MERIS satellite
data for a(λ) inversion.
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2. Data and Methods
2.1. Field Measurements

The field measurements were undertaken in Lake Qiandaohu (QDH) during nine
cruises from June to December 2015 and from March to May 2016. The trophic level of the
water quality of lake QDH is oligotrophic, and has the trend of becoming mesotrophic [41].
A total of 144 water samples were collected, among which a total of 46 stations (Figure 1b)
have coincident a(λ) and Rrs(λ). The two field measurements were carried out in the ECS
on 1–12 January and 25 May–2 June 2017. In the present study, a total of 127 sampling
sites were used during the ECS cruises, among which a number of 47 stations (excluding
those sites located in coastal waters with high concentrations in suspended sediments,
since the QAA algorithms are not suitable for highly turbid waters [29]) have a full suite of
coincident remote sensing reflectance and total absorption coefficients (Figure 1c).
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Province; (c) sampling sites in the ECS area.

The remote sensing reflectance was measured using an ASD field spectrometer (Field
spec 4), with a spectral range of 350~2500 nm and a spectral resolution of 1.2 nm. The
detail method of field measurement can refer to Mueller and Fargion [42]. The Rrs(λ) was
calculated as:

Rrs(λ) =
Lsw(λ)− rLsky(λ)

πLg(λ)/ρg(λ)
(1)

where Lsw(λ) represents the radiance from the water; Lsky(λ) stands for diffused sky
radiance; r refers to the surface Fresnel reflectance, which is not spectrally constant, and is
determined by spectral distribution of skylight and surface wind speed. An average value
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of r, 0.026, was adopted in this study according to Cui et al. [43]; Lg(λ) and ρg(λ) stands
for the radiance and reflectance from the Spectralon plaque, respectively.

Measurements of the absorption coefficient of CDOM (aCDOM(λ)) were performed
in the laboratory according to the ocean optical protocols [42], and were detailed in our
previous study [30]. Briefly, CDOM samples were filtered with a pore size of 0.22 µm,
then absorbance of the filtered water was measured over 250~860 nm at 1 nm increments
using a Perkin Elmer (PE) lambda−35 spectrophotometer. The absorption coefficient of
phytoplankton (aph(λ)) and non−algal particle (aNAP(λ)), were determined according to
the quantitative filter technique [44], calculated from their absorbance measured at 1 nm
increments from 300~800 nm using a PE lambda−950 spectrophotometer. Consequently,
a(λ), can be calculated as [45]:

a(λ) = aw(λ) + aph(λ) + aNAP(λ) + aCDOM(λ) (2)

where aw(λ) is the pure water absorption coefficients reported by Pope and Fry [46].

2.2. OLCI and MERIS Satellite Data

The Sentinel−3 OLCI, launched in February 2016, is a successor of the ENVISAT
MERIS instrument. The OLCI is suitable for retrieving parameters of water quality in
oceanic, coastal, and inland waters, with 21 spectral bands spanning from 400 to 1020 nm,
coverage at 300 m full resolution, high signal−to−noise ratio, and reduced sun glint
compared to the MERIS. Note that OLCI or MERIS have specific bands that differ from the
other commonly used ocean color sensors in the range of 560~620 nm (Figure 2). Specially,
none of the present algorithms have used the 620 nm band for IOPs retrieval.
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Figure 2. Spectral bands (location and width) of commonly used ocean color sensors, including
SeaWiFS, MODIS, VIIRS, GOCI, MERIS, and OLCI. Among these sensors, only MERIS and OLCI
have spectral bands located between 560 and 630 nm (cyan background).

In this study, the OLCI level−2B WFR product acquired from the European Space
Agency (ESA) Copernicus Open Access Hub (https://scihub.copernicus.eu/, 1 November
2023) was chosen as a representative demonstration to exhibit the performance of the
extended QAA−GRI algorithm. The OLCI Level−2B data involve atmospheric corrections,
as well as the retrieval of ocean color parameters related to oceans. These corrections aim
to mitigate the impact of atmospheric interference and other factors, ensuring that the
resulting data are more accurate and suitable for scientific analysis. Two Sentinel−3 OLCI
level 2B WFR images covering ECS with less cloud captured on 21 May 2019 were chosen
for demonstration. The satellite images were joined together using mosaic technology,
and the pixels of highly turbid waters and atmospheric correction failed were masked
out. In addition, the seasonal and annually composite MERIS level 3 products acquired
from the NASA website (http://oceancolor.gsfc.nasa.gov, 1 November 2023) were used for
investigating the temporal–spatial dynamics of total absorption coefficients by QAA−GRI
over the ECS. The level 3 processing involves aggregating and summarizing the level 2 data,
providing spatial and temporal averages, and generating products suitable for global scale.
Satellite data preprocessing including stitching, masking, and cropping is carried out in the
SNAP software, which is an open−source software developed by the ESA for the analysis
and visualization of satellite data.

https://scihub.copernicus.eu/
http://oceancolor.gsfc.nasa.gov
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2.3. Accuracy Statistics

To evaluate the performance of the extended algorithm, determination coefficients
(R2), the root mean square error (RMSE), and the mean absolute percentage error (MAPE),
are used in this study. They are defined as follows:

RMSE =

√√√√√ n
∑

i=1
(aestimated,i − ain_situ,i)2

n
(3)

MAPE =

(
∑
∣∣aestimated,i − ain_situ,i

∣∣
ain_situ,i

/n

)
× 100% (4)

where n is the number of observations. ain_situ,i and aestimated,i are the in situ and retrieved
absorption coefficient at each station i, respectively.

3. Results
3.1. Optical Variability of the ECS and QDH Datasets

Figure 3a,c depicts the variation in Rrs measured in the ECS and QDH. The Rrs mea-
sured in QDH show a typical characteristic of oligotrophic inland waters, the magnitude
of which is small, ranging from 0 to 0.015 sr−1, indicating the relatively clean water body
of QDH. The majority of Rrs in the ECS have a magnitude ranging from 0 to 0.038 sr−1,
which is significantly higher than that of the QDH. Moreover, there are a few Rrs mainly
distributing in near−shore waters, where Rrs have a high magnitude, especially in the red
and near−infrared red wavelengths. The spectra of apc(λ), which represent the sum of
ap(λ) and aCDOM(λ) of ECS and QDH, are shown in Figure 3b,d, respectively. The spectral
slope of apc(λ) before 500 nm in QDH is higher than that in ECS, which suggests CDOM
dominate waters of QDH. In addition, the difference in apc(λ) between 560 and 620 nm is
smaller than that of aw(λ). The characteristic of Rrs(λ) and apc(λ) indicates that the rapid
decrease in Rrs from 560 to 620 nm is primarily caused by strong absorption of pure water,
rather than by particles and CDOM in ECS and QDH.
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Since the extended algorithm was developed using the ECS and QDH datasets in
this study, it is essential to analyze their optical variability to better understand where
the algorithm may be inapplicable when applied to different types of waters. Figure 4a
shows the ternary plot of different absorbing components at 443 nm. It clearly signifies
that the majority of the in situ data belong to phytoplankton or CDOM−dominated waters,
and the contribution of non−algal particles among the three components does not exceed
0.4. In particular, QHD is mainly characterized as a low−chlorophyll, CDOM−dominated
water system.
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Figure 4b exhibits the statistical results of apc(560)− apc(620) among the two datasets.
It is a clear demonstration of the fact that the value of apc(560)− apc(620) is far less than the
value of aw(560)− aw(620) (0.213 m−1), which implies that certain conditions have been
met to establish the relation between GRI and a(510) proposed in our previous study [30].

3.2. Enhancement of QAA−GRI Algorithm

From the above analysis, the original QAA−GRI algorithm proposed in our previous
study [30] can be extended to be applied to the two in situ datasets by improving the model
between green–red index (GRI, see Table 1 step 2 in this study) and a(510).

Table 1. An extended QAA−GRI for retrieving total absorption coefficient, step 2 was established in
this study, other steps are based on QAA.

Steps Property Derivation Methods

0 rrs = Rrs/(0.52 + 1.7Rrs) Semi−analytical

1 u(λ) =
−0.089+

√
0.0892+4×0.125rrs
2×0.125

Semi−analytical

2 a(λ0)λ0 = 510 nm = 0.4654× GRI0.55

GRI = 0.213× Rrs(560)×Rrs(620)
Rrs(560)−Rrs(620) ×

1
Rrs(510)

Semi−analytical

3 bbp(λ0) = u(λ0)a(λ0)
1−u(λ0)

− bbw(λ0) Analytical

4 Y = 2.8
[
1− 1.2 exp(−0.9 rrs(443)

rrs(λ0)
)
]

Empirical

5 bbp(λ) = b(λ0)
(

λ0
λ

)Y Semi−analytical

6 a(λ) =
(1−u(λ))(bbw(λ)+bbp(λ))

u(λ)
Analytical
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As shown in Figure 5, there is a good relationship between GRI and a(510), which can
be expressed as Equation (5) using a power−fitted method for the QDH and ECS datasets.

a(510) = 0.4654 · GRI0.55 (5)
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Once the key model was established, the QAA−GRI can be extended to broader
application for retrieving a(λ) follow the procedure of QAA, as shown in Table 1.

3.3. Performance of the Extended QAA−GRI for the In Situ Datasets

A comparison of the GSM and QAA−GRI algorithms is exhibited in Figure 6 when
applied to the ECS. Both the GSM and QAA−GRI show good performance of a(λ) at
different bands. However, QAA−GRI performs significantly better than the GSM, at least
for this ECS dataset. The mean R2 values between the retrieved and in situ a(λ) for GSM
and QAA−GRI at 443, 490, and 510 nm are 0.33 and 0.88, respectively, and the mean MAPE
values are 56% and 21%, respectively. Furthermore, the performance of the extended
QAA−GRI algorithm in retrieving a(λ) is compared to other QAA−based algorithms
that can be applied in the ECS waters. A comparison of the retrieved and in situ a(λ) at
443, 490, 510, 560, and 620 nm for the different algorithms is presented in Figure 7, since
these specific bands are typically characteristic bands in ocean color remote sensing [26].
Overall, the data points of the three algorithms that are derived versus in situ a(λ) are
approximately concentrated on the 1:1 line for the ECS dataset. However, the QAA−GRI
performs slightly better than QAA−v5 and QAA−RGR. This result can be attributed to the
fact that QAA−GRI jointly uses band ratio and band difference approaches, which is less
sensitive to uncertainties in Rrs(λ) than the single−band ratio method used in QAA−v5
and QAA−RGR [46].

Figure 8 shows a comparison of retrieved versus in situ a(λ) for the QAA−GRI and
GSM algorithms in inland water of QDH. Intuitively, the data points of QAA−GRI derived
versus in situ a(λ) are much closer to the 1:1 line, whereas the GSM performs a slight
underestimation. The mean R2 value between the retrieved and in situ a(λ) at 443, 490,
and 510 nm is 0.46 and 0.67 for GSM and QAA−GRI, respectively, and the mean MAPE
is 34.8% and 17.8%, respectively. This indicates that QAA−GRI performs better than the
GSM in a(λ) retrievals, at least for the QDH. The comparison performance of QAA−V5,
QAA−RGR, and QAA−GRI is presented in Figure 9. It shows that the data point retrievals
of a(λ) by the three algorithms are approximately centralized near the 1:1 line. However, the
results retrieved by QAA−v5 are slightly less accurate than that by QAA−RGR, whereas
the retrievals by QAA−RGR tend to be underestimated compared to QAA−GRI.
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4. Discussion
4.1. Application to OLCI Satellite Data

Satellite ocean color data have already been proven to be capable of detecting the
magnitude of water color parameters and its spatial and temporal variability. Figure 10
shows the results of a(443) derived from OLCI using QAA−v5 and QAA−GRI. The
distribution patterns and spatial gradients of the total absorption coefficient over the ECS
region are exhibited. It can be clearly seen that values of a(443) are higher in the nearshore
waters than the offshore. The high a(443) values are generally distributed in the mouth
of Hangzhou Bay and coastal waters along Zhejiang Province, which indicates the joint
effects from the river discharge and coastal currents over the ECS. The decreases in a(443)
values offshore indicates that the highly absorbed waters quickly subside in the nearshore
region. It should be noted that a(443) values located in the areas highlighted with black
boxes (Figure 10a,b) are significantly higher than surrounding ones. This is due to the high
chlorophyll−a concentration, which also implies that an algal bloom occurs in this region.
The comparison of a(443) retrieved from QAA−v5 and QAA−GRI shows some differences
in magnitude. Quantitatively, a histogram of the two a(443) image is given in Figure 10c.
It shows that QAA−v5 a(443) is slightly overestimated in the high value domain, and
underestimated in the low value domain over the ECS, compared to QAA−GRI, which is
consistent with the study of Chen et al. [47]. The standard deviation (Stdev = 0.101) and
variation coefficient (CV = 0.848) of the QAA−GRI a(510) image is less than the QAA−v5
a(443) image. This gives some evidence that the QAA−GRI can partly minimize the
uncertainty of satellite Rrs data.
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4.2. Seasonal and Annual Variability in ECS Using MERIS Imagery

There are ways to better understand the biogeochemistry of oceanic and coastal
systems from satellite remote sensing. In this study, taking the year 2010 as example,
the seasonal average climatology of a(443) derived from monthly composite MERIS Rrs
data is shown in Figure 11. The seasonal distribution demonstrates the significant spatial–
temporal variations in a(443) over the ECS region. The averages for a(443) are high along
the Yangtze River plume (YRP), Hangzhou Bay mouth (HBM), and nearshore waters during
all seasons. However, during winter, the high a(443) area is larger than the other seasons
due to the sediment resuspension by strong mixing. Meanwhile, the high values appear
near the Yangtze River mouth towards the southeast with an apparent “tongue−shaped”
structure. This typical structure is the result of interaction by the Yangtze River diluted
water, the Taiwan current, and the offshore current along Zhejiang and Jiangsu provinces.
During spring, the high a(443) tongue−shaped structure extends toward the northeast,
and becomes unclear compared to that of winter due to the increase in a(443) variation in
the surrounding regions. During summer, the tongue−shaped structure becomes small and
extended toward the northeast, reaching Jeju Island. During autumn, the tongue−shaped
structure changes direction from northwestward to southeastward. These remote sensing
patterns are generally consistent with the results reported by Yamaguchi et al. [48] and
Sun et al. [49].
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Figure 11. (a–d) MERIS−derived satellite images of climatological seasonal average a(443) over ECS
by the extended QAA−GRI algorithm.

Moreover, the annual average climatology of a(443) derived from MERIS from 2002
to 2012 is shown in Figure 12. It shows the annual average a(443) retrieved from MERIS
during the past 11 years. The spatial distribution patterns of annual a(443) image for all
years are generally similar, with high values in the YRP, HBM, and nearshore coastal waters.
Note that tongue−shaped structure extending toward the southeast is quite clear in each
year. All the images (Figures 11 and 12) intuitively highlight the combined influences from
Yangtze River discharge and ocean currents on the distribution of total absorption in the
ECS waters.

4.3. Uncertainty in Application of the Extended Algorithm

The extended QAA−GRI is established upon the original QAA, so the uncertainty
will propagate to the next step in the step−by−step procedure. One of the uncertainties is
the remote sensing reflectance, since the above−water method for Rrs(λ) measurement can
be influenced by various factors, such as the viewing angle, whitecaps and clouds, skylight,
and sun glint. Additionally, the laboratory analysis might also introduce uncertainty, such
as the ‘inner filter effect’ of CDOM measurements [50]. Furthermore, the QAA−GRI has
the same limitations with QAA when applied to the highly turbid waters. As presented in
Figure 4 and Equation (5), it demonstrates a good performance in the estimation of a(510)
when using the two in situ datasets. However, it is worth noting that Equation (5) might
exhibit some uncertainties in the high Y−value region (Figure 4), due to the scarcity of data
points in this region. Moreover, this reliable relation between a(510) and GRI might be



Water 2024, 16, 67 11 of 14

invalid in those waters where the optical properties are dominated by suspended sediment
with high concentration. Therefore, the QAA−GRI is recommended to be used in those
phytoplankton− or CDOM−dominated waters, both in inland and oceanic environments,
and it may have a better performance compared to the QAA.

Water 2024, 16, x FOR PEER REVIEW 11 of 15 
 

 

 
Figure 11. (a–d) MERIS−derived satellite images of climatological seasonal average (443)a  over 
ECS by the extended QAA−GRI algorithm. 

Moreover, the annual average climatology of (443)a  derived from MERIS from 2002 
to 2012 is shown in Figure 12. It shows the annual average (443)a  retrieved from MERIS 
during the past 11 years. The spatial distribution patterns of annual (443)a  image for all 
years are generally similar, with high values in the YRP, HBM, and nearshore coastal wa-
ters. Note that tongue−shaped structure extending toward the southeast is quite clear in 
each year. All the images (Figures 11 and 12) intuitively highlight the combined influences 
from Yangtze River discharge and ocean currents on the distribution of total absorption in 
the ECS waters.  

 
Figure 12. (a–k) Distribution of climatological annually average (443)a  derived from MERIS data 
by the extended QAA−GRI algorithm. 

4.3. Uncertainty in Application of the Extended Algorithm 

The extended QAA−GRI is established upon the original QAA, so the uncertainty 
will propagate to the next step in the step−by−step procedure. One of the uncertainties is 
the remote sensing reflectance, since the above−water method for λ( )rsR  measurement 

Figure 12. (a–k) Distribution of climatological annually average a(443) derived from MERIS data by
the extended QAA−GRI algorithm.

Our study shows a preliminary capacity to retrieve absorption coefficients for moni-
toring oceanic waters in the ECS using the OLCI and MERIS satellite imagery. The results
imply that they can provide valuable information on absorption coefficients, and possess
certain potential in phytoplankton bloom via absorption coefficient retrieval at the appro-
priate spatiotemporal scales both in inland and oceanic waters. However, it is worth noting
that the QAA−GRI might yield an underestimated result in relatively turbid coastal waters
using MERIS and OLCI satellite data. Additionally, the interference factors of QAA−GRI
used in MERIS and OLCI satellite imagery is the accuracy of atmospheric correction, since
the atmospheric correction method for case one waters may result in significant errors
when applied to inland waters.

5. Conclusions

Total absorption coefficient is one of the key parameters of IOPs for quantitative re-
trieval in ocean color remote sensing. The QAA−GRI algorithm was successfully extended
to both oceanic and inland waters. An encouraging performance was achieved when the ex-
tended algorithm was calibrated using the two independent in situ QDH and ECS datasets.
QAA−GRI shows an advantage in retrieving absorption coefficient compared to the GSM,
QAA−v5, and QAA−RGR algorithms. We further adopted the extended QAA−GRI al-
gorithm for the Sentinel−3 OLCI satellite data covering the ECS region, and found that it
not only generated reasonable results but also improved the retrieval of total absorption
coefficient in ECS waters compared to the QAA−v5 algorithm. In addition, the extended
QAA−GRI algorithm is also applied to the MERIS composited products, and results show
clear seasonal and annual variations in total absorption coefficient resulting from the com-
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bined effects of hydrodynamic and ecological factors in the ECS region. This study shows
the potential of retrievals of various ocean color parameters of interest (i.e., absorption
coefficient of CDOM, NAP, and phytoplankton; backscattering coefficients, etc.) by using
OLCI satellite data, although the QAA−GRI algorithm is not recommended to be used in
those highly turbid waters. Further refinements and testing might be necessary to confirm
its reliability before applying the QAA−GRI to other complex aquatic environments.
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