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The trends of sea surface chlorophyll-a (Chl-a) concentrations in the Bohai and Yellow Seas of China (BYS) were
analysed based on the satellite-derived Chl-a dataset from August 2002 to December 2018. The result of linear
trend analysis based on the seasonal Mann-Kendall test indicates a significant positive Chl-a trend during this
period, with an average trend of ~1.15% year− 1 (Slope: ~0.011 mg year − 1). However, the linear trends of Chl-a
varied seasonally, with strong and significant increases in spring and summer (about 2% year− 1), and weak and
non-significant increases in winter (lower than 1% year− 1). The results of the ensemble empirical mode
decomposition (EEMD) analysis revealed highly nonlinear and time-varying trends of Chl-a in the BYS, with
gradually increased Chl-a during 2002–2011 and decreased Chl-a from 2012 to 2018. The instantaneous rate of
Chl-a change was continuously reduced from 2002 to 2018, from a positive value of ~2.0% year− 1 around the
beginning year (2002) to a negative value of approximately − 2.0% year− 1 around the recent year (2018). The
temporal evolution of the Chl-a trend was well in accordance with the changes in nutrient enrichment, suggesting
that the status of eutrophication might be the primary driver of the long-term trends in Chl-a. The increase
(decrease) in nutrient levels could alleviate (aggravate) the nutrient limitation for phytoplankton growth in
spring and summer, thus regulating the changes in Chl-a. In contrast, the Chl-a trend seems to be unrelated to the
trend of light intensity in this area. This is the first study aimed to discern and compare the linear and evolu
tionary nonlinear Chl-a trends in the BYS and provides a baseline against which future changes can be monitored.

1. Introduction
Marine phytoplankton produces approximately half of the global
total primary production, forming the foundation of all marine ecosys
tems (Field et al., 1998). In the context of climate change and anthro
pogenic disturbance bearing on marine ecosystems, phytoplankton
biomass is likely to be affected, and its dynamic need to be monitored
and understood to predict the intensity and direction of future changes
in fisheries and marine ecosystems (Barnett et al., 2001; Hoegh-Guld
berg and Bruno, 2010; Smetacek and Cleorn, 2008). To date, the most
comprehensive information on phytoplankton biomass dynamics comes
from the remotely sensed chlorophyll-a (Chl-a) at high spatial-temporal
resolutions and coverages (IOCCG, 2000; Joint and Groom, 2000). In the
past two decades, numerous studies have used satellite-derived Chl-a to
investigate the temporal and spatial dynamics of phytoplankton biomass

(Demarcq et al., 2012; Friedland et al., 2018; Gregg et al., 2005; Gregg
and Rousseaux, 2014; Henson et al., 2018; Nieto and Mélin, 2017; Siegel
et al., 2013; Vantrepotte and Mélin, 2011). Overall, the characteristics of
Chl-a spatial distribution and seasonal variability could be well dis
cerned by satellite observations because of their distinct features
(Demarcq et al., 2012; Doney et al., 2003; Sasai et al., 2012; Werdell
et al., 2009; Yoder and Kennelly, 2003). In contrast, the interannual
variations and long-term trends usually account for a small fraction of
the total variance in the Chl-a time series and are thus more susceptible
to data biases (Beaulieu et al., 2013; Gregg and Rousseaux, 2014; Gregg
et al., 2017; Hammond et al., 2017, 2018; Lamont et al., 2019;
Sathyendranath et al., 2017; Vantrepotte and Mélin, 2011). For
example, the satellite Chl-a algorithm errors (Cui et al., 2010; Gregg
et al., 2009; Melin et al., 2007; Sathyendranath et al., 2017) and
cross-mission biases (Hammond et al., 2017; Melin et al., 2017;

* Corresponding author. Yantai Institute of Coastal Zone Research, CAS, 17th Chunhui Road, Laishan District, 264003, Yantai, China.
E-mail address: yueqiwang@yic.ac.cn (Y. Wang).
https://doi.org/10.1016/j.ecss.2021.107449
Received 21 November 2020; Received in revised form 30 March 2021; Accepted 27 May 2021
Available online 9 June 2021
0272-7714/© 2021 Elsevier Ltd. All rights reserved.

Y. Wang et al.

Estuarine, Coastal and Shelf Science 259 (2021) 107449

Sathyendranath et al., 2017; Sravanthi et al., 2017) can have significant
impacts on the generation of long-term Chl-a data series (Beaulieu et al.,
2013; Sathyendranath et al., 2017), thereby resulting in uncertainties in
their trend estimates (Melin et al., 2017; Wang et al., 2019b). As a
consequence, although there is mounting evidence that marine phyto
plankton biomass changes at basin-wide (Basterretxea et al., 2018;
Kahru et al., 2009; Lamont et al., 2019) and global scales (Feng and Zhu,
2012; Gregg and Rousseaux, 2014; Siegel et al., 2013), considerable
uncertainties remain regarding the intensity and direction of the Chl-a
trends, primarily due to the different datasets and methodologies
being used (Beaulieu et al., 2013; Boyce et al., 2010, 2014; Siegel et al.,
2013).
The Bohai and Yellow Seas (BYS), located in northern China, are
connected by the Bohai Strait (Fig. 1a). Most of the BYS consists of a
shallow continental shelf (water depth < 100 m) and its marine
ecosystem undergoes impacts from strong atmosphere-land-ocean in
teractions and severe human activities. Numerous rivers from the sur
rounding continents, including two of the largest rivers in the world (i.e.
Yangtze River and Yellow River), flow into the BYS (Fig. 1a), supplying
large amounts of freshwater and sediments, and providing substantial
land-sourced nutrients to support phytoplankton growth. The East Asian
monsoon associated with seasonal changes in atmospheric temperature,
dominates the meteorological condition of the BYS (Wei et al., 2010; Wu
et al., 2016; Zheng et al., 2017), which has a strong impact on the
physical sea environment, such as water column stratification (Park
et al., 2015; Tan and Shi, 2012), frontal structure (Chen, 2009; Lie et al.,
2009), and current system (Mask et al., 1998; Yanagi and Takahashi,
1993). These complex physical processes regulate phytoplankton
growth in the euphotic layer by influencing light availability, nutrient
supply and grazing pressure, thereby affecting the dynamics of sea
surface Chl-a (Liu and Wang, 2013; Wei et al., 2016). According to the
theory of aquatic photosynthesis, the nutrient, light and temperature are
the basic and direct environmental factors influencing the phyto
plankton photosynthetic capacity in aquatic system, thus affecting the
dynamics of Chl-a concentrations in the ocean (Falkowski and Raven,
2007). Therefore, no matter how complicated environmental conditions
of a marine system, the changes of Chl-a could be finally attributed to

the variations in nutrient, light and temperature. Over the past several
decades, the BYS ecosystem has been gradually deteriorating due to the
enhanced eutrophication induced by rapid economic development and
population growth (Strokal et al., 2014; Tang et al., 2016; Wang et al.,
2018). Therefore, the Chl-a dynamics of the BYS are of great concern and
have been widely analysed based on field surveys and satellite obser
vations (Chen and Liu, 2015; Liu and Wang, 2013; Wang et al., 2019c;
Yamaguchi et al., 2012). For instance, the decrease in Chl-a from
nearshore to offshore waters was mainly attributed to the reduced
nutrient concentration with increasing water depth (Kim et al., 2007;
Liu and Wang, 2013; Shi and Wang, 2012). The Chl-a seasonality was
spatially heterogeneous with quite different seasonal cycles between the
coastal and offshore waters in the BYS (Fig. 1 b and c), which was mainly
attributed to the seasonal changes of various environmental drivers
affecting the nutrient and light conditions (Hao et al., 2019; Kong et al.,
2019; Wang et al., 2019c).
Overall, the spatial and seasonal patterns of Chl-a variability in the
BYS have been widely reported, and many features were clearly delin
eated (Chen and Liu, 2015; Liu and Wang, 2013; Zhang et al., 2017). In
contrast, the long-term Chl-a trend is poorly understood, mainly due to
data constraints (Hao et al., 2019; Wang et al., 2019b). Generally, a
long-term reliable Chl-a data record is essential for monitoring and
understanding the evolution of Chl-a trends (Sathyendranath et al.,
2017; Weatherhead et al., 2017). However, the optically complex
properties of the sea water usually bias the satellite Chl-a retrievals
(Melin et al., 2007; Odermatt et al., 2012; Sun et al., 2010), inevitably
reducing the reliability of the conclusions (Melin et al., 2007; Odermatt
et al., 2012). Therefore, some compromises have been adopted for
long-term Chl-a trend analysis in the BYS. For example, the relative
patterns (Fu et al., 2016; Liu and Wang, 2013) or the typical events (e.g.
phytoplankton bloom) were only considered in some studies (Liu et al.,
2015; Shi et al., 2017), and some other studies only focused on the Chl-a
trends in summer and spring when the satellite Chl-a dataset has rela
tively high accuracy (Yamaguchi et al., 2012, 2013). To date, despite
many efforts for Chl-a dynamics studies based on field and remotely
sensed Chl-a observations, some fundamental issues on the Chl-a trends
are still poorly resolved: How has Chl-a been changing in the BYS over

Fig. 1. (a) Geographic map of the study area and spatial distribution of the two distinct provinces (i.e. coastal province and oceanic province) obtained from the Chla seasonal cycles clustering. (b) and (c) are the corresponding averaged seasonal cycles for each province, respectively. (Hao et al., 2019; Wang and Gao, 2020). The
cross marks in (a) are the locations of in situ Chl-a measurements being used for satellite Chl-a validation.
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the last decade? Are trends homogenous in pace and time? What are the
potential drivers for these trends? To explore these issues, a compre
hensive trend analysis, including linear and nonlinear trends, was con
ducted on an improved 16-year (2002–2018) satellite-derived Chl-a data
record for the BYS.
With more than 16 years of reliable satellite-derived Chl-a data, it is
now worthwhile to conduct an unprecedented analysis on it to provide
comprehensive views of the long-term evolution of Chl-a trends in the
BYS. We proceeded in three steps: (1) we addressed the direction and
intensity of the overall linear Chl-a trends based on the seasonal MannKendall (MK) test, (2) we examined the time-varying nonlinear Chl-a
trends based on ensemble empirical mode decomposition (EEMD)
analysis, and (3) we explored the potential drivers (i.e., nutrient, light
and temperature) for the long-term Chl-a trends.

analysis.
To assess the reliability of trend from remotely sensed GAM Chl-a,
two methods were used for evaluation. First, the Rrs time series of VIIRS
(Visible infrared Imaging Radiometer) from 1 January 2014 to 31
December 2018 were compared with MODIS Rrs for their temporal
variability. Second, the other two reported Chl-a algorithms of the BYS
were compared with GAM Chl-a algorithm for their performance. One is
the global standard Ocean Chlorophyll-a three-band algorithm (OC3)
which was calculated using a fourth-order empirical algorithm that uses
the maximum ratio of Rrs at 443 and 488 nm with 547 nm (O’Reilly
et al., 1998). The other one is a regional Tassan-like Chl-a product which
was calculated using a two-order empirical algorithm that uses the
produce of the ratio of Rrs at 443 with 555 nm and 412 with 490 nm
(Siswanto et al., 2011; Yamaguchi et al., 2013). As a result, the GAM,
OC3 for MODIS (OC3M), OC3 for VIIRS (OC3V) and Tanssan-like Chl-a
products were obtained and compared for their performance.

2. Data and methods

2.1.4. Satellite-derived sea surface temperature
The satellite-derived sea surface temperature (SST) data used in this
study is the NOAA’s Optimum Interpolation (OI) 0.25◦ Daily SST (also
known as Reynolds 0.25 v.2) (Reynolds and Smith, 1994; Reynolds
et al., 2007), which was obtained from NOAA’s National Climatic Data
Center (https://www.ncei.noaa.gov/data/). There are two SST analysis
products developed using OI, and the product with only AVHRR
infra-red satellite SST data from 1 August 2002 to 31 December 2018
was used in this study. The monthly composite SST images were
generated as the mean of all daily SST images, and the grid was
resampled to 1/24◦ × 1/24◦ as the Chl-a dataset.

2.1. Datasets
2.1.1. In situ sea surface Chl-a measurements
In situ sea surface Chl-a dataset was used for evaluating the accuracy
of remotely sensed Chl-a. These samples were collected from nine
cruises conducted during the years 2010–2016 (Fig. 1a). These cruises
used the same sampling and analysis methods for Chl-a measurements.
Three duplicate samples of 1000 ml of sea water were collected using
Niskin bottles from a depth of less than 5 meters and then filtered
through 47 mm Whatman GF/F filters under low vacuum. The filters
were kept in the dark at − 20 ◦ C before laboratory analysis. In the lab
oratory, photosynthetic pigments were extracted with 15 ml of 90%
acetone in the dark for 24 hours at 4 ◦ C (Lorenzen, 1967) and the Chl-a
concentration was determined spectrophotometrically (TU-1800,
Persee, China).

2.1.5. Satellite-derived photosynthetically active radiation
The daily satellite-derived photosynthetically active radiation (PAR)
data from MODIS/Aqua were acquired from the Goddard Space Flight
Center OceanColor website (http://oceancolor.gsfc.nasa.gov/) with the
time spans from 1 August 2002 to 31 December 2018. The PAR products
were derived using the algorithm developed by Frouin (2003). Monthly
composite PAR images were generated as the mean of all daily PAR
images included, and the grid was resampled to 1/24◦ × 1/24◦ as the
Chl-a dataset.

2.1.2. Satellite-derived remote sensing reflectance
Level 2 daily remote sensing reflectance (Rrs) images of the Moderate
Resolution Imaging Spectrometer on Aqua platform (MODIS) from 1
August 2002 to 31 December 2018 and the Visible and Infrared Imaging
Spectrometer on the NPP platform (VIIRS) from 1 January 2014 to 31
December 2018 for the geographic area 117o-127◦ E by 31o-41◦ N were
downloaded at full resolution (1 km × 1 km nominal pixel resolution)
from the Goddard Space Flight Center OceanColor website (http://oc
eancolor.gsfc.nasa.gov/). Because the original Rrs images were in sat
ellite swath coordinates, we need to remap all the images onto a com
mon regular geographic grid in order to support data composites and
time series analysis pixel-by-pixel. In addition, considering the trends
were calculated for each pixel, all the Rrs images of MODIS and VIIRS
were finally resampled onto a common regular 1/24◦ × 1/24◦ grid
(approximately 4 km × 4 km grid in the BYS) to reduce computational
burden in following trends analysis.

2.1.6. Satellite-derived diffuse attenuation coefficient of PAR
Daily images of the diffuse attenuation coefficient for the PAR (KPAR)
were calculated from the daily MODIS Rrs data (obtained in section
2.1.1) over the period from 1 August 2002 to 31 December 2018 using
the algorithm constructed by Son and Wang (2015). The monthly
composite KPAR images were generated as the mean of all daily KPAR
images, and the grid was resampled to 1/24◦ × 1/24◦ as the Chl-a
dataset.
2.1.7. Light availability of sea surface
The mean light intensity (Im) over a surface water layer with a spe
cific water depth Dm can be calculated as (Kirk, 1994):

2.1.3. Satellite-derived sea surface Chl-a data
A regional GAM algorithm (statistical Generalized Additive Model)
was used to calculate sea surface Chl-a concentrations based on the daily
Rrs datasets (Wang et al., 2017, 2019c). Briefly, the GAM Chl-a algo
rithm was constructed as a stable nonlinear smoothed regression based
on the GAM, with the in situ Chl-a as a response and the remotely sensed
visible Rrs bands (MODIS Rrs at 412 nm, 443 nm, 469 nm, 488 nm, 531
nm, 547 nm, 555 nm, 645 nm, 667 nm, and 678 nm) and water depth as
predictors (Wang et al., 2017). As a result, daily MODIS Chl-a images
from 1 August 2002 to 31 December 2018 were obtained. Then, the
monthly Chl-a datasets were calculated as the median of all the daily
Chl-a data, and the data interpolation empirical orthogonal function
(DINEOF) method was used to fill the missing values in the monthly
Chl-a dataset (Wang and Liu, 2014). Finally, a cloud-free continuous
monthly Chl-a dataset with 197 temporal steps and 30227 spatial pixels
was constructed from August 2002 to December 2018 for further

Im = I0 ×

1 − e− K×Dm
K × Dm

(1)

where I0 is the sea surface irradiance and K is the attenuation coefficient
of light in the water column.
Strictly, the mean PAR intensity in the mixed layer was commonly
used to calculate the available light for phytoplankton growth, i.e. in
Equation (1), I0 was replaced by PAR, K is represented by KPAR in section
2.1.5, and Dm was determined by mixed layer depth (MLD) (Kirk, 1994;
Krug et al., 2017). However, due to the lack of a high-quality long-term
MLD dataset of this area, a constant value of depth (i.e. 10 m) was used
to calculate the sea surface mean PAR intensity (IPAR) based on Eq. (1).
Finally, the monthly IPAR images were estimated as the mean of all the
daily images included.
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2.1.8. Nutrient enrichment of seawater
Although many previous reports have described the spatial and
temporal patterns of nutrient conditions in the Bohai Sea and/or Yellow
Sea based on field surveys (Wang et al., 2003, 2018, 2019a; Xin et al.,
2019), high-quality long-term basin-scale nutrient data records for the
BYS are still scarce. To give a synoptic description of the long-term
changes in nutrient enrichment in this area over the study period, the
yearly reports of water quality levels (WQLs) for the Bohai Sea and
Yellow Sea from 2002 to 2018 were obtained from the marine envi
ronment quality bulletins (a government report), published on the
website of the Ministry of Natural Resources of the People’s Republic of
China (http://www.mnr.gov.cn/). The WQL data were summarized as
an annual time series with an area for each WQL, which was established
according to the nutrient concentrations from field surveys. These field
surveys were performed every summer and winter since 2001, as pre
viously described by Wei et al. (2015) and Yang et al. (2018). According
to the WQL data and the corresponding limits of total inorganic nitrogen
(TIN-N) and active phosphorus (PO4-P) for each WQL as shown in
Table 1 (Xing et al., 2015), an approximate nutrient enrichment index
(NEI) for reflecting nutrient status can be roughly calculated as
5
∑

NEI =

′

where Sj is the S-statistic for month j with j = 1, 2, …, p (p = 12 for
monthly data series of this study); see Eq. (3). When no serial depen
dence is exhibited in the time series, the variance of S′ is defined as

σ 2s, =

σ 2s, =

p
∑

(6)

p− 1 ∑
p
( ′) ∑
Var Sj +
σ gh

j=1

(7)

g=1 h=g+1

where σ gh denotes the covariance between the MK statistic for season g
and the MK statistic for season h. The covariance σgh could be estimated
using the procedures introduced in Hirsch et al. (1982) and Van Gelder
et al. (2008). Then, under the null hypothesis and for a large dataset, a
normal distribution of mean 0, and variance Var (S′ ), the statistical
significance of the trend is indicated by the Z value, defined as (Hirsch
et al., 1982)
⎧ S′ − 1
′
⎪
if S > 0
⎪
⎪
⎪ σ S′
⎪
⎨
′
Z = 0 if S = 0
⎪
⎪
⎪
′
⎪
⎪S − 1
′
⎩
if S < 0

2.2. Methods

(8)

σ S′

A positive value for Z indicates an overall upward trend while a
negative value reveals an overall downwards trend in the series. If |Z| is
greater than Z1-α/2 at the chosen significance level α, the trend is sig
nificant. In this study, the corresponding p value of a Z score can be
obtained from the normal probability table, and the trend was defined as
significant when p value lower than 0.05 (p < 0.05).
The magnitude of trend (β) can be determined as the median of the
individual slopes of each monthly sub-sample (Hirsch et al., 1982; Sen,
1968):
[
]
xjm − xim
β = median 
.
(9)
j− i

2.2.1. Seasonal Mann-Kendall test
The non-parametric seasonal MK trend test was applied to detect
linear trends in the monthly Chl-a time series (Hirsch and Slack, 1984;
Hirsch et al., 1982), with consideration of the significant skewed dis
tribution of Chl-a values and the strong serial autocorrelation in the
monthly Chl-a time series (Campbell, 1995; Saulquin et al., 2013), the
magnitudes of trends were computed using Sens’s method (Gilbert,
1987; Sen, 1968).
As a robust and non-parametric method, the MK test has been widely
used to evaluate trends in geographical variables, including the sea
surface Chl-a, in previous studies (Colella et al., 2016; Vantrepotte and
Mélin, 2011). The test is based on the computation of a suite of MK
statistics (S) applied to each separated month m, which are then deter
mine the presence of long-term monotonic changes in the original time
series (Hirsch et al., 1982), S is defined as
nm
∑

( ′)
Var Sj .

When a serial correlation is present, as in the case of monthly time
series processes, the variance of S’ is defined as (Hirsch and Slack, 1984;
Van Gelder et al., 2008)

where i is the level of the polluted waters, Ni is the lower limit of TIN-N
concentration at level i, Pi is the lower limit of PO4-P concentration at
level i (Table 1), and Ai is the sum of reported areas (km2) at level i over
the BYS. Because the WQL data were published annually, only an annual
time series of NEI was calculated.

n∑
m− 1

p
∑
j=1

i=2

S=

(5)

sj .
j

(2)

N i × Pi × Ai

p
∑

S =

)
(
sgn xjm − xim

The trend was originally expressed as the slope of Chl-a change per
year (unit: mg m− 3 Year− 1). To better compare the trends for Chl-a time
series with different levels of Chl-a concentration, the relative linear
trends (unit: % year− 1) could be estimated by dividing the slope (β) by
the initial values of the fitted line.

(3)

i=1 j=i+1

⎧
(
) ⎨ 1 if xjm − xim > 0
sgn xjm − xim = 0 if xjm − xim = 0
⎩
− 1 if xjm − xim < 0

2.2.2. Ensemble empirical mode decomposition
The nonlinear trend of Chl-a was derived using the EEMD approach,
an advanced adaptive data analysis method that has already been suc
cessfully used in geophysical research (Bai et al., 2017; Ji et al., 2014;
Wu et al., 2007, 2009). In EEMD, a time series (Y) is decomposed
adaptively into a series of amplitude-frequency modulated oscillatory
components Cj (j = 1, 2, …, n) from high-frequency to low-frequency
and a residual trend Rn, which is expressed as

(4)

where x is the value of the time series, and nm is the number of datasets
for month m. Then, the overall statistic S′ is computed as the sum of the
monthly S:

n
∑

Cj (t) + Rn (t)

Y(t) =

(10)

j=1

Table 1
TIN-N and PO4-P concentration used for the calculation of NEI.
Water quality level

II

III

IV

V

TIN-N (mg L¡1)
PO4-P (mg L¡1)

0.2
0.015

0.3
0.030

0.4
0.030

0.5
0.045

where Rn is the time-varying trend, which is an intrinsically fitted
monotonic function or a function with at most one extremum within the
time span. The trend follows no priori functional form and varies with
time after the intrinsic variability of multi-decadal and shorter
4
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timescales is removed; it also has low sensitivity to extension (addition)
of new data (Ji et al., 2014; Wu et al., 2007).
For multidimensional spatial-temporal datasets, the similar time
scale components of the data series from all grids were pieced together
to obtain the temporal evolution of the spatially coherent features of that
timescale. This is an update of the EEMD method, which is called
multidimensional ensemble empirical mode decomposition (MEEMD)
(Ji et al., 2014; Wu et al., 2009; Zhang et al., 2018). The MEEMD result
could present both the spatial and temporal local information due to its
adaptiveness and locality, which enable us to reveal the hidden
nonlinear and nonstationary nature of a time series. Detailed informa
tion can be found in Wu et al. (2009).
To examine the long-term evolution of the trend on decadal time
scales or longer, we only focus on the residual trend Rn after adaptively
removing all the Cj contained in the data series. The EEMD residual
trend in a given year is defined as the mean Rn in the year. In addition,
the instantaneous relative changing rate (IR) at time t is determined as
IR(t) =

df (Rn (t))
× 100%.
Rn (t)

series of NEI was only obtained because the WQL data were published
annually. The NEI only represents the overall nutrient status of the
whole BYS, including coastal and offshore waters. Third, both the linear
trend (obtained from MK) and nonlinear trend evolution (obtained from
EEMD) were analysed and compared. The linear trend represents an
overall change in the study period with constant magnitude and direc
tion, while the nonlinear trend represents instantaneous change in the
study period with time-varying magnitude or direction. Fourth, for
seasonal linear trend analysis, the seasonal data series was constructed
as the average of the monthly data series in each season. In this study,
the spring, summer, autumn, and winter were defined as March to May,
June to August, September to November, and December to the next
February, respectively. For example, the Chl-a value for spring 2011 was
calculated as the median Chl-a values in March, April and May of 2011.
Therefore, the spring data series from 2003 to 2018 was constructed
with 16 time steps.
3. Results

(11)

3.1. Validation of satellite Chl-a

where df denotes the temporal derivative. IR is expressed as the pro
portion of the change to facilitate region-to-region comparisons.

The satellite Chl-a estimates using regional GAM, Tassan-like and
OC3M were compared with the in situ Chl-a observations for statistically
evaluating and comparing their performance, as shown in Fig. 2. Fig. 2
shows the scatter plots and the corresponding metrics (root mean square
error (RMSE) and determination coefficient (R2)) for the 209 pairs of in
situ versus satellite Chl-a estimates. Obviously, the GAM Chl-a is the
most accurate product among the three considered products with an
RMSE of 0.21 and R2 of 0.66 (Fig. 2). The results suggested that the GAM
Chl-a was relatively reliable, which was considered generally more
suitable than other Chl-a products for further studies of the Chl-a dy
namics in the BYS.

2.2.3. Methodologies summary
This study refers to many materials and methodologies from previous
works; therefore, it is best to provide a brief summary of these schemes.
First, the daily satellite-derived Chl-a, SST, IPAR datasets were obtained
based on the regional algorithms and their monthly data series were
assembled as median for Chl-a and mean for the other variables. The
median was used for Chl-a composite due to its log-normally distributed
values (Campbell, 1995), while the mean was used for other variables
composites due to their normal distribution. Second, the annual time

Fig. 2. Comparison of in situ Chl-a and satellite derived Chl-a for GAM, Tassan-like and OC3M. The statistical metrics (coefficients of determination (R2) and root
mean squared error (RMSE)) for each algorithm are also given in the figure.
5
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in spring, with a trend of 2.14% year− 1 (p < 0.05), followed by summer
(1.30% year− 1, p < 0.05) and autumn (1.12% year− 1, p > 0.05), while
the minimum Chl-a increase was present in winter with a trend of 0.60%
year− 1, which is statistically insignificant (Table 2). The coastal prov
ince had the strongest Chl-a increase in spring (1.90% year− 1, p < 0.05)
while the lowest increase in winter (0.43% year− 1, p > 0.05); however,
none of the trends for the individual seasons were statistically significant
(Table 2). For the oceanic province, Chl-a had the strongest increase
during spring and summer with the significant trends of 3.57% year− 1
and 1.98% year− 1 (p < 0.05), respectively. Overall, Chl-a had a signif
icant positive trend during spring and summer for the BYS as a whole,
while a weak but non-significant increase was found in autumn and
winter. Comparing the two sub-regions, although both of them present
positive Chl-a trends throughout the seasons, the strong and significant
Chl-a increases were only found over the oceanic province during spring
and summer (Table 2).

3.2. Linear trends in Chl-a
The linear trend of Chl-a in the BYS during 2002–2018 was analysed
based on the seasonal MK trend analysis. First, the basin-wide distri
butions of the linear trends in monthly Chl-a time series were summa
rized and compared across different seasons. Then, the linear trends for
the region-averaged Chl-a series of the entire BYS and two sub-provinces
(delineated in Fig. 1) were calculated and compared.
3.2.1. Basin-wide distribution of linear trends and seasonal differences
The spatial distribution of linear trends for Chl-a during 2002–2018
are shown in Fig. 3, in which Fig. 3a shows the linear Chl-a slopes
(expressed in mg m− 3 year− 1), Fig. 3b shows the relative Chl-a trends
(expressed in % year− 1), and Fig. 3c shows the climatological Chl-a map
from 2002 to 2018. Overall, positive Chl-a trends were found in most of
the BYS (87.33% of the area) and negative Chl-a trends only occupied
12.67% of the area. Thereinto, only 44.37% of the area presented sig
nificant linear trends (including positive and negative), in which sig
nificant positive and negative trends occupied 42.73% and 1.64% of the
basin, respectively. The strong positive Chl-a trends mainly prevail in
the western and central parts of the Yellow Sea and along the coast of the
Bohai Sea, while only some small patches near the coastline present
significant negative trends of Chl-a (Fig. 3b).
Fig. 4 shows the spatial distributions of Chl-a linear trends across
different seasons from 2002 to 2018. The spatial patterns of linear trends
in Chl-a varied in different seasons. Overall, the positive Chl-a trend
dominates each season, with obviously higher rates in spring and sum
mer than that in autumn and winter (Fig. 4). In spring and summer, the
Chl-a trends were generally higher than 1% year− 1, which is approxi
mately parallel to the slope of 0.01 mg m− 3 year− 1. In autumn and
winter, the Chl-a trends were generally lower than 0.5% year− 1, which is
approximately parallel to the slope of 0.005 mg− 1 year− 1. It is noticeable
that some coastal water patches present weak negative Chl-a trends in
autumn and winter (Fig. 4).

3.3. Non-linear trends in Chl-a
The evolution of nonlinear Chl-a trends was diagnosed using the
EEMD approach, with residual Rn in Eq. (10) characterises the nonlinear
evolution of trends and IRn in Eq. (11) illustrates time-varying instan
taneous rates of Chl-a changes. First, a basin-wide view of nonlinear
trend was examined. Then, the nonlinear trend evolution of the regionaveraged Chl-a series for the entire basin and the coastal and oceanic
provinces were analysed for comparisons.
3.3.1. Basin-wide nonlinear trends in Chl-a
The nonlinear trends of Chl-a are interpreted in Figs. 6 and 7. Fig. 6
demonstrates the averaged EEMD residuals (Rn in Eq. (10)) for each year
(the incomplete year of 2002 was not shown), which mainly delineates
the overall spatial evolution of Chl-a concentrations. First, the distri
butions of Chl-a Rn exhibit noticeable spatial heterogeneity with
generally high values in coastal waters and relatively low values in open
waters, which demonstrate higher Chl-a concentrations in coastal waters
than in offshore waters, as reported in many previous reports (Hao et al.,
2019; Liu and Wang, 2013). The Chl-a gradient with elevated values in
coastal areas to low values in oceanic waters persisted all throughout the
years, but gradually weakened after 2011 (Fig. 6). The instantaneous
rates of Chl-a trends for each year are shown in Fig. 7a-p. The linear
trend from the MK analysis is also shown in Fig. 7q for easy interpre
tation and comparison between the linear and non-linear trends of Chl-a.
The rates of Chl-a trends are clearly temporally variable over almost all
parts of the basin, with generally weakening positive rates from 2003 to
2011 and enhancing negative rates from 2012 to 2018 (Fig. 7a-p). There
are some sporadic patches in oceanic waters of the Yellow Sea and the

3.2.2. Region-specific linear trends and seasonal differences
The regionally averaged Chl-a series associated with their linear
trends for the entire, coastal and oceanic provinces are plotted in Fig. 5.
All of the three regions demonstrated obviously increased Chl-a from
2002 to 2018, with the trends of 1.15% year− 1 (p < 0.05), 0.66% year− 1
(p > 0.05) and 1.31% year− 1 (p < 0.05), respectively, for the entire,
coastal and oceanic provinces. Table 2 summarises the overall and
seasonal aspects of the linear trends in Chl-a for the three different re
gions. The most evident feature is that Chl-a increased over all seasons,
but was only significant for the entire and oceanic regions in spring and
summer. For the entire basin, the strongest Chl-a increase was detected

Fig. 3. Linear trends of Chl-a in the BYS for the period 2002–2018. (a) The Slope and (b) trend of Chl-a based on the MK trend analysis. (c) The climatological
composite of Chl-a concentration over the whole study period. Regions with significant linear trend at the 95% confidence level are marked as gray points in (a) and
(b) on a 0.25◦ × 0.25◦ grid for clarity.
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Fig. 4. Linear trends of Chl-a for the different seasons. (a, b, c and d) The slopes and (e, f, g, and h) trends of Chl-a based on the linear trend analysis. (i, j, k, and l)
The seasonal Chl-a composites over the whole study period. Regions with significant linear trend at the 95% confidence level are marked as gray points in (a, b, c and
d) and (e, f, g, and h) on a 0.25◦ × 0.25◦ grid for clarity.

south-eastern part of the basin that present persistently positive trends
throughout the study period (Fig. 7). These regions always present
strong positive trends in view of the Chl-a linear trend (Fig. 7q). In
comparison, the spatial structures of the Chl-a rates for specific years
(Fig. 7a-p) are quite different from the spatial pattern of overall linear
trends obtained by MK trend analysis during 2002–2018 (Fig. 7q).
Apparently, these spatiotemporal evolutions of the Chl-a trends may not
be clearly delineated by the linear trend analysis (Fig. 7q).

basically governed by SST, light availability and nutrient supply (Fal
kowski and Raven, 2007); therefore, we analysed the trends of SST, sea
surface light intensity (IPAR), and nutrient enrichment (indicated by NEI)
to determine whether there were significant trends in these variables
during the study period.
3.4.1. Trends in SST
Table 3 presents the linear trends of the averaged SST time series for
the entire BYS and the two sub-regions across different seasons. The SST
demonstrates significant warming trends for all the three regions, with
slopes of 0.027 ◦ C year− 1, 0.028 ◦ C year− 1 and 0.030 ◦ C year− 1 for the
entire, coastal, and oceanic provinces, respectively (Table 3). However,
considering seasonal differences, there was no significant trend detected
in a single season, despite the high slopes of SST changes presented in
some seasons (Table 3). The nonlinear trends of SST from EEMD analysis
for the different regionally averaged time series are delineated in Fig. 9.
Significant nonlinear features were found in all SST time series with
continuously increasing rates (Fig. 9). All three SST series presented
similar patterns with a deceasing trend before 2010 and increasing trend
after 2010. This pattern is consistent with the well-known global sea
surface warming hiatus over the last two decades (Hu and Fedorov,
2017; Kosaka and Xie, 2013; Trenberth and Fasullo, 2013). Several
studies have reported that the global warming hiatus also appeared in
the BYS and its origin was complicated, and was mainly attributed to the
60-year-quasi-periodic natural climate variability of the Pacific decadal
oscillation (PDO) (Li et al., 2019; Tollefson, 2014). In brief, since 1998,

3.3.2. Region-specific non-linear trends in Chl-a
The non-linear EEMD residuals and the corresponding instantaneous
rates of the regionally averaged Chl-a series for the entire, coastal, and
oceanic provinces were plotted and compared in Fig. 8, for a compre
hensive understanding and interpretation of the potential mechanisms.
The time-varying trends were evident for all three region-specific Chl-a
series. All Chl-a series were characterised by an increasing trend initially
around 2003 and then a decreasing trend at specific years (Fig. 8).
However, the timings of turning points (defined as a local minimum/
maximum in the EEMD residual trend and the instantaneous trend is
equal to zero) were different among the Chl-a series for different regions.
The inflection date was earlier for the coastal region (approximately in
2010) than that for the oceanic region (approximately in 2015).
3.4. Trends in environmental drivers
It was well established that phytoplankton growth in water is
7
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Fig. 5. Time series (solid line) and the corresponding linear trends (dashed line) of monthly Chl-a for the (a) entire, (b) coastal, and (c) oceanic regions. The slopes
and relative rates are also given in the figure.

rise through atmospheric heat release (Hu and Fedorov, 2017).

Table 2
Trends of Chl-a in different seasons for the different regions.
Season

Chl-a mean
(mg m− 3)

Slope
(mg m−

*Overall
*Spring
*Summer
Autumn
Winter
Overall
Spring
Summer
Autumn
Winter
*Overall
*Spring
*Summer
Autumn
Winter

0.98
1.19
1.00
1.03
0.79
1.24
1.22
1.99
1.24
0.75
0.82
1.08
0.60
0.86
0.81

0.011
0.026
0.013
0.012
0.005
0.008
0.023
0.013
0.006
0.003
0.010
0.038
0.006
0.012
0.007

3

− 1

Year )

Relative rate
(% Year− 1)

p-value

1.15
2.14
1.30
1.12
0.60
0.66
1.90
0.72
0.49
0.43
1.31
3.57
1.98
1.42
0.89

0.001
0.049
0.015
0.118
0.368
0.120
0.150
0.471
0.365
0.653
0.004
0.032
0.048
0.138
0.528

3.4.2. Trends in sea surface light availability
Table 4 presents the linear trends in the regionally averaged IPAR for
the entire BYS and the two sub-regions across different seasons. There
were no significant trends in IPAR for any of the three IPAR time series, as
well as across all seasons (Table 4). Although no significant trend was
found in IPAR as shown in Table 4, the directions of trends exhibit some
regular patterns. First, an overall positive trend was found in the IPAR
time series for the entire and coastal provinces, while an overall negative
trend was present in the IPAR time series for the oceanic province. When
distinguishing based on seasons, the IPAR in summer had positive trends,
while IPAR in autumn and winter had negative trends. The non-linear
trends of IPAR from EEMD analysis for different regions are shown in
Fig. 10. All three IPAR time series present similar patterns with initially
slight decreases and then shift to a rapid increase around 2011.
3.4.3. Trends in nutrient enrichment
The nutrient enrichment indicated by NEI is shown in Fig. 11.
Despite fluctuating variations, an overall positive trend (0.66% year− 1)
was found during 2002–2018. A distinct nonlinear evolution of NEI was
obtained from EEMD analysis (Fig. 11a), with a turning date approxi
mately in 2012 (Fig. 11b). A significant positive trend of NEI (7.34%
year− 1) was detected during 2002–2012, while a significant negative
trend (− 13.60% year− 1) was found during 2012–2018. The increase in

Note: the superscript (*) denotes significant linear trend.

the PDO has switched from the warm phase to the cool phase, which
enhances the East Asian monsoon and deepens the East Asian trough,
driving the decline in SST during 1998–2013 (Li et al., 2019). After
2013, an extreme and prolonged El Niño that occurred around 2015
ended the warming hiatus and recovered the subsequent temperature
8
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Fig. 6. Spatial and temporal patterns of the Chl-a EEMD trends in different years over the BYS.

nutrient levels since the beginning of the 2000s is a well-known phe
nomenon for the BYS, which was closely related to the significant var
iations in nutrient inputs from natural changes and human activities in
which the terrestrial sources played the most important roles (Wang
et al. 2018, 2019; Xin et al., 2019; Yang et al., 2018). Since the beginning
of the 2010s, the promotion of green development has led to the
implementation of a series of control measures to reduce nutrient
emissions from terrestrial sources, which have effectively curbed the
worsening trend in coastal eutrophication in Chinese seas (Xiao and
Zhao, 2017). Therefore, the trend shift in the NEI index from increasing
to decreasing around 2012 confirmed the continuous improvement in
water quality during recent years for the BYS (Wang et al., 2018).

more in situ observations accumulation in the future, up to date, it might
be our best dataset choice for long-term Chl-a changes analysis in the
BYS.
Addressing the declining trend of Chl-a in recent years (2012–2018)
is the major contribution of this study. Therefore, the reliability of the
Chl-a trend during this period should be seriously evaluated by
considering the recent MODIS sensor ageing and algorithm modification
(Meister and Franz, 2014; Meister et al., 2012) to evaluated if the sig
nificant Chl-a decline trend is caused by natural variability? or spurious
information resulting from data errors. To address this issue, two VIIRS
Rrs time series in visible band were compared with the MODIS Rrs
(Fig. 12, only Rrs443 and Rrs555 were shown as examples). The results
indicate good consistency in the variabilities and trends of the MODIS
Rrs and VIIRS Rrs during their common period from January 2014 to
December 2018. Moreover, the time series of GAM Chl-a were compared
with the OC3M, OC3V and Tassan-like Chl-a time series for examining
their variability (Fig. 13). Despite of distinct difference in seasonal
patterns, a similar declining Chl-a trend was also found in these Chl-a
series during their common period from January 2014 to December
2018 (Fig. 13). In addition, there are obvious biases between GAM and
other Chl-a products across different seasons, particular in winter
(Fig. 13). The lower values of GAM Chl-a than other Chl-a in winter
exactly demonstrate the advantage of GAM Chl-a algorithm in allevi
ating overestimation of Chl-a values in winter (Wang et al., 2019c). To
address the confidence of trends analysis in individual season, we sta
tistically compared the trends from GAM and OC3M Chl-a time series in
different seasons during 2014–2018, and found that there were no sig
nificant differences between the trends from the two data sources in all
seasons (statistical t-test: p > 0.05). These results enhance the confi
dence of our trend analysis during recent years in this study.

4. Discussion
4.1. Considerations of uncertainties
The detection of long-term changes in marine phytoplankton
biomass is quite a challenging task due to many uncertainties including
artifact sources from dataset acquisition and method adoption as well as
the complexity of phytoplankton dynamics in which the long-term trend
commonly accounts for a small fraction of the total variance in the Chl-a
changes; thus, it is highly susceptible to uncertainties (Rykaczewski and
Dunne, 2011; Siegel et al., 2013). Therefore, caution should be exercise
when drawing conclusions. We must acknowledge that the satellite GAM
Chl-a product is still not a perfect dataset with the R2 and RMSE between
in situ and satellite observations were approximately 0.7 and 0.2,
respectively (Fig. 2). However, compared with the widely used global
standard OC3 algorithm (O’Reilly et al., 1998) and regional Tassan-like
algorithm (Siswanto et al., 2011), the accuracy of GAM Chl-a was indeed
improved (Fig. 2). Whether the GAM Chl-a could reflect the long-term
trends in phytoplankton biomass still need further validation with
9
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Fig. 7. (a)–(p) Spatial and temporal patterns of the Chl-a instantaneous rates in different years over the BYS. (q) Spatial and temporal patterns of the overall Chl-a
relative rates based on the linear trend analysis for 2002–2018.

4.2. Potential drivers of Chl-a trends

physically or biologically mediated effect of warming on marine
phytoplankton biomass (Lewandowska et al., 2014). In terms of IPAR
changes, despite in significant weak magnitude, an overall positive trend
of IPAR was found in the BYS (Table 4), which indicates the same di
rection of trends in IPAR and Chl-a during 2002–2018. However, it is
difficult to determine whether the enhanced light availability drove the
Chl-a increase during this period for two seasons: 1) the increase in IPAR
was not significant, while the Chl-a increase was significant; 2) the Chl-a
increase mainly occurred during spring and summer (Table 2) when the
light was generally not a limiting factor for phytoplankton growth in the
BYS, whereas the IPAR decreased in autumn and winter when the
phytoplankton growth was strongly limited by light conditions. As a
consequence, we suggest that the change in the light intensity in the
water column was not the main driver for Chl-a increase during the
study period. For nutrient enrichment, despite the lack of significance,
the overall trend of NEI was positive from 2002 to 2018. The increased
nutrient would alleviate the nutrient limitation in phytoplankton
growth, which particularly present in spring and summer, as indicated in
Table 2. In summary, the nutrient was more likely than the temperature
and light to driver the overall positive Chl-a trend in the BYS during
2002–2018.

To directly compare the evolution of Chl-a trend with the trends of
the considered variables, all the time series of EEMD trends were nor
malised and plotted in Fig. 14. The consistency in trends between the
environmental variables (i.e., nutrient, light and temperature) and Chl-a
were analysed, and the interplay between them was discussed.
4.2.1. Drivers for the overall positive Chl-a trend in the BYS
From the linear trend analysis (obtained from MK test), an overall
significant positive Chl-a trend was detected in the BYS during
2002–2018. This result is in agreement with previous studies, which also
revealed positive Chl-a trends in the BYS or around its adjacent areas
throughout similar periods (Kong et al., 2019; Liu et al., 2019; Xing
et al., 2015; Zhang et al., 2017). The increased phytoplankton biomass
in marginal seas was well documented and was likely related to
enhanced coastal eutrophication (Boyce and Worm, 2015; Jickells,
1998; Marrari et al., 2016). In contrast, many previous studies have
shown that the global phytoplankton biomass for open oceans has
decreased over the last decades (Boyce et al., 2010; Gregg and Rous
seaux, 2014; Signorini et al., 2015), which has been largely attributed to
ocean warming possibly with direct and indirect effects (Lewandowska
et al., 2014). For shallow marginal seas as the BYS, it is difficult to
exactly interpret the drivers of Chl-a increase due to its complicated
environmental conditions and multiple stressors (Kong et al., 2019;
Wang et al., 2015). Here, we only try to explore the main direct variables
(i.e. temperature, light and nutrients), which might result in the Chl-a
increase. From the view of the overall linear trend, sea surface warm
ing occurred concurrently with the Chl-a increase during 2002–2018,
which implies no causality between SST and Chl-a changes due to the
reverse variation that always found between them, regardless of a

4.2.2. Drivers for seasonal difference of Chl-a linear trends in the BYS
In the context of an overall positive trend, Chl-a also exhibited
different linear trends across seasons (Table 2). That is, strong signifi
cant positive Chl-a trends were found from spring to summer, while no
significant Chl-a increase was detected in autumn and winter. To
interpret the underlining mechanisms behind them, the drivers of
different Chl-a annual cycles should be clarified and compared.
Although different Chl-a annual cycles may be found among the coastal
and oceanic provinces, the universal nutrient limitation of
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Fig. 8. Nonlinear trends of Chl-a for the three different regions. (a, c, and e) The EEMD trends and (b, d, and f) the corresponding instantaneous relative rates of Chl-a
for the (a and b) entire BYS, (c and d) coastal, and (e and f) oceanic provinces. The dashed lines were the mean plus/minus standard deviations. The standard
deviation was calculated from 200 iterations.

2018; Yang et al., 2018). Therefore, the significant increase in nutrient
supply is associated with no significant changes in light availability and
SST contributes to an overall increasing trend of Chl-a concentration in
spring and summer. However, in winter, the phytoplankton growth was
generally controlled by light limitation (Fu et al., 2009; Hao et al., 2019;
Zhang et al., 2017), although the level of nutrients might also increase as
in other seasons, no significant Chl-a trend was detected because the
light condition was not significantly changed (Table 4).

Table 3
Trends of SST in different seasons for the different regions.
Season

SST mean (oC)

Slope
(oC Year− 1)

Relative rate
(% Year− 1)

p-value

Overall
Spring
Summer
Autumn
Winter
Overall
Spring
Summer
Autumn
Winter
Overall
Spring
Summer
Autumn
Winter

15.68
9.96
23.45
20.47
8.33
15.00
9.40
23.44
20.22
6.48
16.13
10.41
23.45
20.66
9.78

0.027
0.041
0.058
0.006
0.037
0.028
0.053
0.052
0.009
0.032
0.030
0.035
0.066
0.008
0.050

0.17
0.40
0.23
0.03
0.42
0.19
0.54
0.21
0.04
0.47
0.19
0.32
0.27
0.04
0.49

0.19
0.32
0.15
0.74
0.96
0.26
0.21
0.18
0.93
0.93
0.15
0.65
0.13
0.51
0.72

4.2.3. Drivers for Chl-a trends shift from upwards to downwards
The EEMD spatiotemporal analysis showed that the Chl-a trends in
the BYS during 2002–2018, in most cases, were highly nonlinear and
varied over time. Therefore, the assumption of linear trends, what many
previous studies were based on, may be arbitrary and insufficient to
capture the evolutionary features and the drivers of the Chl-a trends. The
instantaneous rate of Chl-a change in the BYS continuously decreased
from nearly 2% year− 1 in 2002 to approximately − 2% year− 1 in 2018, in
contrast to an overall positive linear trend of approximately 1.15%
year− 1 from the MK analysis. The decreasing rate resulted in a promi
nent turning point in the Chl-a trends, which indicates a shift of the Chl-a
trend from positive to negative. In fact, some previous reports have
mentioned that the turning of Chl-a trends from an increase to a decrease
in recent years (Kong et al., 2019; Zhai et al., 2021). However, this
phenomenon has not been of great concern because of the different aims
of the studies and the relatively short time span of data obtained after
2010. With the ongoing accumulation of remote sensing Chl-a data, the

Note: No significant linear trend was found.

phytoplankton biomass coincided from late spring to early autumn over
most of the BYS, while the light limitation of phytoplankton growth
mainly presented in winter throughout the BYS (Hao et al., 2019; Jin
et al., 2013; Zhang et al., 2017). As a consequence of nutrient increase,
the nutrient limitation of phytoplankton might be gradually released in
spring and summer due to the aggravation of eutrophication over the
last decades (Lee et al., 2019; Strokal et al., 2014; Wang et al., 2015,
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Fig. 9. Nonlinear trends and the corresponding instantaneous rates of averaged SST in different regions.

them. In coastal provinces, the proximity to terrestrial nutrient sources
(Fig. 1a) associated with the long retention time of the sea water con
tributes to the high response speed to variation of in nutrient input
(Guan, 1994; Wei et al., 2004). In contrast, the oceanic provinces are far
from terrestrial nutrient sources and preserve greater weight of the local
nutrient supply such as sediment resuspension (Li et al., 2013; Wang
et al., 2003), which results in lower response speed and less sensitivity to
changes in terrestrial nutrient inputs. In addition, the oceanic province
generally has higher degree of nutrient limitation than the coastal
province due to its relatively lower nutrient levels and higher light in
tensity in the water column. As a consequence, the turning date of Chl-a
trend for the oceanic province was later than that for the coastal
province.
In the long-term scale, SST and Chl-a generally present a reverse
trend due to the negative effect of SST on the standing stock of Chl-a
(Boyce and Worm, 2015; Lewandowska et al., 2014). In our study,
SST of the BYS was decline from 2002 to 2011, which probably reinforce
the Chl-a increase. On one hand, the decreased SST enables an increase
in nutrient supply by weakening the stratification and enhancing the
water mixing. However, the decreased SST enables the reduction of
grazing pressure by inhibiting the grazer biomass (Rose and Caron,
2007). On the contrary, after 2011, the SST gradually increased, which
probably reinforced the Chl-a decrease.
Although no significant linear trend was found in the IPAR, a clear
nonlinear trend with the IPAR turned from the initial slight decrease to
the rapid increase was delineated over 2002–2018. It is difficult to
directly interpret the contribution of light changes to Chl-a changes.
However, a prominent phenomenon showed that the Chl-a decline after
2011 coincided with an increase in light (correlation coefficient is
− 0.69), then, which enabled us to conclude that the Chl-a decline from
2012 to 2018 was likely not related to light availability. In fact, IPAR
could act as a direct driver or an outcome of the changes in phyto
plankton biomass in the water column (Kirk, 1994). When the change in
IPAR acts as a driver, Chl-a is expected to increase with enhanced IPAR,
resulting in the same trend direction of trends. However, an enhanced
IPAR could also be a result of the decreased Chl-a due to the reduced
absorption of PAR from phytoplankton decline (Kirk, 1994). In the BYS,
apparent reversed changes were delineated between the light and Chl-a
nonlinear trends from EEMD analysis (Fig. 14), which suggests that the
light is more likely a result rather than a driver of Chl-a change in this

Table 4
Trends of IPAR in different seasons for the different regions.
Season

IPAR mean
(μm photons m−
s− 1)

Overall
Spring
Summer
Autumn
Winter
Overall
Spring
Summer
Autumn
Winter
Overall
Spring
Summer
Autumn
Winter

176.31
197.75
248.01
148.06
92.55
153.54
173.88
197.13
122.92
84.55
185.61
212.25
284.79
167.78
99.20

2

Slope
(μm photons m−
s− 1Year− 1)
0.017
− 0.329
1.029
− 0.343
− 0.150
0.130
0.322
0.619
− 0.193
− 0.100
− 0.028
− 0.566
1.152
− 0.670
− 0.300

2

Relative
rate
(% Year− 1)

pvalue

0.01
− 0.17
0.41
− 0.23
− 0.17
0.08
0.19
0.31
− 0.16
− 0.11
− 0.02
− 0.27
0.40
− 0.40
− 0.30

0.64
0.79
0.05
0.62
0.96
0.64
0.53
0.05
0.80
0.72
0.77
0.59
0.07
0.51
0.79

Note: No significant linear trend was found.

nonlinear evolutionary feature of the Chl-a trend during the last decade
should be given more attention and be well addressed, as we did in this
study. In addition, other studies have investigated evolution of the
satellite-derived Chl-a trends for other specific regions, which also ob
tained a prominent non-monotonic nature of local Chl-a changes (Jo
et al., 2016; Zhang et al., 2018).
The appearance of the trend shift was also mainly attributed to the
changes in nutrient enrichment, due to the strong positive correlation
(correlation coefficient is 0.96) and the best coincidence between the
Chl-a and NEI trends. Previous reports have shown that the coastal
eutrophication situation was rapidly aggravated from the end of the
1980s to the mid-2000s, after which the trend has been curbed (Wang
et al., 2018), which may have resulted in decreased nutrient levels. This
change in nutrient status was also confirmed in our study. The nutrient
enrichment of the BYS presented a significant upward trend from 2002
to 2012 and a significant downwards trend after that, which nearly
coincides with the evolution of the Chl-a trend. In addition, a clear delay
in turning date was observed in the oceanic province compared with the
coastal province (Fig. 8), which was probably due to the different
response speeds to the improvement of eutrophication status between
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Fig. 10. Nonlinear trends and the corresponding instantaneous rates of averaged IPAR for different regions.

Fig. 11. Linear and nonlinear trends of NEI in the BYS. (a) Variation of NEI and the corresponding linear and nonlinear trends over different periods. (b) Instan
taneous relative rate for the nonlinear trend of NEI. The dashed lines were the mean plus/minus standard deviations obtained from 200 iterations.
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Fig. 12. Time series of the basin-averaged Rrs at (a) 443 nm and (b) 555 nm for MODIS and VIIRS.

Fig. 13. Time series and the corresponding trends for the basin-averaged Chl-a derived from the different algorithms.

area.

of linear and nonlinear Chl-a trends in the BYS during 2002–2018. The
linear trend obtained by MK test showed an overall positive Chl-a trend
(~1.15% year− 1) with prominent spatial heterogeneity and seasonal
difference. Chl-a had a larger increase in spring and summer, while a
lower increase and even negative trend was found in autumn and winter.

5. Conclusion
This study presents, to our knowledge, the first comparative analysis
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Fig. 14. The nonlinear trend of Chl-a overlap with the nonlinear trends of light, nutrient and SST for the entire BYS.

Limiting factors of phytoplankton growth in different seasons associated
with the overall nutrient increase contribute to the seasonal difference in
Chl-a trends. The EEMD analysis revealed highly nonlinear Chl-a trends
and time-varying rates over the BYS, with a gradual increase in Chl-a
since 2002 (with a rate of +2.0% year− 1), then turned to Chl-a decline
from 2011 to 2018 (reaching to − 2.0% year− 1 in 2018). Consequently,
the commonly used linear trend might not capture the evolutionary
features of Chl-a trends, because the direction and changing rate of the
Chl-a trend may vary significantly with time. The best consistency be
tween changes in nutrient status and Chl-a suggests that the nutrient
level might be the main driver of Chl-a change by influencing the
nutrient supply for phytoplankton growth in this area. In contrast, SST
and light seem to impose limited impact on long-term Chl-a change. In
this sense, the Chl-a concentration and its change might be efficient
indicators of eutrophication status in the BYS.
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