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Extensive human activities and climate change in recent decades have triggered severe eutrophication problems
in the coastal oceans in the Greater Bay Area (GBA) of China. However, a comprehensive characterization of the
spatial and temporal patterns of chlorophyll-a (Chl-a, a major indicator of phytoplankton biomass) in this region
is not available. Our study attempts to fill this gap by using long-term satellite observations. With massive in situ
datasets from underway sampling systems, we developed a novel hybrid Chl-a retrieval algorithm combining the
recalibrated OC3 and line-height-based (BL443) algorithms for waters with different turbidity levels. Satellite-
retrieved Chl-a values with the hybrid algorithm agreed well with in situ measurements, with an uncertainty
level of 33.8%. Long-term analysis revealed significant decreasing trends over the inner Pearl River Estuary
(averaged at 0.054 pg/L yr~ 1), while significant increasing trends were found in eastern Daya Bay (averaged at
0.035 pg/L yr1). The developed algorithm is expected to aid routine Chl-a monitoring in the adjacent oceans of
the GBA, and the long-term datasets here can serve as critical information for further coastal conservation and

management efforts.

1. Introduction

In recent decades, global coastal regions have been threatened by
continuous inputs of large amounts of nutrients and contaminants from
adjacent watersheds (Breitburg et al., 2018). These threats will likely
intensify marine environmental issues due to foreseeable terrestrial
nutrient inputs from population growth and urbanization development
in the future (Neumann et al., 2015). Nutrient inputs contribute to
ecosystem degradation, such as bottom-water hypoxia (Breitburg et al.,
2018; Li et al., 2020; Lu et al., 2018) and red tides or harmful algal
blooms (Strokal et al., 2014). Such issues could be exacerbated by
complex physico-hydrodynamic and biogeochemical processes as well
as climatic warming.

Chlorophyll-a (Chl-a) is the principal pigment in phytoplankton, and
its concentration (in pg/L) has been commonly used as a proxy for
biomass and primary production (Boyce et al., 2010). Chl-a concentra-
tion serves as the primary indicator to evaluate the eutrophication status
of oceanic waters (Gohin et al., 2019), and it has also been considered an
essential input for geophysical and geochemistry models used to un-
derstand how the oceans respond to climate changes and human activ-
ities (Lu et al., 2018; Lu et al., 2020; Ning et al., 2004). Traditionally,

Chl-a datasets were obtained through ship-based sampling methods,
whereas the limited spatial coverage and observational frequency make
it challenging to capture the highly dynamic and heterogeneous features
of Chl-a in estuarine waters (Cheng et al., 2020). However, such limi-
tations do not apply to satellite remote sensing; synoptic and frequent
observations make it useful to examine short- to long-term changes in
Chl-a in global or regional oceanic waters.

Unfortunately, the Chl-a retrieval algorithms based on remote
sensing data developed for one specific coastal region may not apply to
others due to the potential disparities in the optical properties of water
(Arabi et al., 2020; Gitelson et al., 2007). This problem is particularly
true for estuarine waters, where clean oceanic saltwater and turbid
riverine freshwater mix constantly, and the strength and extent of the
mixing vary in different seasons and positions. Such a disturbing effect
results in high turbidity with high seasonal and spatial variations,
making water optically complex and challenging the development of a
robust Chl-a algorithm (Xiong and Liu, 2018). One typical example is the
Pearl River Estuary (PRE) in China, where discharge ranks second in
China and 13th in the world and presents remarkable seasonal differ-
ences. Surrounding the PRE is the Greater Bay Area (GBA), which covers
nine large cities in the Guangdong Province and two special
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administrative regions (i.e., Hong Kong and Macau) and represents one
of the most populated regions worldwide. A series of environmental
consequences on the coast of the GBA has been triggered by continu-
ously extensive human activities and the associated enrichments in
nutrients and pollutants (Hu et al., 2001; Wang et al., 2008; Wu et al.,
2018; Xuan et al., 2020). For example, red tides have been frequently
reported in the PRE during recent decades (e.g., Qiu et al., 2019; Xuan
et al., 2020), further causing extensive ecosystem consequences, such as
fish death and hypoxia (Breitburg et al., 2018; Li et al., 2020). However,
before effective management policies can be initiated to mitigate estu-
arine environments, accurate assessments of the historical and current
water quality conditions are required.

Many previous studies have attempted to develop remote sensing
algorithms for Chl-a mapping in the coastal waters of the GBA, with a
particular focus on the PRE (Chen et al., 2011; Fu et al., 2015; Hafeez
etal., 2019; Liu et al., 2008; Liu et al., 2010; Liu and Tang, 2019; Nazeer
and Nichol, 2016; Zhang et al., 2011; Zhang et al., 2009). However, all
previous attempts were either focused on Chl-a algorithm development
with a few field samples collected in limited days and seasons, or only
sporadic remote sensing images were used to examine the overall pat-
terns of Chl-a spatial distributions. In other words, the current Chl-a
regional algorithms are not applicable for long-term remote sensing
images covering water in different seasons and with varying optical
components, and previous remote sensing-based observations provided
insufficient information on Chl-a patterns within this region. Fortu-
nately, since 1986 the Hong Kong Environmental Protection Department
(HKEPD) has conducted routine in situ samplings and thus made it
possible to understand the long-term Chl-a dynamics of the PRE (Yung
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etal., 2001; Zhang et al., 2018). However, their sampling frequency (one
cruise per month) and spatial coverage (only covering the coastal oceans
of Hong Kong Island, see Fig. 1) prevent their accurate characterization
of Chl-a overall adjacent oceans in the GBA. As such, the eutrophication
status of the majority of the coastal waters in the GBA is unknown.

Motivated by the absence of comprehensive documentation of the
Chl-a patterns over the coastal oceans in the GBA, this study is designed
with the following objectives: (1) develop a novel Chl-a algorithm using
a large volume of in situ measurements collected by underway sampling
systems and further determine its accuracy levels; (2) map the long-term
spatial and temporal Chl-a distributions in coastal oceans of the GBA
using all available Moderate-resolution Imaging Spectroradiometer
(MODIS) images between 2003 and 2019.

2. Study area and datasets
2.1. Study area

The GBA represents the areas around the Pearl River Estuary (PRE),
which is located in southeastern China (see Fig. 1). The water discharge
from the Pearl River flows into the ocean through eight large outlets of
the PRE and exhibits substantial seasonality, with ~ 80 % of the annual
total water discharge occurring in wet seasons (April to September)
(Harrison et al., 2008; Wang et al., 2021). Coupled with riverine
discharge, many physical factors such as wind and tide also contribute to
the regional hydrodynamic characteristics (Wong et al., 2003). Located
on the right side of the PRE are two semi-enclosed bays (i.e., Daya Bay
(DYB) and Dapeng Bay (DPB), see Fig. 1), where the water exchanges
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Fig. 1. (a) Maps of the study area and its association with the Greater Bay Area and Pearl River Basin. The three main tributaries (blue lines), hydrological stations
(black stars), tide gauge stations (black triangles), and eight large outlets (red circles) are indicated on the map. The locations of in situ Chl-a and R, match-up pairs
and their sampling months as well as the bathymetric contour are also indicated; the numbers of pairs are annotated in the parenthesis of the legend. The routine
HKEPD sampling sites (yellow squares) are also illustrated. (b) Tracks of three field cruises, where the Chl-a values (ug/L) were collected by the underway sampling

system, are color-coded.
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constantly with the South China Sea without large river discharge
(Wang et al., 2008). The GBA has the highest rates of urbanization and
industrialization in China; the regional GDP and population account for
12 % and 5 % in China, respectively (Zhang et al., 2020). However, due
to rapid urbanization and climatic change, water quality adjacent to the
coastal area is under threat of degradation. One of the most concerning
issues is frequent red tides, although the affected area and frequency
have been declining according to the annual Marine Environmental
Quality Bulletin of Guangdong Province, as shown in Figure S1.

2.2. In situ data

Three field cruises in September 2018, July 2019, and January 2020
were conducted to obtain in situ data in the study region (Fig. 1a), where
water quality parameters (Chl-a and turbidity) and remote sensing
reflectance (R,;) were measured. Datasets were automatically collected
through integrated underway sampling systems developed by Sinofloat
Co., Ltd., including an apparent optical property (AOP) observation
system (GZSS_CruiseAOP) and a bio-optical parameter observation
system (ZKQH_CruiseBOP) (see specifications for the two systems in
Table S1). The GZSS_CruiseAOP system has three hyperspectral radi-
ometers (TriOS RAMSES), measuring the above-water upwelling radi-
ance (L), the skylight radiance (Ly,) and the downwelling irradiance
(Ey), respectively, in a simultaneous manner (Fig. 2a). The R, data for
each measurement were estimated as follows:

Lu 7pf X Lsky

R, =
E,

(€)]
where p, is the sea surface reflectance factor, which was set to 0.028
(Mobley, 1999). In situ hyperspectral R;s measurements were converted
into equivalent MODIS bands with the spectral response functions of
MODIS instruments before their use in algorithm development and
evaluation (Li et al., 2019).
The ZKQH_CruiseBOP system configured an ECO-Triplet instrument
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(WET Labs, 2008) within a sealed tank; surface water is constantly
pumped into the tank along the cruise track to measure the Chl-a and
turbidity data every 15s, based on the fluorescence of chlorophyll and
backscattering of sediments, respectively (Fig. 2b). Bubbles within the
tank were removed first through a prefiltering device to exclude po-
tential impacts on data quality. Furthermore, sporadic water samples at
the ocean surface were collected during the cruise surveys when
possible. The samples were taken into the laboratory to measure the
concentrations of Chl-a and total suspended sediments (TSS), following
the same methods used in Guan et al. (2020). Indeed, the underway Chl-
a (or turbidity) measurements are highly correlated with laboratory-
measured Chl-a (or TSS) (see Fig. 3), indicating the high reliability of
the datasets collected by the ZKQH_CruiseBOP system. Therefore, the
relationships presented in Fig. 3 were used to recalibrate the underway
measurements of the ZKQH_CruiseBOP system.

Datasets collected from the two underway systems (i.e., Chl-a-R;s
pairs) at the same time and location were determined, and the quality
assurance (QA) screening criteria were applied to exclude low-quality
R;; measurements (Wei et al., 2016). A total of 971 Chl-a-R;s pairs
were obtained (see locations in Fig. 1a), covering 19 days during the
three cruises. The R spectra and Chl-a concentrations for these pairs are
plotted in Fig. 2c&d, and the associated statistics are listed in Table 1. In
situ Chl-a-R;s match-ups (Fig. 1a, 971 samples) and all high-frequency
Chl-a measurements during the three cruises were used to calibrate
and validate the Chl-a estimation algorithms.

In situ Chl-a data of Hong Kong coastal waters were also routinely
measured at three depths (surface, middle, and bottom) based on a
spectro-photometric method by the HKEPD (https://www.epd.gov.hk/)
on a monthly basis starting in 1986, which serve as valuable indepen-
dent datasets to gauge the performance of the satellite-derived Chl-a
concentrations. Long-term surveyed data from 46 HKEPD stations (see
yellow squares in Fig. 1a) were obtained, where the stations are located
at least three MODIS pixels away from the coastline to eliminate po-
tential impacts of land adjacent effects on the Chl-a retrievals (Feng and
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Fig. 2. Photographs of the underway (a) apparent optical property observation system (GZSS_CruiseAOP) and (b) bio-optical parameter observation system
(ZKQH_CruiseBOP). R, spectral measurements color-coded according to their Chl-a (c) and TSS (d) concentrations.
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Fig. 3. Relationship between laboratory-based and cruise-based water quality. (a) Chl-a (R? =0.92) and (b) TSS (R? =0.90).
Table 1
Statistics of in situ Chl-a and TSS concentrations collected during three cruises.
Cruise N Chl-a (pg/L) TSS (mg/L)
max min mean + STD median max min mean + STD median
2018-09 26 8.34 0.49 2.31+1.84 1.49 137.50 1.21 23.08 £29.66 11.02
2019-07 263 32.74 0.13 5.93 +£4.60 4.85 66.05 0.16 9.72+11.78 5.18
2020-01 682 12.70 0.22 3.12+2.17 2.27 41.19 0.35 6.53+6.26 4.03
Total 971 32.74 0.13 3.80+3.23 2.85 137.50 0.16 7.82+9.97 4.65

Hu, 2017). In total, Chl-a measurements from 12,765 samples were
obtained between 2003 and 2019 (Fig. 1a).

2.3. MODIS data and preprocessing

Level 1A MODIS/Aqua images covering the study area were down-
loaded from the NASA Goddard Space Flight Center (GSFC,
https://oceancolor.gsfc.nasa.gov/), and a total of 5879 images from
2003 to 2019 were obtained. These images were processed with SeaDAS
software (version 7.4) to produce R;s data using the NIR-SWIR-based
atmospheric correction algorithm (Wang and Shi, 2006). The NIR-
SWIR algorithm was specifically designed for productive coastal and
inland waters, and extensive validations have demonstrated its high
performance in global and regional oceans (Vanhellemont and Ruddick,
2015; Wang and Shi, 2007; Wang et al., 2009; Xu et al., 2020). Notably,
the default cloud albedo mask was changed from Rycgso =0.027 to
Rrc,2130 = 0.037 (Ryc869 and Ryc2130 are the Rayleigh scattering cor-
rected reflectance of MODIS bands at 869 nm and 2130 nm, respec-
tively), which is used to obtain more valid satellite observations on the
turbid coast; this practice was also recommended by previous studies
(Wang et al., 2021; Wang and Shi, 2006). The R,; images were remapped
to a cylindrical equidistance projection and then resampled to a spatial
resolution of 250 m. Sensitivity analysis revealed that the resampling
process presented small impact on Chl-a maps, with mean absolute bias
of 0.02 pg/L (1 %) and mean ratio of 0.97. Furthermore, we applied the
QA screening criteria proposed by Wei et al. (2016) to remove invalid
pixels (i.e., QA score < 0.5).

3. Methods
3.1. Chl-a algorithm development

Various remote sensing algorithms have been proposed previously to
estimate Chl-a in oceanic and inland waters, which can be classified as
either empirical or semianalytical algorithms (e.g., Matthews, 2011;
Neil et al., 2019; Odermatt et al., 2018; Odermatt et al., 2012). In gen-
eral, empirical algorithms are based on correlations between Chl-a and
certain band combinations (i.e., spectral indices) of remote sensing

instruments, while semianalytical algorithms require physical modeling
of in-water radiometric transfer processes (i.e., absorption and scat-
tering). We selected many spectral indices that have been successful for
Chl-a estimations in global or regional oceanic waters, aiming to find the
optimal index for our study region (see Table 2). These indices are
categorized into four different types, including blue-green (e.g., OC3,
O’Reilly and Werdell, 2019), green-red (e.g., Le et al., 2013), red-NIR (e.
g., Gitelson et al., 2008), and baseline (e.g., CI, Hu et al., 2012; FLH,
Letelier and Abbott, 1996; MCI, McCullough, 2007; SCI, Shen et al.,
2010). Each of the first three types of spectral indices may involve
various forms, such as the difference-based and ratio-based forms for
blue-green, three-band, or four-band-based forms for red-NIR. However,
we found a similar performance (not shown here) among different forms
in each type and thus only listed a single form for each type (i.e., blue-
green, green-red, red-NIR) in Table 2.

We used in situ R-Chl-a pairs to recalibrate the correlations between
different spectral indices and Chl-a and then calculated the accuracy
measures using in situ Ris-estimated and field-measured Chl-a (see
below). Furthermore, we explored the impact of turbidity on these al-
gorithms by using R 645 as a proxy for turbidity levels (see Fig. 4). In
practice, we used R-Chl-a pairs where Risg45 was below a certain
threshold (denoted as Thres-Rys645) to perform the recalibration and
performance evaluation procedures (Fig. 4a, b). Then, we determined
the optimal algorithm and its applicable turbidity levels (i.e., Rys 645) by
examining the responses of the accuracy measures to different Thres-
Rys645. Indeed, the magnitude of Rysp4s has been widely used for
turbidity retrievals in coastal and inland waters (Hu et al., 2004;
Ondrusek et al., 2012) because of the strong scattering of suspended
sediments and the relatively small signal from other optically sensitive
components (i.e., Chl-a and CDOM) in the red band. Moreover, we
evaluated the performance of the quasi-analytical algorithm (QAA)
developed by Lee et al. (2002) for retrieving Chl-a by using all the in situ
Rys-Chl-a pairs.

To address the poor performances of these previously used spectral
indices in obtaining Chl-a in highly turbid waters (Fig. 4a, b), a
regionalized spectral index with a better correlation with Chl-a in the
study area is proposed. We tested the correlation relationship between
Chl-a and all possible combinations of MODIS bands (see correlation
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Table 2
Performances of frequently used Chl-a algorithms for low-turbid waters (Rys 645 < 0.006, N = 373).
Combination forms model Reference Spectral indices R? R%(log) MRD URMSD MedRatio
(%) (%)
Blue-G 0C3 ax(Rys(443), Rs(488))/R,s(547 0.47 0.73 30.27 32.66 0.98
ue-hreen O’Reilly and Werdell, 2019 max(Rrs (443), Rrs(488))/Rrs(547)
Green-Red GR2 R5(667)/Rrs(547) 0.14 0.20 45.04 51.17 1.15
Le et al., 2013
-NI 1 -1 X .12 . K 1.41
Red-NIR RN3 Gitelson et al. 2008 (1/Ry5(645) — 1/R;(678)) x Rrs(748) 0.06 0 57.93 59.63 4
CI CI Hu et al., 2012 BL (443,555,667)* 0.10 0.47 47.19 50.13 0.97
FLH FLH Letelier and Abbott, 1996 BL (667,678,748) 0.23 0.51 51.80 49.86 1.33
MCI MCI McCullough, 2007 BL (645,748,859) 0.04 0.19 58.23 58.49 1.36
SCI SCI Shen et al., 2010 SCI (555,645,667,678)** 0.00 0.05 61.13 59.26 1.41
Semianalytical model® QAA Lee et al., 2002 0.47 0.38 43.49 45.77 1.18
*BL (b1, b2, b3) indicatesRysp2— (Rrsp1 + (b2 —b1)/(b3 — bl) x (Rysp3 — Resp1)-
**SCI (b1, b2, b3, b4) indicates —BL(b4,b3,b2) —BL(b4,b2,b1).
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Fig. 4. (a-b) Performance comparison between OC3 and seven commonly used models under increasing turbidity levels (represented by increased Ryse4s). (d-€)
Performance of the BL443 model and OC3 algorithm under decreasing turbidity levels (represented by decreased Rys g45). (c-f) The cumulative number of samples for

their corresponding left panels.

coefficients in Table 3) to develop an algorithm that is applicable to
highly turbid waters in this region. Similar to the procedures for low-
turbidity waters, we also examined the sensitivity of these algorithms
at different turbidity levels (represented as Ry 645). In this case, we used
in situ Ry-Chl-a pairs when Ryse45 Was above various thresholds to
calibrate and validate these algorithms (see Fig. 4d, e), and we deter-
mined both the optimal algorithm and the applicable turbidity level.

3.2. Algorithm validations

To determine the accuracy levels of the developed Chl-a algorithm,
satellite-derived Chl-a data were compared against concurrently
measured Chl-a datasets from both the HKEPD (13,150 in total) and our
cruise surveys (56,167 in total, not used in Ry-Chl-a pairs). Several
criteria were followed when determining concurrent satellite-in situ
match-up pairs: (1) the in situ measurements and satellite overpasses are
within 3 h a day for the cruise survey data obtained by our group; such a

time window was set to 1 day for the HKEPD datasets since the time
information was not available; and (2) > 50 % (i.e., > 5) of the pixels
within the 3 x 3-pixel window centered at each in situ station are valid (i.
e., spectra can pass the QA screening mentioned above), where the co-
efficient of variation (calculated as the standard deviation divided by the
mean) is < 5 % within the window. Then, the median Chl-a of the valid
pixels within a 3 x 3 window was calculated to represent satellite
retrieval. A total of 255 satellite-in situ match-up pairs were obtained,
and the data were spread across different seasons. Note that one major
reason to include the HKEPD dataset in our study is that few satellite-in
situ match-up pairs at low-turbidity levels were obtained from our sur-
vey data.

The accuracy measures used to determine the agreements between
Chl-a estimates (both from in situ spectra and satellite) and field mea-
surements include slope, coefficient of determination (R?), the median
relative difference (MRD, %), unbiased root median squared relative
difference (URMSD, %), and median ratio (MedRatio). The use of
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Spectral combination forms previously proposed for Chl-a estimation. For each form, we used a permutation searching strategy to find the optimal MODIS band
combinations (b1-b4 indicate MODIS bands) with the highest correlation coefficient.

Spectral General form Calibrated bands correlation Model R? R%(log) MRD URMSD  MedRatio
indices (nm) coefficients form (%) (%)
2 bands Resp1 —Risp2 488, 748 —0.63 1 0.40 0.34 33.44  36.01 1.09
Risp1 + Respa 469, 488 —0.54 2 0.47 0.35 34.69 37.78 1.04
Resp1/Rrsp2 645, 667 0.54 2 0.34 0.27 39.87 41.25 1.11
(Rrsp1 — Rrsp2)/(Resp1 + Resp2) 645, 667 0.52 1 0.34  0.27 40.02  40.71 1.11
(Rrsp1 + Rrsp2) X Res(b1)/Rys(b2) 488, 678 —0.60 3 0.38 0.21 33.54 36.16 1.04
3 bands (1/Rysp1 —1/Respa) X Ryspa 443, 531, 555 0.55 2 0.31  0.20 43.90 43.21 1.17
(Rrsb1 —Rrsp2) X Rrsps 412, 469, 488 0.48 3 0.25  0.07 45.89  47.65 1.09
(1/Resp1 —1/Resp2) X (1/Rrsp3 — 1/Respa) 547, 555, 645 0.65 4 0.42 029 38.74 4157 1.12
Rrsp1/Resp2 + Resps 547, 555, 645 —-0.57 3 0.32 0.11 43.49 45.11 1.07
Resp1/(Resp2 + Risp3) 469, 488, 531 —0.49 1 0.32  0.25 42.63  42.88 1.14
Rrsp2 —(Resp1 + (Rrsps — Resp1) X 412, 443, 645 —-0.70 4 0.50  0.48 3296 29.93 0.93
(b2 —b1)/(b3 — b1))
4 bands (Rrsp1r — Rrsp2)/(Resps — Rrspa) 412, 443, 469, —0.69 3 0.48  0.44 33.03 33.54 1.12
531
(1/Rrsp1 = 1/Resp2)/(1/Resp3 — 1/Rrspa) 412, 443, 469, —0.60 4 041  0.41 3591  36.55 1.11
531
Resp1/Rrsp2 + Resps/Respa 412, 443, 645, 0.65 4 0.43  0.38 38.08 39.20 1.12
667
(Rrsp1 + Riesp2)/(Rrsba + Rrspa) 469, 488, 531, —0.47 1 0.30 0.21 45.05 46.28 1.15
547

Model form 1: y = asexp(bex); Model form 2: y = aex®; Model form 3: y = aex -+ b; Model form 4: y = aex® + bex +c.

URMSD was to avoid the impact of outliers causing skewed error dis-
tributions (Hu et al., 2012). The calculations of MRD, URMSD, and
MedRatio are described as follows:

E, — M,
MRD = median( : ') 2
M;
2 x (B, — M)\’
URMSD = | median((x(")> ) ®3)
E+ M,
MedRatio = median 5 ()]
= i

where E;, M; are the estimated and in situ measured Chl-a, respec-
tively, and n is the number of matched pairs.

3.3. Determination of the spatial and temporal dynamics of Chl-a

The proposed Chl-a algorithm was applied to 5879 MODIS images
from 2003 to 2019 to generate long-term Chl-a records for coastal wa-
ters in the GBA. For each image, Chl-a retrievals for pixels less than three
pixels away from the coastline were removed to eliminate the potential
impacts of land adjacent effects (Feng and Hu, 2017). The daily MODIS
Chl-a maps were used to generate monthly mean Chl-a composites,
which were used further to produce annual mean and climatological
monthly mean Chl-a maps. There are some missing values due to several
factors (e.g., cloud, sunglint, and land), and at least six and three valid
Chl-a values are required for the calculation of annual mean and
climatological monthly mean, respectively. Trends (also as change rate)
for each location of the study region were calculated and represented the
linear slope over the annual mean Chl-a maps, following the same
methods as many previous studies (Guan et al., 2020; Wang et al., 2021;
Yung et al., 2001).

4. Results
4.1. Developing a hybrid Chl-a algorithm with in situ datasets
The recalibrated OC3 algorithm (hereafter simply “OC3” unless

otherwise specified) shows the best agreement between in situ Rys-esti-
mated and field-measured Chl-a among the examined algorithms, with

the lowest MRD and URMSD and the highest R? (Fig. 4a, b &c, and
Table 2). The accuracy levels of all algorithms (including OC3) show an
apparent decreasing trend with increasing water turbidity (i.e., Rys 645).
A Thres-Rys 645 value of 0.006 can be determined, as Chl-a can be
accurately estimated with the OC3 algorithm when Ry¢45 is below
0.006. The selection of this critical value is a compromise between the
performance of the algorithm (i.e., unacceptable accuracy levels when
Rys,645 > 0.006, with R? < 0.4 and median ratio > 1.1), the coverage of
the Chl-a and turbidity levels (i.e., Chl-a is ~ 33 pg/L and TSS is ~ 5 mg/
L for Resp45 =0.006, see Figure S2), and the number of data used in
algorithm development (i.e., >300 in situ Ry-Chl-a pairs for
Rys,645 < 0.006). The recalibrated OC3 algorithm can be expressed as
follows:

Chlao(;g — lo(ax4+bxl+cxz+drl+e) (5)

max (Rr::.443 -Rr.vABS)
Rrss47

where x = log< ) The recalibrated coefficients from a

to e are —4.021, 0.132, 2.235, —2.615, and 0.234, respectively.

Of the various band combinations designed for turbid waters (see
Table 3), a baseline-based index (denoted as BL443) showed the best
performance, which can be expressed as follows:

443 — 412

BL443 = Rs443 — | Ry —_—
3 75,443 ( m‘412+645 — 412(

Rr.\',()45 - RrsA]Z) > (6)

The designation of BL443 is very similar to that of CI, FAI, FLH, MCI,
and many spectral indices (Hu, 2009; Hu et al., 2012; Letelier and
Abbott, 1996; McCullough, 2007; Shen et al., 2010), which numerically
represents the heights of the reflectance at the central band above a
baseline linking the reflectance at short and long wavelengths (Fig. 5).
As shown in Fig. 5a, the short, central, and long wavelengths used in
BL443 are 413, 443 and 645 nm, respectively.

Similar to the OC3 algorithm, the performance of the BL443-based
algorithm is also sensitive to turbidity changes (Fig. 4). The best
agreement between the estimated and measured Chl-a was found when
Rys 645 Was approximately 0.006; the performance was substantially
more unsatisfactory when Ry 645 was below this threshold (Fig. 4d&e).

To follow the convention adopted by NASA in determining the co-
efficients for OCx algorithms (Hu et al., 2019), we binned the data ac-
cording to different levels of Chl-a and Ry 645 (598 in total for pairs with
Rys 645 above 0.006). Chl-a data were first binned in logarithmic space
(Eq. (7)), and the corresponding mean BL443 was calculated for each
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Fig. 5. (a-b) Comparison of several in situ R, records (sr'}) with different Chl-a concentrations (pg/L). The heights of the 443-nm band above the baseline linking the
reflectance at 412- and 645-nm bands (BL443, denoted as D; of (b)) decrease with elevated Chl-a. (c) Relationship between binned BL443 and Chl-a.

log-space grid. Then, the binned data were binned again according to
BL443 in linear space (Eq. (8)), with the corresponding mean Chl-a and
mean BL443 calculated.

Lenai = 0.01 X i"" H ey = 0.01x(i+ 1) i=1,2,.-N @

Lppas; =min+A x (i—1),Hppaas; = min+A x i,i=1,2, N (8)

where L cyo; and Hgpg; are the lower and higher bounds for the it
Chl-a bin. L p443, H pra43; are the lower and higher bounds for the it bin
of BL443, Ais is the fixed interval and min is the minimum value of the
first-binned value of BL443. The coefficients of the algorithm were
determined through the regression between the binned Chl-a and BL443
(Fig. 5¢), which can be expressed as follows:

Chldguyg = 108)(+b (9)

where a = —173.16, b = 0.9647 (R? = 0.74).

Since Ry 45 = 0.006 is the same upper bound that the OC3 algorithm
shows for optimal retrieval accuracies in the study area in lower
turbidity waters, a hybrid algorithm based on the OC3 and BL443-based
algorithms is developed to retrieve Chl-a across the entire in situ
measured turbidity range. The hybrid algorithm is formulated as
follows:

Chlaocs [Rys45 < 0.005]

Chl—a= Chlagpag [Rysess > 0.007] (10)
aChlaocs + PChlagraus [0.005 < Ryye45 < 0.007]
where the weighting factors are o= (0.007 — Ryeas)/

(0.007 — 0.005), 8 = (Rys.645 — 0.005)/(0.007 — 0.005). Here, we select
0.005 and 0.007 as the lower and upper bounds of the transition zone,
respectively, which are used to ensure a smooth transition between the
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OC3 and BL443 algorithms. The overall accuracy measures of the hybrid
algorithm are presented in Fig. 6a and Table 4.

4.2. Performance of satellite-derived Chl-a using the hybrid algorithm

Validation using satellite-in situ match-up pairs shows that Chl-a
concentrations estimated using the hybrid algorithm agree well with the
in situ measurements (R2 =0.81) (Fig. 6b); the matched points are
generally distributed along the 1:1 line with the slope of 0.73. The
URMSD was 33.8 % (N = 255) and was reduced to 23.5 % when only the
datasets from our group were used (i.e., excluding the HKEPD dataset,
N =117). Indeed, such an accuracy level satisfied the mission goal of the
ocean color community in obtaining Chl-a concentrations (i.e., an un-
certainty level of 35% for the global ocean) (O’Reilly and Werdell,
2019). Furthermore, we found reasonable agreement between in situ
Chl-a and satellite retrievals across four seasons (see Fig. 6b), with the
slopes of 1.036 (Spring), 0.6475 (Summer), 0.8387 (Autumn), and
0.7817 (Winter), respectively. The slope difference across four seasons is
partially due to the seasonal dynamics of phytoplankton community
composition (or photoacclimation status) and the seasonal difference in
the terrestrial discharges. These results indicate that the currently
developed hybrid algorithm can be used to estimate long-term Chl-a
patterns of the coastal oceans in the GBA and across different seasons.

4.3. Intra- and interannual dynamics of Chl-a

Fig. 7 shows the climatological monthly mean Chl-a maps from 2003
to 2019. Although Chl-a concentrations consistently decreased from the
northwestern to southeastern GBA throughout the year, spatial patterns
diverged substantially between dry and wet seasons. For nearshore
waters, higher Chl-a concentrations (red colors) could be observed
during wet seasons (April to September) than during dry seasons

T e ey
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[ MRD=31.68% ]
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. 1. 10
insitu Chl-a(pg/L)

Fig. 6. (a) Overall performance of the proposed model gauged by in situ R,s-retrieved Chl-a datasets, where color indicates the density of data points. (b) Validation of
MODIS-retrieved Chl-a concentrations using in situ Chl-a data obtained from three cruises and routine surveys by HKEPD.
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Table 4
Overall performance of the proposed model in this study based on 971 in situ R,-Chl-a samples. Comparisons with previous studies over this study area are also
indicated.
Model X Model form R? Rz(log) MRD URMSD MedRatio
(%) (%)
This study 0.46 0.60 31.10 32.17 1.05
Liu_2008 _ Ry5(695) — Ri5(694) Chla = 6.1826 + 40833.1121x + 0.00 0.00 60.84 64.00 1.43
- 695 — 694 89521596.0545x% —51080584539.5196x>
Liu_ 2010 _ Ri(859) Chl—a = 5.9278¢74727x 0.00  0.01 420.54 139.05 5.21
" Ry(645)
Chen_2011 -~ 1 1 Chla = 331.01x + 14.609 0.14 0.03 201.91 111.70 2.22
= (R,S(684) - ,5(690)) x
Rrs(718)
Zhang 2011 _ Ry5(748) Chl—a = exp (x - 0‘4016> 0.01 0.02 93.62 171.58 0.08
Ry5(667) 0.1208
Majid_2016 -~ Ry5(660) y =1.31 + 0.64x 0.37 0.30 947.48 165.14 10.47
" R,(485)°

2 'SIIS 113.5 114 114.5 115 113.5 114

114.5 115

13.5 114 114.5 115 113.5 114 1145 115

Fig. 7. Climatological monthly Chl-a distributions from MODIS (2003-2019). For all pixels, at least three valid monthly data in all years were required for the
climatological monthly mean calculation. Black and white areas denote land and nonretrievals, respectively.

(October to March). In particular, large plumes can be identified in the
summer months in the study area, which could be attributed to larger
riverine discharge and the prevailing monsoon-driven coastal current
(Ye et al., 2020). In contrast, Chl-a decreased remarkably when the dry
season started (October) and then remained low through March of the
following year. For offshore waters, opposite intra-annual variations
were observed, with higher Chl-a values in the dry season than in the
wet season.

The annual mean Chl-a maps from 2003 to 2019 are shown in Fig. 8,
where the spatial patterns are similar to that of the monthly composite
(Fig. 7), with higher values in the northwestern areas of the coastal
oceans in the GBA. Fig. 9 demonstrates the change rate of Chl-a con-
centration within the 17-year period, where the color-coded regions
show statistically significant trends (i.e., p < 0.05). The Chl-a of the west
coastal waters in the GBA shows a dominant decreasing trend (averaged
at 0.054 pg/L yr 1) during the observational period, particularly in the
inner PRE, where riverine discharge and saltwater interact frequently. In
contrast, significant increasing trends primarily occurred in the eastern
DYB (averaged at 0.035 pg/L yr 1), located east of the study area. Few
regions in offshore oceans show significantly changing trends, and their
change rates are very low, indicating a generally stable Chl-a level
during the study period.

5. Discussion
5.1. Uncertainty in the MODIS Chl-a concentrations

We proposed a novel hybrid Chl-a algorithm for the coastal oceans of
the GBA, where the recalibrated OC3 and a baseline-based index
(BL443) algorithms were used for low- and high-turbidity waters,
respectively, and the Ry;645 was used to determine the turbidity level.
OC3 is based on the ratio between blue and green wavelengths, which is
the default algorithm for MODIS band adopted by NASA to generate the
Chl-a product with values not-less-than 0.3 pg/L (Hu et al., 2012); our
results demonstrate its applicability in low-turbidity waters in the GBA.
However, the absorption of phytoplankton pigments in the blue band
overlaps with other optically active parameters (e.g., dissolved organic
matter and suspended inorganic particles), making it difficult to esti-
mate Chl-a in coastal waters enriched in those parameters with the OC3
algorithm (e.g., Moore et al., 2014). Thus, we proposed a baseline al-
gorithm (BL443) based on the high correlation (~0.7) between BL443
and Chl-a in turbid waters in our study region, and this algorithm out-
performed various types of spectral indices that were previously used to
estimate Chl-a in global coastal and open oceanic waters (see Table 3).
The subtraction-based designation of baseline indices has been
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Fig. 8. Annual Chl-a distributions from MODIS (2003-2019). For all pixels, at least six valid monthly values were required for the annual mean calculation. Black

and white areas denote land and nonretrievals, respectively.
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Fig. 9. The change rate (ug/L yr~') of Chl-a, expressed as the linear slope that
was estimated using the annual maps in Fig. 8; only the locations with signif-
icant trends (p < 0.05) are color-coded. Significant decreasing and increasing
trends are detected in the inner Pearl River Estuary (inner PRE) and eastern

Daya Bay (eastern DYB), respectively.

demonstrated to be more tolerant of atmospheric correction un-
certainties, satellite/solar geometries, and other unfavorable observa-
tional conditions (Hu, 2009; Hu et al., 2012).

We also used our datasets to examine the performance of regional
Chl-a algorithms (i.e., Liu_2008, Liu 2010, Chen_2011, Zhang 2011,
Majid 2016, named after the authors and published years) that were
previously developed for the same study area. Unfortunately, none of
these algorithms can obtain promising Chl-a retrievals (see Table 4),
possibly due to the limited datasets used to establish these algorithms.
Indeed, validations show that the MODIS-derived Chl-a concentration
has a URMSD of 33.8 %. However, such uncertainties cannot be attrib-
uted to only the hybrid algorithm for the following three reasons. First,
bias induced by imperfect atmospheric correction algorithm to Ry pro-
duced uncertainty of retrieved Chl-a. Second, the in situ data are point-
based observations, mismatching the area-based measurements by sat-
ellite (i.e., 250 x 250 m for MODIS). Third, time windows (3 h for our
surveyed data and 1 day for the HKEPD datasets) were used to determine
the in situ-satellite match-ups, and the changes in the optical properties
within the time windows may also lead to the resulting uncertainty in
the calculations. This argument can be partially justified by the fact that
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the uncertainty estimate using our surveyed data (23.5%), with a
smaller time window, is lower than that using HKEPD data (50.1 %) or
using the two datasets (33.8 %). Nevertheless, we acknowledge that the
Chl-a algorithm developed here was based on our own in situ data, while
its applicability to other coastal and estuarine regions requires further
regionalized recalibrations.

5.2. Implications and limitations

Eutrophication is a big concern in coastal waters as it can affect not
only aquatic ecosystem health and marine fishery yield but also threaten
adjacent water supplies. Indeed, the coastal water of the GBA provides a
large-scale living environment for aquaculture. As reported, the marine
fishery yield occupies 45 % of the total fishery industry in Guangdong
province (numbers were estimated from the Chinese Fishery Statistical
Yearbook (2019)). Moreover, limited by terrestrial surface freshwater
resources, coastal brackish or salty water as well as coastal groundwater
often exchanged with intrusive seawater have been becoming an indis-
pensable resource within the water supply system of surrounding cities
and counties (Liu et al., 2019a; Liu et al., 2019b). As an important in-
dicator of eutrophication state, accurate Chl-a monitoring and its
interannual changes during recent decades can serve as baseline infor-
mation for estuary-specific environmental assessment and sustainable
management. The developed local Chl-a retrieval algorithm could be
operationally applied for real-time monitoring of water quality and
water security based on the frequent MODIS observations in the future.
Clarifying the long-term changes of Chl-a would help the government
enact policies for local conditions.

The growth rate of phytoplankton in the surface ocean can be
modulated by temperature, light availability, and nutrients, among
many other environmental factors (Arteaga et al., 2020; Rabalais et al.,
2009; Sherman et al., 2016). Meanwhile, these factors can be further
regulated by local climate, regional physical processes, and anthropo-
genic activities. As such, a future quantitative attribution of the Chl-a
changes over the coastal oceans of the GBA requires not only detailed
datasets of all environmental factors, but also sophisticated numerical
models to understand the biophysical process of this region.

6. Conclusions

We proposed a hybrid Chl-a algorithm for the coastal oceans of the
GBA in China. In this algorithm, the OC3 algorithm and a baseline index
(BL443) were adopted for low- and high-turbidity waters, and
Rrs,645 = 0.006 was used to determine the water turbidity types. Vali-
dations show that satellite Chl-a retrieved using this algorithm has an
uncertainty level of 33.8%. We applied this hybrid algorithm to all
MODIS images between 2003 and 2019 covering the GBA and provided
the first comprehensive characterization of the Chl-a dynamics in this
region. In addition to the remarkable seasonality, the most striking
finding is the significant decreasing trend in the inner estuary areas and
the increasing trends in Daya Bay. Our study provides important base-
line information for future protection and mitigation efforts for regional
coastal oceans; the methods developed here are easily extended to other
coastal global estuarine waters to examine the long-term patterns of
phytoplankton dynamics.
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