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Abstract
on case-specific analyses, systematic assessments of large-scale spatial patterns remain underexplored. To
address this knowledge gap, we developed a novel classification-based framework utilizing Ocean and
Land Color Instrument (OLCI) satellite imagery, enabling the first multiyear (2016-2023) mapping of
algal biomass within the euphotic depth (B,,) across 24 lakes in the middle-lower Changjiang (Yangtze)
and Huaihe rivers basins, China. The methodology employed the adjusted Davies-Bouldin index (ADBI)
as a metric for assessing classification efficacy and was validated through the match-up dataset (root mean
square error=13.24 mg/m?, mean absolute percentage error=36.3%, n=40). Spatiotemporal analysis
revealed that the total algal biomass within the euphotic zone (total B,,) of the hyper-sized lakes was lower
in 2018 and 2023 than in the other years and remained relatively stable for four years (2019-2022). For
large lakes, the interannual total B, showed a distinct single-peak trend over the study period, with the

While existing studies on the remote estimation of algal biomass have focused predominantly

highest value occurring in 2019. In contrast, medium-sized lakes exhibited relatively subtle interannual
fluctuations without a clear temporal pattern. Our work reveals previously undocumented spatial
heterogeneity in the distribution of algal biomass and provides a foundational dataset for monitoring
eutrophication dynamics under climate change.

Keyword: algal biomass; Ocean and Land Color Instrument (OLCI) satellite imagery; eutrophication

~=

1 INTRODUCTION

Many lakes have been or are currently grappling
with phytoplankton blooms, a pressing environmental
problem that has catastrophic impacts on food and
drinking water supplies, biodiversity, and economic
sustainability (Hu et al., 2022, 2024). Excessive
nitrogen, phosphorus, and other nutrients in these
water bodies fuel the proliferation of phytoplankton,
leading to more frequent blooms that severely
imperil the normal functioning of aquatic ecosystems
(Ho et al.,, 2019). Even less encouraging is the
increased frequency, intensity, and duration of
cyanobacterial bloom events (Ma et al., 2023). To

evaluate the water quality of lakes effectively, a
series of indicators has been proposed, such as the
concentration of chlorophylla (Chla) and the
bloom area.

However, the indicators are limited to the water
surface and thus fail to offer a comprehensive
interpretation from the perspective of the entire
water column (Xue et al., 2017). Recent studies
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challenge the reliability of using surface measurements
alone because of the wvertical migration of
phytoplankton (Xue et al., 2017; Qi et al., 2018).
Cyanobacteria possess a remarkable ability to
regulate their position in the water column through
gas vesicles, enabling them to optimize their access
to light and CO, for physiological activities
(Stockwell et al., 2020). Their vertical migration
patterns are governed by both this unique
physiological structure and external environmental
factors. Wind conditions play a particularly crucial
role: under gentle breezes (<3 m/s), cyanobacteria
tend to move upward and accumulate at the surface,
whereas stronger winds (>3 m/s) cause them to sink
(Xu et al.,, 2021). Moreover, wind-induced waves
can alter water column hydrodynamics, triggering
vertical migration and restructuring the vertical
distribution patterns of phytoplankton communities
(Wu et al., 2013, 2015). Therefore, the surface Chl-a
concentrations and bloom areas tend to fluctuate
within a short period of time. The vertical migration
of algae fundamentally challenges the reliability of
surface information, particularly surface Chl-a
concentrations or bloom areas, as indicators for
eutrophication assessment (Silulwane et al., 2001).
To address the uncertainties resulting from vertical
migration, column-integrated algal biomass (CAB),
which accounts for algal biomass throughout a
specific water depth, has emerged as a more
comprehensive alternative.

CAB quantifies the total Chl-a weight per unit
area, expressed in mg/m? (Lai et al, 2023).
Spatially, a distinct discrepancy is evident between
the distribution patterns of CAB and surface Chla
(Li et al., 2020; Cao et al., 2022a; Lai et al., 2024).
The temporal variations in CAB and surface Chl «
also exhibit inconsistency (Cao et al.,, 2022a; Yu
et al., 2025). Yu et al. (2025) highlighted that the
annual trends of CAB and Chl a followed distinct
patterns. However, understanding the algal biomass
dynamics of Chinese lakes remains challenging
because of the lack of long-term and large-scale
field data. Typically, Chl-a vertical profiles are
collected through field measurements, but this
method provides limited information and is labor
intensive. Remote sensing technology is highly
advantageous for algal biomass estimation, as its
ability to conduct large-scale, simultaneous observations
offers essential support. Methods for algal biomass
estimation via remote sensing can be categorized
into two main approaches: indirect and direct
schemes. The indirect schemes further comprise two
subtypes: result-oriented methods (Li et al., 2017;

Yu et al., 2024) and process-oriented methods (Liu
et al., 2021; Li et al.,, 2022). The result-oriented
method relies on establishing empirical functions to
determine depth-dependent parameters without
considering the actual vertical distribution of Chl-a
profiles. First, statistical modeling is performed
based on measured surface Chl-a concentrations and
algal biomass at various depths, and the coefficients
of these statistical models are recorded; then, using
empirical models, regression analysis on water
depth and the coefficients of these models is
performed; finally, the algal biomass is estimated
based on the water depth data. The process-oriented
method prioritizes the accurate fitting of Chl-a
vertical profiles. First, the method establishes a
classifier based on surface Chl-a concentrations to
predict vertical distribution patterns of Chl-a
profiles; next, for each vertical distribution pattern,
it determines the coefficients of the corresponding
fitting function; then, it estimates these coefficients
using surface Chl-a concentrations; finally, it
calculates the algal biomass using an integral based
on water depth data. Once the vertical distribution is
determined, the parameters that govern the profile
shape can be derived through empirical functions.
The direct scheme is not as multistep a scheme as
the indirect scheme is. By establishing a direct
relationship between remote sensing reflectance (or
remote sensing indices) and measured algal biomass,
the direct scheme eliminates the need for complex
intermediate steps (Hu et al., 2021). However,
owing to insufficient Chl-a vertical profiles, earlier
studies have failed to accurately represent the
complex optical properties and simplified mechanistic
descriptions of lake water across diverse geographical
settings, thereby restricting the scientific community’s
ability to understand algal biomass on a broader
scale.

Currently, studies on algal biomass in Chinese
lakes are confined to local areas, and large-scale
research is lacking. In this paper, we propose a
direct scheme to map B,, (the algal biomass within
the euphotic zone) for lakes located in the middle
and lower reaches of the Changjiang (Yangtze) and
Huaihe rivers basins and to analyze the annual
trends of B,. Given the substantial variability in
optical characteristics among the studied lakes, it is
challenging to estimate algal biomass using a single
model trained on a combined dataset. To address
this issue, this study applies spectral clustering
to optically classify water bodies, enabling the
development of group-specific models and thereby
improving the accuracy of algal biomass estimation.
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The proposed direct scheme comprises spectral
clustering (Von Luxburg, 2007) and a generalized
additive model (GAM) (Hastie and Tibshirani,
2014). GAM is employed for algal biomass retrieval
because it leverages penalized splines to regulate
model complexity, striking a balance between
avoiding overfitting and achieving robust fitting
performance. This study presents a large-scale
mapping of algal biomass within the euphotic zone
across 24 lakes in the middle and lower reaches of
the Changjiang and Huaihe rivers basins, covering
the period 2016-2023.

2 MATERIAL AND METHOD

2.1 Study area

The Changjiang and Huaihe rivers basins in
China have long been a focus of environmental
management efforts. These regions are heavily
populated, have complex river networks, and
are China’s most economically developed areas,
contributing significantly to the country’s GDP.

Twenty-four lakes with areas larger than 100 km?
located in the middle and lower reaches of the
Changjiang River and Huaihe rivers were included
and analyzed in this study (Fig.1). The lakes were
grouped by size: medium-sized (100-500 km?),
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(>1 000 km?). More detailed information about these
lakes is provided in Supplementary Table S1.

2.2 Field survey and laboratory measurement

Data-gathering cruises were launched from 2013
to 2024 on clear, cloudless, and windless days in
case of undesirable measurements of water-leaving
reflectance (R,), with 146 locations involved
(Supplementary Table S2). R, was measured via an
ASD field spectrometer (FieldSpec Pro Dual VNIR,
Analytical Spectra Devices, Inc.) (Xue et al., 2019).
We quantified the water surface radiance (L.(1))
and the sky radiance (L,,(1)) at a 135° azimuth
relative to the sun and a nadir viewing angle of 40°,
alongside the radiance of a reference panel (L, (1)) to
determine R, (1) (Mueller et al., 2003). The water
samples at each location were collected at discrete
depths (0, 0.1, 0.3, 0.5, 0.7, 1.0, 1.5, 2.0, and 3.0 m)
with 1-L Niskin bottles. The wind speed, coordinates,
and Secchi disk depth (SDD) were recorded
concurrently using a portable anemometer, a global
positioning system (GPS), and a Secchi disk,
respectively. The water samples were transported
to the laboratory and stored under light-proof
conditions for subsequent analysis. The water
samples were filtered through Whatman GF/F filters

large (500-1 000 km?), and hyper-sized lakes with a pore size of 0.70 um. Chla was extracted
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with 90% acetone and subsequently quantified with
a Shimadzu UV-2700 spectrophotometer. The
absorption coefficient of colored dissolved organic
matter (acpon(4)) was measured via a Shimadzu UV-
3600 spectrophotometer. Suspended particulate
inorganic matter (SPIM) was measured using the
same filters used for Chl-a extraction, following
combustion at 550 °C for 4h to remove organic
matter. SPIM concentration was calculated as the
weight difference before and after combustion
normalized by the filtered water volume. The
specifics regarding the measurement methodology
are detailed in community-accepted protocols (Ma
et al., 2006). The statistics of the water quality
parameters are given in Table 1.

The collected data were randomly partitioned
into a calibration dataset (n=110) and a validation
dataset (n=36). In accordance with NASA’s criterion
(Bailey and Werdell, 2006), an independent match-
up dataset (n=40) was constructed. Currently, if the
time interval between satellite overpasses and field
surveys is less than 3 h, the two are considered a
match-up pair. A 3x3 pixel window centered on
each in-situ sampling location was extracted from
the OLCI imagery, and the median R, value of the
valid pixels within the window was used to
represent the satellite-derived R, for that station.

2.3 Satellite data processing
The Ocean and Land Color Instrument (OLCI)

Table 1 Statistics of the water quality parameters
including SDD, Chl 4, a,(440), and SPIM for the

studied lakes
Lake SDD (cm)  Chla (ng/L) a,440) (fm) SPIM (mg/L)
Gaoyou Lake  16.12+7.77 35.93%16.13 1.68+0.60  29.14+9.00
Hongze Lake  15.95+9.84 31.90+14.03 2.06+2.59 78.67+56.23
Luoma Lake 62.0£12.0 11.30£3.98  0.82+.80  21.20+£2.80
Nansi Lake 30.10+4.90  79.23+9.80  0.66+0.42 28.50+30.10
Taihu Lake ~ 56.17+12.77 25.73+18.11 0.89+0.33  25.84+9.43
Chaohu Lake  23.26+7.07  33.96+9.43  0.87+0.71 63.50+16.56

Dongting Lake 68.20+8.78  8.90+8.78  0.43+0.50 18.25+13.35

Poyang Lake 35.00+13.69 7.00+13.35 0.49+0.20 29.12+20.63

Nanyi Lake ~ 62.15£9.58  8.96+3.10  0.53+0.24  10.21+7.79
Liangzi Lake  41.66+8.50 24.21+6.41 0.37£0.18 10.37+3.85
Honghu Lake 37.50+15.62 33.32423.36 0.56+0.30  23.18+7.66
Longgan Lake  7.50+£3.60  22.41+1.27 0.39+0.11  15.80+6.55

Pohu Lake 20.00+0 12.70+0 0.22+0 12.30+0
Huangda Lake 10.00+0 34.21+0 0.28+0 15.60+0

onboard Sentinel-3A/B, launched by the European
Space Agency (ESA), has been in operation since
2016. With 21 bands from 400 to 1 020 nm, a 300-m
spatial resolution, and an approximately two-day
revisit cycle, OLCI offers improved spectral
resolution and signal-to-noise ratio compared to
previous sensors such as MERIS and MODIS. Its
bands centered at 620,665, and 681 nm are
particularly effective for retrieving optical properties
in complex aquatic environments, supporting
accurate algal biomass estimation in this study. L1B
products were downloaded from https://oceancolor.
gsfc.nasa.gov, and calibrated using the dark spectrum
function (DSF) to yield atmospherically corrected
reflectance. Compared to C2RCC and POLYMER,
DSF has been demonstrated to perform more
robustly in optically complex waters, particularly in
highly turbid lakes (Vanhellemont, 2019, 2020).
Afterward, we visually checked each image to
exclude those with visible cloud contamination. The
total number of cloud-free OLCI images used in this
study was 3 616 (annual distribution is shown in
Fig.2), with seasonal distribution as follows: spring:
958, summer: 942, autumn: 950, and winter: 766.
Although the number of observations is somewhat
lower in winter, each season still contains a
sufficient number of valid retrievals (minimum 766)
to ensure reliable seasonal averages.

Leveraging the existing lake-boundary dataset
furnished by Ma et al. (2011), we decreased the
boundary of each lake by 3 pixels. This was done to
mitigate the influence of near-shore mixed pixels.
Additionally, for lakes experiencing notable
boundary variations, such as Poyang Lake and
Dongting Lake, the normalized difference water
index (NDWI) (Xu, 2006) was employed to extract
their boundaries, which is expressed as follows:

RGREEN_RNIR

NDWI B RGREEN +RN[R ’ (1)
where Rgrepn and Ryr are the reflectance of the
green band (560 nm) and near-infrared band
(865 nm) for OLCI, respectively.

The Rayleigh-corrected reflectance (R,) at the
665, 865, and 1 020 nm was used to construct the
floating algae index (FAI) (Hu, 2009). With a time-
independent FAI threshold (1.194x10%), aquatic
vegetation areas and pixels affected by algal scums
were identified and masked following the community-
accepted criterion (Hu et al., 2010). The threshold of
the NDWI was determined using the modified
histogram bimodal method (Zhang et al., 2018).



YU et al.: Large-scale algal biomass mapping from OLCI observations 2123

|| Baima Lake | Hongze Lake = Nvshan Lake
Chengdong Lake | | Luoma Lake | Wabu Lake
Gaoyou Lake I_ _‘ Nansi Lake
8004 @ ;
2 y
2 p
9 7’
o 4
6004 4
'3 y
= P
o y e
=] = -
) > < i
g 400 e - y
= y il 7 4 .
=}
z 4 . i
o / g 4 g
o - = - P
Gt ¥/ p—— e = p
52001 S dam i _silip—
L v O = T R -
ES) Iy, -
E O e . S
z D A _—
ol E
o Caizi Lake ] Gehu Lake . Shijiu Lake
Changhu Lake | | Honghu Lake . Taihu Lake
Chaohu Lake ' Huangda Lake Yangcheng Lake
| Dongting Lake | | Liangzi Lake Pohu Lake
B Futou Lake [} Longgan Lake Poyang Lake
Nanyi Lake
1000 1,
=
/
7504

500+

2504

Number of downloaded OLCI products

2016 2017 2018 2019 2020 2021 2022 2023
Year
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2.4 Auxiliary data and statistical metrics

In the course of our analysis, we employed the
root mean square error (RMSE), mean absolute
percentage error (MAPE), mean absolute error
(MAE), and median absolute error (MDAE) to
quantify the biases, as defined by Eqs.2—5, respectively:

RMSE = /%;(xi—yi)z, )

100% <&
v

MAPE =

x"_)}i" (3)

i

MAE=10", Y= >"" |log(x,) ~log(y,)|/N. (4)

MDAE:median(‘x,—y,~|), (&)

where N is the total number of samples and where x;
and y, are the /™ estimate and measurement,

respectively.

2.5 A classification-based
biomass mapping

scheme for algal

The B, inversion process from OLCI images is
shown in Fig.3. In the absence of in-situ diffuse
attenuation coefficient of the photosynthetically
available radiation (K,PAR)) for validation, we
used HydroLight simulations based on measured
inherent optical properties, with the reliability
confirmed by good agreement between simulated
and in-situ R,. First, the K(PAR) was derived through
radiative transfer simulation performed using the
Hydrolight-Ecolight 5.0 software (Supplementary
Text S1). The four-component model was selected
to simulate K, (PAR), as it provides a comprehensive
representation of the underwater light field. Vertical

Simulation Classification
Hydrolight Spectral clustering
R comparison ADBI
MCI NDCI
SCI TBA Generalized additive
nodel
BR
NDWI
OLCI images
FAI

Eight-year spatial and temporal variation of B,

Fig.3 Flowchart of the B,, inversion method
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profiles of Chla, SPIM, and acpou(440) were
imported into the model as input data. The default
values for the pure water absorption and
backscattering coefficients were used in the
simulations. Given the low transparency of the
water body, an infinite water depth was assumed
throughout the simulation. Additionally, the coordinates,
wind speeds, and Greenwich Mean Time were
incorporated as inputs to enable more precise
simulations. The statistics of the input parameters
are provided in Supplementary Table S3. The
spectral angle mapper (SAM) (Kruse et al., 1993)
was used to quantitatively assess the simulation
results. It measures the spectral similarity between
the measured and simulated spectra by computing
the spectral angle distance. It is generally accepted
that the smaller the angle between two spectra is, the
greater the similarity. Each measured spectrum was
paired with its corresponding simulated spectrum to
form a spectral pair. We sorted these spectral pairs
according to their SAM-derived angles. The band-
average biases (band-average RMSE and band-
average MAPE) were used for quality control of the
simulations. Supplementary Text S2 provides a
more in-depth description of the band-average
biases, and the band-average biases increase as the
similarity between the measured and simulated
spectra decreases. We iteratively calculated the band-
average biases for the first n spectral pairs (n=1, 2,
3, -+, 99) and realized that the band-average biases
increased abruptly after the first 44 pairs (Fig.4).
This suggests that, starting from the 45" spectral
pair, the similarity between the simulated and
measured spectra significantly decreased, which

further indicated that only the first 44 simulated
spectra were of acceptable quality. Therefore, the
simulations corresponding to the first 44 spectral
pairs were used to estimate the euphotic depth (Z,,),
and the remaining simulations were termed
simulation failures. The SAM-derived angles of the
44" and 45" spectral pairs were 0.06m and 0.28m,
respectively.

Owing to the lack of mature theoretical and
technological conditions, direct measurement of Z,
remains an unsolved problem. Therefore, an indirect
strategy, as described in Eq.6, is generally used to
calculate Z,, (Kirk, 2010):

4.605

™ m- (6)

The 44 calculated Z,, values were related to the
corresponding SDD values to establish an empirical
model for estimating Z,, in the case of simulation
failure (Supplementary Fig.S1). B, was calculated
by applying adjusted trapezoidal integrals to the
measured Chl-a vertical profiles (Chla(z)). The
adjusted trapezoidal integral calculation was
performed in two steps: the first step followed the
standard trapezoidal integration (Bi et al., 2019; Hu
et al., 2021), and the second step calculated the
remaining biomass on the basis of the principle of
triangle similarity. To facilitate understanding,
Supplementary Fig.S2 demonstrates the calculation
process. The maximum sampling depth within the
euphotic depth was defined as D,, and its
corresponding Chl-a concentration was defined as
C,. Similarly, the deeper sampling depth near D, and
its corresponding Chl-a concentration were defined
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Fig.4 Band-average RMSE (a) and band-average MAPE (b) of the first n sorted spectral pairs
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as D, and C,, respectively. Thus, B,, was computed
as the sum of B, and B,,” (Eqs.7-9):

B/= S, )
i=1

_1{(Z.-D))(C,-C))

Beu - 2 Dz_Dl +2C1 (Zeu_Dl)7
®)
Bcu:Bcu’_Bcu”’ (9)

where S; is the area of the /" trapezoid, which is
equivalent to the algal biomass within two adjacent
sampling depths. Here, B./, namely, the plain
trapezoidal integral, is the sum of the areas of
several trapezoids. In Supplementary Fig.S2, B./
and B.,” denote the algal biomass within D, and the
remaining algal biomass, respectively. This scheme
is effective in cases where Chl-a profiles cannot be
fitted perfectly (Yu et al., 2025). For a more in-depth
analysis of B.,", please refer to Supplementary
Text S3.

Given the variability in the optically active
constituents (OACs) of lakes, a proper data
classification scheme is necessary. The spectral
clustering algorithm was selected in this context to
divide the -calibration dataset. The number of
clusters was determined (k=2) by the eigenvalues of
the Laplacian matrix. Finally, the calibration dataset
was divided into two subsets, hereafter referred to as
Type 1 (n=43) and Type 11 (n=67) (Fig.5). The Type
I spectra were almost bimodal, with a prominent
peak at approximately 700 nm, which is characteristic
of chlorophyll fluorescence. In contrast, the spectral
profiles of Type Il predominantly exhibited single-
peaked or flat configurations (n=67). A community-
accepted view is that for low-productivity and low-
turbidity waters, a peak at approximately 560 nm
can be observed, whereas for turbid waters, R, in the
400-650-nm range is elevated because of low
suspended particulate matter (SPM) absorption (Li
et al, 2012). Consistent with these spectral
differences, Type I had a higher Chl a-to-SPM ratio
and elevated B, levels than did Type II
(Supplementary Table S4).

Spectral clustering, an unsupervised classification
method, can operate without the need for true labels.
Consequently, a metric independent of true labels is
required to assess the efficacy of spectral clustering.
In this context, the adjusted Davies-Bouldin index
(ADBI) was proposed to evaluate the performance
of spectral clustering. The ADBI is an adjusted form

Type I (n=43)

460 45|0 5(|)0 5%0 6(I)0 6%0 7(|)0 75|0
Wavelength (nm)
Fig.5 OLCI-simulated spectra of Type I (a) and Type 11
(b) samples
Type 1 had a higher Chl a-to-SPM ratio and elevated B, levels
than did Type II.

of the Davies-Bouldin index (Davies and Bouldin,
1979). The original Davies-Bouldin index is a
validation metric that calculates the intra-cluster
diameter by using the distance between cluster
centers. In our analysis, we expanded the evaluation
of point-based clustering to vector-based clustering
(Supplementary Text S4). The results indicated that
spectral clustering performed well on our dataset
(ADBI ([0, +0))=0.53).

Directly relating the band ratios or remote
sensing indices to B, has the advantage of reducing
uncertainties introduced by intermediate processes,
such as the use of Chl a or other OACs (Lai et al.,
2023). We evaluated the performance of four well-
established remote sensing indices for estimating B,,
(Table 2): the normalized difference chlorophyll

Table 2 Mathematical formulations of the four indices
and band ratios

Algorithm Formulation Wavelength

NDCI  [R(A)-R.CVIRC)FR ()] 4,=708 nm, 1,665 nm

H=[R (A) (A=A * (R (75)-R(4)))/

A,=560 nm,
(AR (25) 7,-620 nm
SCI HA=R ()R ()T A2 (R (2)— )2:66 5 nm’
R ) '
R ()] 2,=681 nm
SCI=H-HA N
TBA [Rrs(j'l)-liRrs(}'Z)-l]XRrs(ﬂg) l]=665 nm, iz=709 nm,

2,=754 nm

Rrs(}~2)_Rrs(i 1 )_(/‘Lz_jL I)X [Rrs(/‘l’f&)_
R (A)V(A5—2,)

RGy)IR ()

4,=681 nm, 4,=708 nm,

Mct /,=753 nm

Band ratio
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index (NDCI) (Mishra and Mishra, 2012), synthetic
chlorophyll index (SCI) (Shen et al., 2010), three-
band algorithm (TBA) (Dall’Olmo et al., 2003), and
maximum chlorophyll-a index (MCI) (Gower et
al., 2005). Additionally, we computed pairwise
band ratios using the 17 OLCI spectral bands
(400-865 nm) to determine the optimal band
combinations for algorithm calibration.

The performance of the remote sensing indices
and band ratios was evaluated using Pearson’s
correlation coefficient (Kirch, 2008). The indices
and band ratios that strongly correlated (Pearson’s
r>0.70) with B, were selected as explanatory
variables for the GAM. For Type I, we selected TBA
(Pearson’s =0.70, P<0.01) and the band ratio (4,=
709 nm, 4,=681 nm, Pearson’s r=0.70, P<0.01) as
explanatory variables. For Type 1I, two band ratios
(4,=681 nm, 1,=674 nm, Pearson’s r=0.71, P<0.01;
A4=709 nm, 4,=674 nm, Pearson’s r=0.70, P<0.01)
were selected. The GAM was used as the regression
model to fit the selected explanatory variables
(remote sensing indices and band ratios) to the
response variable (B.). To calibrate the GAM
model, we specified the “OptimizeHyperparameters”
parameter as “all-univariate” to ensure optimal values
of interactions, initial learning rates, maximum splits,
and the count of trees. We used “BayesianOptimizer”
as the optimizer for the hyperparameter tuning
process. Additionally, we compacted the size of the
final GAM model to reduce the runtime.

3 RESULT

3.1 Accuracy and reasonability of the scheme

The performance of the GAM was evaluated
using various metrics. For Typel, the GAM
exhibited an RMSE of 9.43 mg/m* and a MAPE of
17.2%. For Type 11, the RMSE was 7.40 mg/m?, and
the MAPE was 30.3%. For the validation dataset,
the RMSE was 13.24 mg/m?, and the MAPE was
36.3% (Fig.6). Furthermore, the results of the match-
up validation demonstrated acceptable limits of
accuracy, with an RMSE of 12.62 mg/m* and an
MAPE of 36.5% (Supplementary Fig.S3a). To
understand the relationship between optical data and
biological data, we selected and presented the
spectra and vertical structures of two Chl-a profiles
from the validation dataset, which were labeled
differently by the spectral clustering (Supplementary
Fig.S4).

To validate the rationality of the classification-

based scheme, we compared it with the plain GAM.
The proposed classification-based scheme outperformed
the plain GAM, as illustrated in Fig.7a. The
proposed classification-based scheme was compared
with the process-oriented algorithm (Liu et al.,
2021) and the result-oriented algorithm (Li et al.,
2017) (Fig.7b). The former relies on establishing
empirical functions to determine depth-dependent
parameters, while the latter prioritizes the accurate
fitting of Chl-a vertical profiles. The parameters of
the conventional algorithms were recalibrated
(Table 3). We found that the classification-based
scheme achieved higher accuracy than the non-
classification approach, with an R* of 0.85 and
an RMSE of 12.3 mg/m’, compared to 0.72 and
18.7 mg/m* for the non-classification approach
(Fig.6).

3.2 Spatial pattern of the pixel-based B,,

For each pixel, the seasonal B,, was calculated as
the mean of all valid B,, retrievals from cloud-free
OLCI images acquired during the corresponding
season. Annual B,, was calculated as the mean of all
valid retrievals within each calendar year. No
additional weighting was applied, and pixels with no
valid observations were treated as no data.

Taihu Lake demonstrated more pronounced
seasonal variability. In summer, high B,, values were
clearly observed in the western nearshore waters,
whereas in winter, high values were barely
discernible across the entire lake. The spatial
distribution patterns of B, in two large lakes,
Chaohu Lake and Gaoyou Lake, exhibited distinct
characteristics Fig.8. For Chaohu Lake, the spatial
distribution pattern of B, can be summarized as
“high in the west, low in the east”. The spatial
distribution pattern of B,, for Gaoyou Lake can be
summarized as “high at the shore, low in the center”
(Supplementary Fig.S5).

The spatial patterns of the annual average B,,
indicated that, from 2016-2023, the near-shore
waters of certain lakes constantly sustained high B.,
levels (Fig.9). For example, the waters along the
northern shores of Luoma Lake and Longgan Lake
consistently had high biomass. Similarly, the waters
along the western shores of Chaohu Lake and
Gaoyou Lake also continuously presented high B,
levels. Nevertheless, significant annual variability in
spatial distribution patterns was detected in several
other lakes, namely, Yangcheng Lake, Honghu Lake,
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Models 1-4 represent the classification-based scheme, the plain

GAM, the process-oriented algorithm and the result-oriented
algorithm, respectively.

a and b in result-oriented algorithm are two key parameters for algal
biomass estimation; for the process-oriented algorithm, we listed three
parameters (d, h, and C;) for integral. In algorithm comparison, we
classify Chl-a profiles into two categories: mixed type and Gaussian type.
The three parameters define the shape of a Gaussian Chl-a vertical profile.

Gehu Lake, Gaoyou Lake, and Baima Lake.
Intriguingly, this variability did not seem to be
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Fig.8 Seasonal spatial patterns of pixel-based B, for the studied lakes
Spring: from March to May; summer: from June to August; autumn: from September to November; winter: from December to February.

associated with lake size or basin. In addition, a few
lakes, such as Chengdong Lake and Wabu Lake,
presented low B,, levels across the entire lake, with
only restricted areas of high biomass.

3.3 Characterization of algal biomass dynamics

The concept of the total algal biomass within the
euphotic depth (referred to as total B.,, quantified in
tons) is straightforwardly determined by summing
the pixel-based B, weights, which is defined as
follows:

N

total B,,= 10" x resolution® x zBeu(i), (10)
i=1

where resolution, N, B.(i), and 10 are the spatial

resolution of the pixel (here, 300 mx300 m), the

total number of pixels of a lake, the i pixel-based

B., and the factor that converts mg to tons,

respectively.

In our analysis, we used the values per lake
instead of the total values to mitigate the influence
of differences in lake area and counts across the
various bins. For example, the total area of lakes in
the Changjiang River Basin is much larger than that
in the Huaihe River Basin. Similarly, the total
number and area of large lakes are generally smaller
than those of medium-sized lakes. By using the
values per lake, we were able to account for these
differences and focus the analysis on the underlying
trends.

The total B,, of hyper-sized lakes in 2018 and
2023 was significantly lower than that in other years
and remained relatively unchanged over the four-
year period from 2019-2022 (Fig.10c). For large
lakes, the trend in the total B,, displayed a “single
peak”, with total B, increasing from 2016-2019
before showing an overall decline from 2019-2023
(Fig.10b). Another important finding was that the
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and lakes in the Changjiang River Basin (j)

interannual total B, of medium-sized lakes
remained stable for eight years, with no significant
variations observed (Fig.10a).

In the Changjiang River Basin, the first notable
increase in the total B,, occurred between 2020 and
2021, after which the total B,, decreased (Fig.10e).
In contrast, a slow growth trend in the total B,, was
observed in the Huaihe River Basin, culminating in
a relatively clear peak in 2022 (Fig.10d).

When the analysis was carried out on the basis
of lake size, hyper-sized lakes demonstrated the
most substantial change in the total B, with a
coefficient of variation (CV) of 12.7%. Moreover,
the magnitude of the changes in the total B,
increased with the size of the lakes. This was
indicated by the increase in the CV from 2.9% to

12.7% (Table 4). The changes in total B, of lakes
in the Changjiang River Basin, with a CV of
9.0%, were slightly greater than those in the
Huaihe River Basin, where the CV was 6.7%. It
was suggested that the variability in the total B,

Table 4 CV (%) results
Division CV of total B, (%)
Middle-sized lake 2.9
Large lake 9.5
Hyper-sized lake 12.7
Huaihe River Basin 6.7
Changjiang River Basin 9.0

The statistics are given in different categories (middle-sized lakes, large
lakes, hyper-sized lakes, Huaihe River Basin, and Changjiang River
Basin).
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differed not only according to the sizes of the
lakes but also between different basins. Larger
lakes and those in the Changjiang River Basin
seemed to experience more significant fluctuations
in the total B,, over time.

4 DISCUSSION

4.1 Mechanism underlying the size-dependent
variability of total B,,

The observed pattern that the magnitude of
interannual total B,, variability increases with lake
size can be explained by three interacting mechanisms:
hydrological buffering, nutrient loading and internal
release, and anthropogenic disturbance.

Large lakes typically have longer water residence
times and greater water volumes compared to small
lakes. This hydrological buffering capacity allows
large lakes to integrate and accumulate the effects of
interannual variations in external inputs, leading to
amplified year-to-year fluctuations in algal biomass
(Kelly et al., 2001). In contrast, small lakes with
shorter residence times respond more rapidly to
short-term disturbances but may exhibit lower
interannual variability due to faster flushing and
reduced cumulative effects (Cao et al., 2022b).

Large lakes often drain larger catchments and
consequently receive higher external nutrient loads
(Pozdnyakov et al., 2019). Moreover, they tend to
have greater sediment nutrient stocks and higher
potential for internal phosphorus release under
favorable conditions (Wang et al., 2021). These
characteristics can drive more pronounced
interannual variability in algal biomass, particularly
when external loads fluctuate or when redox
conditions at the sediment-water interface change
interannually (Smith et al., 2011).

Large lakes in the middle and lower reaches of
the Changjiang River and Huaihe River Basins are
typically subject to more intensive human activities,
including aquaculture, navigation, water transfer
projects, and shoreline modifications (He et al.,
2019). These activities often exhibit interannual
variability and can directly or indirectly affect algal
biomass dynamics (Roozen et al., 2007). The
cumulative effects of such disturbances may
contribute to the greater interannual variability
observed in larger lakes.

4.2 Disagreement of interannual surface Chl-a
trends and total B,, trends

A well-validated model designed for Chinese

lakes was employed to derive surface Chl-a
concentrations (Cao et al., 2024, 2025). The
temporal differences between B, and surface Chl a
highlight the necessity of using B,, as an indicator
for water quality assessment. Figure 10 shows
that the interannual trends in surface Chl-a
concentrations in medium-sized and hyper-sized
lakes significantly differed from those of the total
B.,. For example, the surface Chl-a trend of medium-
sized lakes exhibited a single peak, whereas the total
B,, was almost unchanged from 2016-2023 (Fig.10a &
f). The surface Chl-a trend of the hyper-sized lakes
was distinctly bimodal (Fig.10h), whereas the
corresponding total B,, showed no pronounced peak
(Fig.10c). At the basin scale, the trend of surface
Chla in the Huaihe River Basin was markedly
different from that of B,. Specifically, the surface
Chl-a concentration exhibited a bimodal pattern,
whereas the total B,, showed an almost consistently
increasing trend (Fig.10d & 1). In the Changjiang
River Basin, the trends of surface Chl a and total B,,
also exhibited significant differences. The surface
Chl-a concentration peaked in 2017 and remained
nearly unchanged after 2021, whereas the total B,,
peaked in 2021 and then declined rapidly (Fig.10e &
J)- The significant divergence between the interannual
surface Chl-a trends and total B,, trends suggested
that B,, captured distinct aspects of water quality
dynamics that were not fully reflected by surface
Chla alone. This highlights the necessity of
incorporating B,, as a complementary indicator for a
more comprehensive assessment of aquatic ecosystems,
particularly medium-sized and hyper-sized lakes, as
well as lakes in the Huaihe River Basin and the
Changjiang River Basin, where these differences are
pronounced.

Table 5 indicates that the interannual surface Chl-a
concentration and the interannual total B, were
either negatively correlated or uncorrelated. Among
the findings, the negative correlation between the

Table 5 Correlations between the interannual surface Chl-a
concentrations and the interannual total B,,, both
of which are normalized

Bins Pearson’s
Huaihe River Basin -0.78, P<0.05
Changjiang River Basin -0.15, P<0.05
Hyper-sized lake 0.12, P<0.01
Large lake 0.28, P<0.05
Medium-sized lake -0.26, P<0.01
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surface Chl-a concentration and the total B, was
most pronounced in the Huaihe River Basin
(Pearson’s r=-0.78, P<0.05). As the surface Chl-a
concentration increased, the total B, tended to
decrease. A Pearson’s r with an absolute value
below 0.3 generally indicates a very weak or
negligible linear relationship between two variables.
In these cases, changes in the surface Chl-a
concentration did not strongly predict changes in the
total B,,. Our findings underscore the necessity and
importance of studying the total B, as it provides a
more comprehensive understanding of phytoplankton
biomass dynamics within the euphotic zone, which
cannot be fully captured by surface Chl a alone. By
focusing on the total B,,, we can gain deeper insights
into the factors regulating phytoplankton growth and
their ecological implications.

The negative correlation between surface Chl a
and total B,, likely arises from the complex vertical
dynamics of phytoplankton. Vertical migration of
buoyant cyanobacteria can elevate surface Chla
without increasing depth-integrated biomass, while
photoacclimation and seasonal changes in water
column stratification further decouple surface
signals from whole-water-column biomass. These
mechanisms collectively explain why surface Chl a
alone is insufficient to capture the full variability of
phytoplankton biomass in the euphotic zone.

4.3 Limitation

One limitation of this study concerns the
temporal consistency of satellite data availability.
The number of available OLCI images increased
notably after 2021, primarily due to the full
operational status of the Sentinel-3A and Sentinel-
3B constellation. Consequently, the early period of
the time series (2016-2018) is characterized by
relatively sparse observations compared to later
years. This temporal heterogeneity in data volume
may introduce uncertainty in the estimated
interannual trends, as the earlier years have lower
sampling density. While the observed patterns—
such as the single-peak trend in large lakes—are
broadly consistent with known hydrological and
meteorological events during the study period,
future studies with longer time series or multi-
sensor data fusion would help further constrain the
trends and reduce potential biases associated with
uneven data distribution.

Although the overall validation results (Fig.6)
demonstrate  satisfactory performance of the
classification-based B, retrieval model, certain

outliers with large discrepancies were observed. For
example, one Type I sample showed an in situ B,, of
approximately 42 mg/m? but an estimated value
exceeding 80 mg/m?. Such discrepancies can arise
from several sources. Uncertainties in the in situ B,,
calculation, including depth-resolved Chl-a profile
integration and K,(PAR) estimation, may propagate
into the reference values. Additionally, the spectral
clustering process may misclassify a small number
of samples that lie near the boundaries between
optical types, leading to suboptimal model performance
for those cases. These factors collectively contribute
to the observed discrepancies and represent inherent
challenges in remote sensing of complex inland
waters. Future efforts to improve retrieval accuracy
could focus on water type classification and
refinement of in situ measurements.

5 CONCLUSION

For the first time, eight-year B, maps were
generated for lakes in the middle and lower reaches
of the Changjiang River Basin and Huaihe River
Basin using OLCI images. This study first identified
the spatial patterns of pixel-based B, and then
explored the trends of total B, for lakes in the
Changjiang and Huaihe rivers basins. The most
dramatic variations in the total B, were found in
hyper-sized lakes (CV=12.7%). The variations in B,,
in the Changjiang River Basin (CV=9.0%) were
somewhat more significant than those in the Huaihe
River Basin (CV=6.7%). In addition, the variations
in the surface Chl-a concentration did not align with
changes in the total B, implying the necessity and
importance of studying the total B,. The generated
B., maps provide indispensable products and new
insights for lake ecosystem management. They can
potentially assist in understanding the temporal and
spatial changes in algal biomass over a long-term
period, enabling more effective management
strategies for maintaining the health and balance of
these ecosystems. However, this model was
developed based on in situ data from the Changjiang
River and Huaihe River basins. Due to the lack of in
situ data from other lake regions, the model’s
performance in these areas will require further
evaluation in the future.
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