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Phytoplankton communities play a crucial role in the lake ecosystem due to their varying characteristics,
functions, and impacts of different phytoplankton groups. Understanding the composition of phytoplankton
groups in freshwater lakes is essential for comprehending geochemical processes and managing water quality. In
this study, an improved Diagnostic Pigment Analysis method for freshwater lakes was developed and the pro-
portion of five major phytoplankton groups—Dinophyta, Cryptophyta, Chlorophyta, Cyanophyta, and Bacillar-
iophyta—was derived through the absorption-decomposition method. The validation results demonstrated that
the developed algorithm had satisfactory estimation accuracy for all five groups. Among all the phytoplankton
groups, Cyanophyta achieved the best performance, with Median Absolute Percentage Error (MAPE) of 14.22 %,
and Bias of 8.37 %. In contrast, Cryptophyta exhibited the poorest accuracy, with MAPE as high as 40.24 %. The
MAPE values ranged from 10.91 % to 33.65 %, and the Bias values ranged from 1.06 % to 9.38 %. Meanwhile,
the developed algorithm was successfully applied to the Ocean and Land Color Instrument (OLCI) images for
mapping the spatial distribution of phytoplankton communities in Lake Taihu, demonstrating its ability to be
applied to satellite imagery. This proposed algorithm provided a new approach to quantitatively determine the
composition of phytoplankton communities in freshwater lakes, which can obtain valuable insights from
observing the composition and succession patterns of these communities from satellite platforms.

1. Introduction

Phytoplankton play a crucial role in oceanic, and freshwater eco-
systems and their associated biogeochemical cycles. It has been
demonstrated that phytoplankton communities can significantly influ-
ence their ecological roles and biogeochemical functions with temporal
and spatial taxonomic group diversity (Uitz et al., 2015). Aquatic en-
vironments, including inland, coastal, and open-ocean waters, are rarely
composed of a single phytoplankton taxonomic group (Sathyendranath
and I0OCCG, 2014). Especially in freshwater lakes, phytoplankton
composition significantly varies with time and space, closely related to
local environmental changes and climatic shifts (Brewin et al., 2015,
2014; Mouw et al., 2017; Xi et al., 2017). At the same time, different
phytoplankton groups often possess distinct characteristics and func-
tions, leading to varying ecological impacts. For instance, some Cya-
nophyta produce phytoplankton toxins, while certain Chlorophyta
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provide food for fish. Understanding the composition of phytoplankton
is essential for comprehending biogeochemical processes in water and
managing water quality (Zhu et al., 2023).

Recently, High-performance liquid chromatography (HPLC) tech-
niques have been widely adopted to extract specific pigments, and then
get phytoplankton community information (Brewin et al., 2010; Mouw
et al.,, 2017). This method is based on the theory that those specific
pigments can serve as markers for specific phytoplankton groups. For
example, Chlorophyll b (Chl-b) is a characteristic pigment of Chlor-
ophyta (Xu et al., 2001). Therefore, A method of diagnostic pigmenta-
tion analysis (DPA) was developed for estimating phytoplankton
taxonomic composition based on pigment concentration information
obtained from HPLC (Vidussi et al., 2001). Uitz et al. (2006) applied the
DPA method to establish a multiple linear regression algorithm between
characteristic pigments and Chl-a and then calculated the weighting
coefficients for each pigment, ultimately the phytoplankton size
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composition was quantified by using Chl-a. Similarly, Li et al. (2023)
refined the DPA calculation by introducing adjustments that allowed for
a more accurate estimation of the composition of major phytoplankton
groups in the global ocean.

While these DPA-based approaches demonstrate the effectiveness of
pigment analysis in determining phytoplankton composition, traditional
methods such as HPLC are time-consuming and labor-intensive, making
them impractical for large-scale or long-term monitoring. Consequently,
there have been increasing efforts to derive phytoplankton group
composition using satellite remote sensing technology. These efforts
include abundance-based approaches, such as quantifying phyto-
plankton biomass through cell counts or chlorophyll a concentrations
(Sun et al., 2023); spectral-based approaches, which obtain phyto-
plankton communities using optical spectral characteristics (Mouw
et al., 2017); and ecological-based approaches which derive phyto-
plankton communities through several ecological parameters combined
with the other environmental parameters that can be obtained through
remote sensing, such as sea surface temperature (SST) (Brewin et al.,
2014; Sun et al., 2023). In exploring these approaches, it was found that
there was a close relationship between the absorption coefficient of
phytoplankton and phytoplankton community structure and biomass. As
a result, several studies have focused on the phytoplankton community
estimation based on absorption features. Chase et al. (2017) developed a
method to retrieve phytoplankton pigment content in coastal regions
from absorption data using Gaussian decomposition. Hirata et al. (2008)
used the optical absorption by phytoplankton at 443 nm, a,,(443) to
classify phytoplankton size classes in tropical and subtropical oceanic
waters. Similarly, Devred et al. (2011) employed such methods to
classify phytoplankton size classes, with particular attention to the
North Atlantic and Southern Ocean. In the South China Sea, Sun et al.
(2019) used hyperspectral absorption data and integrated spectral
decomposition techniques to enhance the accuracy of phytoplankton
functional type retrievals. Uitz et al. (2015) developed a derivative
analysis method to differentiate various phytoplankton functional types
on a global scale. Hierarchical cluster analysis was also adopted by
Zhang et al. (2018) to improve phytoplankton group retrievals based on
absorption characteristics in the East China Sea. These studies success-
fully assessed phytoplankton communities and their ecological roles
using absorption-based approaches.

However, most of these studies have primarily focused on marine or
near-coastal waters. There is still a lack of approaches to map the
phytoplankton community composition of freshwater lakes with varying
optical features. This is because the methods developed for marine en-
vironments cannot be directly applied to freshwater lakes due to their
greater diversity and variability in phytoplankton communities
compared to the relatively uniform distribution patterns found in the
ocean (Bi and Hieronymi, 2024; Zhu et al., 2023). Additionally, varying
nutrient inputs, water flow regimes, and human activities further
contribute to this diversity (Zhu et al., 2023). Furthermore, existing
methods for identifying phytoplankton groups in freshwater lakes
remain limited. While some approaches based on laboratory-cultured
algae data have been attempted for phytoplankton classification(Zhu
et al., 2023), these methods exhibit significant errors when applied to
field data from natural lakes. Therefore, there is still a pressing need to
develop new methods specifically tailored for freshwater lakes. The DPA
algorithm, which has been widely used in marine and coastal waters, has
not yet been thoroughly evaluated for its applicability to freshwater
lakes. Therefore, a new method combining DPA and phytoplankton
absorption features was finally attempted for estimating phytoplankton
communities information in freshwater lakes, and the objectives of this
study are: (1) to establish an improved DPA method (IDPA) for fresh-
water lakes; (2) to evaluate the applicability of the developed method on
mapping phytoplankton communities in freshwater lakes using satellite
imagery; (3) to map phytoplankton composition characteristics in
typical freshwater lakes.

Water Research 282 (2025) 123665

2. Materials and methods
2.1. Study area and sampling sites

In this study, to ensure the diversity of data and the applicability of
the methodology, Lake Dianchi, Lake Erhai, Lake Qiandaohu, and Lake
Taihu in China with different eutrophication levels and rich phyto-
plankton compositions are selected as research lakes, with Lake Taihu
being hyper-eutrophic (Trophic Level Index (TLI) > 70) and Lake Dia-
nchi exhibiting severe eutrophication (TLI >70). Meanwhile, Lake Erhai
is classified as mesotrophic (TLI between 40 and 50) and Lake Qian-
daohu is characterized by its oligotrophic conditions and cleaner water
(TLI < 40). The field campaigns were conducted in May, June, August,
and November of 2023, and a total of 105 sampling sites were finally
obtained (Fig. 1). At each site, 5 L of water was collected to measure the
absorption coefficients of pigment particles, and the Chl-a concentration
and analyze pigment composition through Agilent High-Performance
Liquid Chromatography (HPLC). Additionally, another 1 L of water
was sampled to determine the biomass and species composition, with
cellular morphology fixed using Lugol’s reagent.

Pigments analysis was conducted using an Agilent HPLC 1260 Series
with a quaternary pump, an auto-sampler, a Poroshell 120 EC—C18
column (150 x 3.0 mm; 2.7 pm particle size), and a photodiode array
detector. The extraction and separation pigment procedure modified by
Chen et al. (2001) was adopted. Pigments were calibrated using an
authentic standard (Denmark DHI). The pigments, Chlorophyllide b,
Chlorophyllide a, Chlorophyll-c3, Chlorophyll-c2, Peridinin, Pheo-
phorbide a, Fucoxanthin, Aphanizophyll, Neoxanthin, Violaxanthin,
Diadinoxanthin, Myxoxanthophyll, Astaxanthin, Alloxanthin, Diatox-
anthin, Lutein, Canthaxanthin, Chlorophyll-b (Chl-b), Echinenone,
Chlorophyll-a (Chl-a), Echinenone-Chl-a, Divinyl Chl-a, Pheophytin b,
Pheophytin b’, Pheophytin a, Pheophytin a’, f-carotene, Total Chl-a (T
Chl-a), 28 types in total (in pg/L) were finally detected (Li et al., 2022).

The absorption coefficients of all particles (a,(A)), algal particles
(aph(A)), and non-algal particles (anap(A)) (in m™) were determined using
the Transmittance-Reflectance method by UV-3600Plus series (UV
3600Plus/UV 3600iPlus) (Cai et al., 2023). Also, the Chl-a concentration
was analyzed spectrophotometrically at 750 and 665 nm with a
correction for phaeopigments by UV-3600Plus series (UV 3600Plus/UV
3600iPlus). The Chl-a specific absorption coefficient (a*,5(A)) was then
calculated using app()) divided by the concentration of T-Chla measured
by HPLC.

The phytoplankton biomass was determined using the cell volume
conversion method. The phytoplankton community composition was
analyzed through microscopy and identified to genus. Each genus of
phytoplankton was counted using the random field method. This
enabled the calculation of the abundance of each species, which was
then summed to obtain the total phytoplankton abundance. As the
phytoplankton cell density is close to that of water, 1 mm? is approxi-
mately equal to 1 mg of fresh-weight biomass. Therefore, the biomass (in
mg/L) can be derived through the product of volume (in um?) and
abundance (in cells/L). The proportion of the specific phytoplankton
group is then determined by the biomass (in mg/L) of the specific group
divided by the total biomass.

2.2. Satellite images data

The Ocean and Land Color Instrument (OLCI) sensor, which has 21
bands in the range of 400-1020 nm and a spatial resolution of 300 m, is a
successor to the ENVISAT Medium Resolution Imaging Spectrometer
Instrument (MERIS). It is one of the payloads on the Sentinel-3 satellite
and is suitable for monitoring freshwater lakes. It has been proven to
have higher performance than its predecessors (Bi et al., 2019, 2018;
Shen et al., 2017).

OLCI level 1B images covering Lake Taihu were obtained from the
European Space Agency data hub (https://scihub.copernicus.eu/).
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Fig. 1. Diagram of the study area.

Image processing, including subsetting, Rayleigh scattering correction,
aerosol scattering correction, and reprojection, was performed using the
SeaWiFS data analysis system (SeaDAS, version 7.4). The Management
Unit Mathematical Models (MUMM) was used to correct aerosol scat-
tering for the Rayleigh-corrected OLCI images. This algorithm has been
widely used for turbid freshwater lakes (Bi et al., 2018; Doron et al.,
2011; Ruddick et al., 2006, 2000). The output data mainly included
remote sensing reflectance Rrs()) and Rayleigh-corrected reflectance
Rrc()). In this study, Rrc(A) was used for masking the cloud and blooms.
The cloud index, CI method (Zhai et al., 2018) was employed for cloud

masking, utilizing Rrc(443), Rrc(560), Rrc(660), and Rrc(754) to
compute the CI. An adjustment coefficient of 1/15 was applied to
determine the threshold, enabling effective identification of
cloud-contaminated pixels across diverse imagery. Additionally, the CSI
method proposed by Zhu et al. (2018) was adopted to eliminate algal
blooms, with a threshold set at 0.11. This method maintains high ac-
curacy even in highly turbid waters.
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2.3. Diagnostic pigment analysis method: DPA

Diagnostic Pigment Analysis (DPA), originally proposed by Vidussi
et al. (2001) and further improved by Uitz et al. (2006), is a
well-established approach for classifying phytoplankton groups based
on their specific pigment signatures. Phytoplankton communities
comprise diverse taxonomic groups, each distinguished by unique
pigment compositions. The DPA approach establishes a multiple linear
regression relationship between characteristic pigments and
chlorophyll-a (Chl-a), enabling the determination of weighting co-
efficients for each characteristic pigment. In this study, the DPA method
was applied to calculate the composition of phytoplankton communities
using Eq. (1):

Crcna= ZWi Di (@)

where Cr cp_q is the concentration of total Chl-a (T Chl-a), n is the
number of groups of phytoplankton involved in the calculation, w; is the
weight of each characteristic pigment, and p; is the concentration of
different characteristic pigments.

Then the w; determined from the rate of Eq. (1) could then be used to
calculate the percentage of Chl-a for different phytoplankton groups (F;)
using Eq. (2):

_ wipi

F; = C (2

where w; is the weight of each characteristic pigment, p; is the concen-
tration of different characteristic pigments, and Cg is the Chl-a concen-
tration obtained from the weighted estimation of different weighted
character pigments.

2.4. The method for obtaining phytoplankton community information

In this study, the absorption-decomposition method was adopted to
obtain the composition of phytoplankton communities. The absorption
coefficient of algal particles (aph(4)) is the sum of the absorption co-
efficients contributed by different phytoplankton groups. The absorp-
tion coefficient contributed by each group can be obtained by
multiplying the Chl-a-specific absorption coefficient of different phyto-
plankton groups (aj(4)) by its corresponding concentration (G;).
Therefore, in this study, aph(1) was calculated by linearly summing the
products of a; (1) and the corresponding concentration (C;) for different
phytoplankton communities, as shown in the following equation:

aph(d) = Cia; (2) ®3)
-1
By dividing the T Chl-a on both sides, Eq. (3) can be further expressed
as:
a’ph(i) =Y Fia;(4) 4
i1

where F; is the fraction of total Chl-a of the ith phytoplankton group
obtained from the DPA method.

The F; obtained through the DPA method and the a*ph(1) measured
by UV-3600Plus were substituted into Eq. (4). By applying the bootstrap
method and a constrained least squares approach with a non-negative
lower bound, the Chl-a-specific absorption coefficient (a;j (1)) can be
derived. Then, the calculated a; (1) and the aph(1) measured by UV-
3600Plus were incorporated into Eq. (3) Employing the same compu-
tational framework, the chl-a concentration of different phytoplankton
groups (C;) can be obtained. Finally, the proportion of different phyto-
plankton groups (F;_smy) can be calculated using Eq. (5).
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2.5. The estimation method of apn: QAA-750E

The IOP inversion algorithm (QAA-750E) developed by Xue et al.
(2019) for lakes was applied to calculate the phytoplankton absorption.
This method has satisfactory performance for estimating the phyto-
plankton absorption coefficient using 750 nm as the reference wave-
length. In this study, ay,(674) was derived based on Sentinel-3 OLCI
imagery by using the QAA-750E algorithm.

2.6. The evaluation of the algorithm performance

The performance of the model is evaluated by using accuracy eval-
uation metrics, including MAE (Mean Absolute Error), RMSE (Root
Mean Square Error), MAPE (Median Absolute Percentage Error), and
Bias. The coefficient of determination, R2, was also adopted to evaluate
the fitness of the model.
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where n is the number of sample points, y; is the simulated data, and y; is
the measured data.

3. Results
3.1. The improved DPA method for freshwater lakes (IDPA)

Since the previous DPA coefficients were determined based on
phytoplankton communities’ characteristics of the near coast or the
ocean, thus, these coefficients cannot be applied to the freshwater lakes.
The extreme variability of phytoplankton structure in freshwater lakes
indicates that it is challenging to represent the phytoplankton compo-
sition of different lakes using a single formula. Therefore, in this study,
the water bodies were categorized into Cyanophyta-dominated and non-
Cyanophyta-dominated water types for better performance. The Cya-
nophyta biomass percentage greater than 60 % was determined as the
Cyanophyta-dominated type (BinGuo et al., 2011; Zhu et al., 2023), and
the other water bodies were labeled as non-Cyanophyta-dominated
type. Consequently, the weights of each pigment for two water types
were calculated using multivariate linear fitting and the bootstrap
method (100 iterations). The final weight coefficients of IDPA were
presented in Table 1 (R%>>0.95).

After the different w; for the two types of water bodies were ob-
tained, Eq. (2) was used to calculate the F; for the different phyto-
plankton groups. Once F; was determined the compositional
information of different phytoplankton groups can then be derived using
the method mentioned in Section 2.4. Additionally, the wavelengths of
400 nm, 460 nm, 500 nm, 520 nm, 560 nm, 590 nm, 600 nm, 620 nm,
650 nm, 665 nm, 680 nm, and 700 nm were used in performing the
calculations.



Y. Zhu et al.

Table 1
w; for the IDPA method.
Phytoplankton Typel Type2 non-
Cyanophyta Cyanophyta
dominated dominated
Peridinin+ Dinophyta 0.53 0.01
Diadinoxanthin
Alloxanthin Cryptophyta 0.01 0.01
Diatoxanthin + Bacillariophyta ~ 0.27 0.09
Fucoxanthin
Echinenone + Cyanophyta 2.41 0.78
Myxoxanthophyll
Chl b Chlorophyta 0.16 3.06

3.2. The accuracy evaluation of the approach based on phytoplankton
absorption features

3.2.1. Evaluation of the accuracy of a; (1)

From Section 2.4, it was known that a; (1) played an important role in
deriving proportion of different phytoplankton groups, therefore, it is
essential to evaluate the accuracy of the calculation of a; (1). However, it
is rare to find samples that are entirely dominated by a single phyto-
plankton group in natural aquatic ecosystems. Thus, the sample point
with the highest biomass proportion of the specific phytoplankton group
was determined as a water body predominantly dominated by that
phytoplankton group (Sun et al., 2022). Specifically, the biomass pro-
portion of Cyanophyta, Chlorophyta, Bacillariophyta, Dinophyta and
Cryptophyta at these points was greater than 60 %, Also, a;j(1) were
compared with the absorption curves of cultured pure algae, as shown in
Fig. 2. Since only Cyanophyta, Chlorophyta, and Bacillariophyta were
cultured in the laboratory, no comparisons were made between pure
algae and the in situ samples for Dinophyta and Cryptophyta. The
magnitude of af (1) may vary depending on cell size and concentration
during culture, so only the shapes of the of a; (1) curves were compared.
After normalizing the curves to a range between 0 and 1. Afterward the
Pearson correlation coefficients (r) between the derived a;(1) and
cultured pure algae and those water bodies predominantly dominated
by the specific group were calculated. In addition, MAPE, MAE, RMSE
and Bias were also calculated using the values of the dominant water as
provisional true values, as shown in Fig. 2.

From the results shown in Fig. 2A, From the results we can see that, it
can be seen that the a; (1) of Bacillariophyta exhibited high concordance
with the dominant water (r1=0.97, ry=0.97, RMSE:0.34m2/mg,
MAE=0.06m?/mg, MAPE=32 %, Bias=—0.07m2/mg). Similarly, the
derived a; (1) of Dinophyta and Cryptophyta illustrated in Fig. 2D and E,
separately, showed excellent agreement with the measured a;(1) of
specific phytoplankton group dominated water with ry>0.96,
RMSE<0.30m?/mg, MAE<0.06m?*/mg, MAPE<25 %, and |Bias|<
0.07m?/mg. However, a noticeable difference was observed in the
specific absorption at 500 nm when compared to the pure algae, which
displayed a more pronounced shoulder at this wavelength, as seen in
Cyanophyta and Chlorophyta (shown in Fig. 2B, C). Nonetheless, the
correlation between these results remained pretty high, with r;>0.91,
r5>0.95, RMSE<O.27m2/rng, MAE<0.05m2/mg, MAPE<36 %, and |
Bias|<0.09m?/mg. The pronounced shoulder at 500 nm observed in
pure algal samples, particularly in Cyanophyta and Chlorophyta, was
typically attributed to specific pigments (like phycoerythrin) that were
more prevalent in cultured environments, making these features more
frequently detected in laboratory-grown algae. In natural water bodies,
however, various factors—including mixed populations, varying light
conditions, and nutrient availability—can lead to shifts in these spectral
features. These observed discrepancies at 500 nm between the inverted
a;(4) and the measured pure algae absorption curves suggested that
environmental influences may play a significant role in altering the
optical properties of algae.

Although some of the spectral features present in the pure algae were
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not captured by the aj (1) obtained in this study, the key characteristic
features of the different groups were successfully inverted. The peak at
620 nm for Cyanophyta and the peak at 650 nm for Chlorophyta were
accurately constructed. These characteristic bands directly affect the
reliability of the estimation results when using af (1) to obtain phyto-
plankton communities, and it demonstrated capturing key taxonomic
features was crucial to the robustness of the algorithm in capturing key
taxonomic features.

3.2.2. Evaluation of the accuracy of Fi_siymu

The derived specific phytoplankton group proportion using Eq. (3)
and Eq. (5) was evaluated by comparing with the measured proportion
based on an independent validation dataset (comprising one-third of the
sampling data from each lake). The scatterplot of measured proportion
and derived proportion is shown in Fig. 3. It can be seen from Fig. 3 that
the accuracy was pretty satisfactory across all five groups.

For Dinophyta (shown in Fig. 3A), the sample points were mostly
distributed near the 1:1 line, except for a few points showing significant
underestimation. The precision metrics indicated good performance
with an RMSE of 1.49 %, MAE of 3.48 %, MAPE of 33.60 %, and a Bias of
8.22 %. It was found that the performance for Cryptophyta estimation
shown in Fig. 3B was the poorest among the five groups, likely due to
their pretty lower proportion, with the highest proportion being less
than 0.05 %. Despite this, the performance was acceptable with the
precision metrics of an RMSE of 0.04 %, MAE of 0.06 %, MAPE of 40.24
%, and a Bias of 0.005 %. For Bacillariophyta shown in Fig. 3C, the
results showed better accuracy than Cryptophyta but were slightly
worse than Cyanophyta and Chlorophyta, with an RMSE of 3.83 %, MAE
of 6.70 %, MAPE of 25.60 %, and a Bias of 9.38 %. Fig. 3D exhibited
excellent performance for estimating Cyanophyta with an RMSE of 7.61
%, MAE of 10.28 %, MAPE of 14.22 %, and a Bias of 8.37. Fig. 3E also
demonstrated relatively satisfactory accuracy with an RMSE of 7.96 %,
MAE of 13.52 %, MAPE of 10.91 %, and a Bias of 1.06 % for
Chlorophyta.

In summary, the algorithm performed quite satisfactorily across all
groups, with minor discrepancies likely due to specific characteristics
such as concentration levels and the inherent variability in the dataset. It
was found that those outliers were generally located in the region with
exceptionally high Chl-a concentrations, particularly in water bodies
where surface scum or blooms were present.

3.3. The application of the developed algorithm in lake taihu based on
satellite data

To assess the potential applicability of our algorithm on satellite
images, the developed algorithm was finally applied to Lake Taihu, a
typical eutrophic lake. Here, the QAA-750E method was adopted to
derive aph at 674 nm. The aph at other bands were derived based on the
empirical relationship with aph at 674 nm. And the calculation formulas
were listed in Table 2, and these relationships were developed based on
the dataset with a total of 1836 samples collected from freshwater lakes
in recent years.

The OLCI image acquired on August 12, 2023, was used to map
phytoplankton communities in Lake Taihu. The in situ data from Lake
Taihu indicated that Cryptophyta and Dinophyta accounted for less than
10 % of the total biomass and exhibited slight spatial variation, while the
three dominant groups: Cyanophyta, Chlorophyta, and Bacillariophyta
account for a significant portion of the total biomass, therefore, the
proportions of these three dominant phytoplankton groups were finally
analyzed for Lake Taihu. For further evaluating the algorithm perfor-
mance when applied to real satellite images, 12 satellite-ground syn-
chronous validation points were used to calculate the algorithm
estimation accuracy. The atmospheric correction precision was ensured
with a MAPE of 27.18 %. The comparison between satellite-derived
values and measured values is illustrated in Fig. 4. Based on the
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Fig. 2. Comparison of the a; (1) derived in this study with those of pure algae cultivated in the laboratory and with those of water bodies absolutely dominated by
this group (r; represents the r between the derived a (1) and cultured pure algae, and r, represents the r between the derived a; (1) and water predominantly

dominated by the specific group).

calculated accuracy metrics, Bacillariophyta showed acceptable accu-
racy, with an RMSE of 2.42 %, MAE of 17.15 %, MAPE of 43.65 %, and
Bias of 0.021 %. The low Bias indicated that there was no substantial
overestimation or underestimation, while the relatively high MAPE was
likely due to two outlier points that contributed to the larger overall
error. In contrast, Cyanophyta demonstrated pretty high precision, with
the lowest MAPE of the three groups. The accuracy metrics demon-
strated that the performance in deriving Chlorophyta was also accept-
able with a MAPE of 31.53 %. Overall, despite some variation in the
derived accuracy for different phytoplankton groups, the validation

results showed that the general change trends of phytoplankton com-
munities can be well captured by satellite observation.

Consequently, the developed algorithm was applied to satellite im-
agery of Lake Taihu, and the spatial distribution of phytoplankton
communities is shown in Fig. 5. It can be seen that Cyanophyta was the
dominant phytoplankton group in Lake Taihu, followed by Bacillar-
iophyta and chlorophytes, with other phytoplankton groups occupying a
minimal portion of the total biomass, which was consistent with previ-
ous research (Chen, 2003; Li et al., 2019). Spatially, the percentage of
Cyanophyta was higher in Zhushan Bay, Meiliang Bay, and the western
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Fig. 3. Comparison of derived and measured proportion ( %) for the validation dataset.
bl part of Lake Taihu than in other regions, and this spatial distribution was
Table 2

also found in a previous study (Zhu et al., 2018), the high values in the

Formulas for calculating aph(4) in different bands from aph(674). eastern region may be due to high winds and waves causing floating

Wavelength Formula algal particles to hang onto the littoral zone, and, this is a phenomenon
520nm y = 0.8682x -+ 0.0407 R? = 0.94 that we have observed in many previous field campaigns. The spatial
560nm ¥ = 0.4368x + 0.0613 R? = 0.86 distribution of Chlorophyta was more homogeneous, higher in the
620nm ¥y = 0.7061x~6E-05 R* = 0.96 southwestern littoral and eastern part, and slightly lower in other parts
665nm ¥ = 0.8284x + 0.0167 R? = 0.99 o

681nm ¥ = 0.9991x—0.0083 R? = 0.99 of the lake. The percentage of Bacillariophyta was mostly concentrated

in Zhushan Bay, and in the eastern part of Lake Taihu.
where x= aph(674) was inverted from QAA-750E (Xue et al., 2019).
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4. Discussion

4.1. Why water classification is necessary for obtaining phytoplankton
communities information?

As mentioned before, the phytoplankton communities in freshwater
lakes are highly variable, differing not only from lake to lake but also
within different zones of the same lake. The dominant algae in various
water bodies can vary significantly, for example, Microcystis dominates
Lake Biwa in Japan (Ozawa et al., 2005), while Bacillariophyta domi-
nate Lake Finjasjon in Sweden (Parsons, 1985; Pridmore and Etheredge,
1987), and Microcystis is absolutely dominant in Lake Taihu (Chen,
2003; Deng et al., 2014). This variability indicates that it is challenging
to represent the phytoplankton composition of different lakes with a
single algorithm. In this study, the water bodies were classified into two
categories: Cyanophyta-dominated and non-Cyanophyta-dominated
water types. Based on the measured data, it was found that the rela-
tionship between diagnostic pigments (e.g., echinenone for Cyanophyta)
and total chlorophyll a (Chl a) exhibited distinct trends when the
phytoplankton community was dominated by Cyanophyta compared to

non-Cyanophyta groups. The possible reasons for this phenomenon may
be that the unique pigments of Cyanophyta are not only taxonomically
diagnostic but also play a role in their adaptation to specific environ-
mental conditions, such as high light intensity or nutrient limitation
(Jeffrey et al., 1997; Maclntyre et al., 2000). Driven by these factors, the
relationship between marker pigments and T chl-a may undergo
changes. To evaluate the estimation performance after classification, the
results obtained after categorization were compared with those calcu-
lated directly without categorization. Eventually, the relationship be-
tween the Chl-a concentration calculated using different coefficients and
the measured Chl-a concentration was shown in Fig. 6. It was evident
that the results obtained using two sets of coefficients were more ac-
curate as shown in Fig. 6B and C. It can be seen from Fig. 6A, that several
validation points with large errors (circled in red in Fig. 6A) can be
obviously observed, which may lead to significant Bias in subsequent
calculations. The water classification made an attempt to avoid large
deviations during the process of estimating phytoplankton communities.

In addition, when Eq. (5) was used to derive a;(4), it was found that
the issue of convergence is still a challenge. Therefore, optimal inputting
of spectral bands is critical to derive the results. Previous studies have
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C is the result of Type2).

demonstrated that second-order derivative spectra are highly effective
for the qualitative identification of pigments, providing better perfor-
mance than standard spectra (Bidigare et al., 2002). Additionally,
second-order derivative spectra have been shown to yield superior re-
sults in distinguishing different phytoplankton groups (Uitz et al., 2015).
Based on these findings, the second-order derivatives of aph(1) were
calculated, and their r with Chl-a concentration was assessed. The
Pearson r between second-order derivatives of aph(4) and Chl-a con-
centrations of different phytoplankton groups were drawn in Fig. 7, and
it can be read that significant correlations were obviously observed
primarily 460 nm, 500 nm, 520 nm, 560 nm, 590 nm, 600 nm, 620 nm,
650 nm, and 680 nm. Considering the bands configuration of ocean or
land satellites, the commonly used band at 665 nm was also included. In
addition, in order not to miss features at 460 nm and 680 nm, the bands
at 400 nm and 700 nm, the characteristic band of peridinin and Chl-a,
were finally added. All input spectral bands were finally determined
based on their capacity to capture distinct signatures of phytoplankton
groups. These bands were then used as input for Egs. (3) and (5) to es-
timate the relative percentage distribution of different phytoplankton
groups. This approach ensures that the most characteristic wavelengths
corresponding to the specific absorption features of each phytoplankton
group can be fully employed, thus the accuracy of estimating group
composition can be significantly improved.

4.2. Stability of IDPA coefficients for freshwater lakes

The impact of variations in the IDPA coefficients on the derived re-
sults was extensively assessed by incorporating systematic noise into

— Dinophyta — Cryptophyta — Bacillariophyta
— Cyanophyta — Chlorophyta

400 500 600 700
wavelength(nm)

Fig. 7. Pearson r between second-order derivatives of aph(4) and Chl-a con-
centrations of different phytoplankton groups.

these coefficients. Specifically, the noise levels of +10 % and +20 %
were introduced to evaluate the sensitivity of our results to changes in
the coefficients. The analysis was conducted using multiple linear
regression to train the coefficients, and the subsequently derived Chl-a
concentration comparison between adding noise and not adding noise
was depicted in Fig. 8.

The results revealed that the derived results were relatively stable,
with RMSE<0.34pg/L, MAE = 0.10pg/L, MAPE = 0.52 %, and |Bias |<
0.16 when the systematic noise was =10 %. The validation points are
still distributed close to the 1:1 line, indicating that minor variations in
the coefficients do not significantly affect the accuracy. However, when
the noise level increased to +-20 %, there was a noticeable impact on the
results with RMSE<1.72ug/L, MAE< 1.37, MAPE < 9.59 %, and |Bias |<
6.70.

Notably, the impact of noise was most pronounced when it was
applied to the coefficients related to Cyanophyta, suggesting that the
coefficient of Cyanophyta was more sensitive to variations and may
require more precise calibration. To address potential issues arising from
variations in coefficient values, a bootstrap method during the training
phase of the coefficients was employed. This self-sampling technique
mitigated the risk that minor changes in individual factors will dispro-
portionately influence the final results. By adopting this method, the
derived results remained reliable and resilient against minor fluctua-
tions in the weighting coefficients.

To further investigate the stability of the derived weight coefficients,
the lakes were also classified into two categories: eutrophic lakes, i.e.,
Lake Taihu and Lake Dianchi (TLI>70), and relatively clearer lakes, i.e.,
Lake Erhai and Lake Qiandaohu (TLI<50), for which the weight co-
efficients were computed separately. The recalculated weight co-
efficients were then compared with the w; calculated in Section 3.1 to
assess the stability of the weight coefficients across different trophic
levels. Due to the significant variation among the coefficients of
different groups, all the data were log-transformed for easier display,
and the results are shown in Fig. 9. Overall, the differences between the
calculated w; for different trophic levels lakes and the calculated w; for
the whole lakes were relatively weak, and the two sets of coefficients
obtained from the two datasets were relatively consistent. This
demonstrated that the coefficients calculated for IDPA were relatively
stable and that the strategy of calculating the coefficients for the
Cyanophyta-dominated and non-Cyanophyta-dominated water types,
separately, was completely feasible and could improve the accuracy and
stability of the estimation algorithm.

The broad applicability of our methodology across various lake types
has been demonstrated. Lakes with diverse environmental conditions,
ranging from eutrophic to oligotrophic, were selected, and a flexible
framework adaptable to diverse freshwater lake ecosystems was
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established. Noise-injection methods and the categorization of lakes into
distinct groups for recalibration purposes were utilized to confirm the
relative stability of coefficients of IDPA. What’s more, the suitability of
the absorption decomposition method for broader applications is further
enhanced by its inherent comprehensiveness. The effectiveness of our
methodology is validated, and its potential for future studies across
various aquatic environments is highlighted by these findings, which
offer valuable insights for environmental monitoring and management
strategies.

4.3. Differences in phytoplankton composition between freshwater lakes
and oceans

Phytoplankton composition varies significantly between freshwater
lakes and marine environments due to differences in nutrient avail-
ability, light conditions, and hydrodynamics. Freshwater systems are
often dominated by cyanobacteria, green algae, and diatoms, while
marine ecosystems tend to support a higher abundance of diatoms, di-
noflagellates, and coccolithophores (Reynolds, 2006; Smayda, 1997).
These distinct phytoplankton communities exhibit different bio-optical
properties, particularly in their absorption spectra, which are influ-
enced by the unique pigment compositions of each group.

Building on these differences, Cyanobacteria, common in freshwater
environments, typically have lower absorption in the blue and red
spectral regions compared to marine diatoms due to the presence of
phycobiliproteins rather than Chl-c (Paerl and Otten, 2013). Moreover,
the variability of phytoplankton groups in freshwater lakes is much
significant spatially and temporally (Bi and Hieronymi, 2024). There-
fore, applying these algorithms directly to freshwater lakes without
adequate recalibration can lead to inaccurate estimation results, espe-
cially in regions where cyanobacteria blooms are prevalent.

Given these variations in optical properties, it is critical to recalibrate
algorithms and absorption coefficients for freshwater lakes systems to
account for the specific phytoplankton compositions. Recent studies
have emphasized the importance of region-specific parameter adjust-
ments, particularly in dynamic and eutrophic freshwater environments
where cyanobacteria often dominate (Hunter et al., 2010; Kutser, 2009).
To further validate the optical differences between freshwater lakes and
oceans, the a*,y(A) of dominant phytoplankton groups in Lake Taihu
was compared to that from marine environments, and the data for ma-
rine waters was downloaded from (Lomas et al., 2023). As shown in
Fig. 10, in Lake Taihu, where cyanobacteria frequently dominate, the
spectra showed significantly lower values in the blue (440-495 nm) and
red (660-700 nm) regions compared to marine diatom-dominated wa-
ters .Specifically, water bodies dominated by diatoms exhibit a more
prominent peak in the blue and red regions, likely due to the presence of
Chl-c, which contrasts with the phycobiliproteins found in cyanobac-
teria. Additionally, some differences in the specific absorption curves of
different phytoplankton taxa in freshwater lakes and oceans, both in

Sample in Lake Taihu
j dominated by Cyanobacteria
0.20 Oceanic sample dominated
by Diatom
015
£
4 ]
« =
< 0.10
0.05
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Wavelength(nm)

Fig. 10. Comparison of a*py between the sample point in Lake Taihu and the
oceanic sample point.

11

Water Research 282 (2025) 123665

magnitude and shape, were also clearly observed (Sun et al., 2022).
These findings underscore the necessity of tailoring bio-optical models
to the unique characteristics of freshwater systems.

Further supporting this need, the DPA (Diagnostic Pigment Analysis)
coefficients used for the global ocean (Li et al., 2023) were found to be
quite different from the results of this study, as shown in Table 3. From
the differences in the coefficients, it can be clearly seen that, from the
perspective of the global ocean, the contribution of different phyto-
plankton groups to the Chl-a concentration did not vary much. However,
the several lakes involved in this study were mostly dominated by
Cyanophyta or Chlorophyta, and such a difference suggested that the
coefficients needed to be recalibrated, and improvements in the meth-
odology should be made. In summary, the large differences in phyto-
plankton community composition between freshwater and marine
systems can lead to significant changes in bio-optical characteristics,
making it highly desirable to improve the DPA method and recalculate
the specific absorption coefficients.

4.4. Influence of aph(1) estimation error on deriving proportions of
different phytoplankton groups

As mentioned before, it was known that aph(4) is a critical parameter
for determining phytoplankton composition in this study. Therefore, the
estimation accuracy of aph(4) determines whether this algorithm can be
applied to satellite images. To assess the aph(1) estimation accuracy on
the final estimation result, system errors of +10 % and +20 % were
introduced into the aph(4) values at wavelengths of 510 nm, 560 nm,
620 nm, 665 nm, and 681 nm, respectively. The results obtained after
introducing these errors were then compared to the results calculated
directly using the measured aph(4). The RMSE, MAPE, MAE and Bias are
shown in Fig. 11. It can be clearly observed that introducing a —10 %
error resulted in the lowest estimation error with RMSE = 2.63 %, MAE
= 5.27 %, MAPE = 24.24 %, and Bias = 0.51. While introducing a + 10
% error, the algorithm still had a satisfactory estimation performance,
with RMSE = 8.66 %, MAE = 6.61 %, MAPE = 24.47 %, and Bias = 1.3.
However, when a £+ 20 % error was introduced, the estimation errors
became significantly larger, with RMSE exceeding 10 %, MAE surpass-
ing 11 %, MAPE greater than 39 %, and Bias above 21.5. These results
indicated that when the aph(1) estimation error reaches 20 %, the al-
gorithm’s performance deteriorates substantially.

The QAA-750E method was adopted in this study for the aph(1)
estimation, and the estimation error was calculated by using the
measured data from Lake Taihu. The evaluation result demonstrated the
MAPE was under 15 %, which proved that QAA-750E can be applied to
estimate the phytoplankton absorption of Lake Taihu. In conclusion, the
impact of aph(4) estimation error on final phytoplankton composition
estimation results was significant and cannot be ignored. To obtain
reliable outcomes, the error in estimating aph(1) should be controlled
within +20 %. It was well known that aph(2) estimation errors may arise
from several factors, including limitations in satellite image resolution,
and inaccuracies in atmospheric correction. A more accurate and robust
aph(2) estimation method was expected to be developed in future
research.

Table 3
w; for the freshwater lakes in this study and the global ocean in Li et al. (2023)’s
study.

Phytoplankton Typel Cyanophyta Type2 non-Cyanophyta Li et al.
dominated dominated (2023)
Dinophyta 0.53 0.01 1.11
Cryptophyta 0.01 0.01 1.71
Bacillariophyta  0.27 0.09 1.43
Cyanophyta 2.41 0.78 0.96
Chlorophyta 0.16 3.06 1.96
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4.5. Implications for long-term observations of phytoplankton
communities based on satellite images

The successful demonstration of this algorithm’s application to Lake
Taihu highlights its potential for long-term monitoring of phytoplankton
communities using satellite data. This algorithm provides a direct
method to estimate the composition characteristics of phytoplankton
groups, beyond functional or particle-sized groups (PSCs). However, its
performance can be influenced by several factors, such as atmospheric
correction accuracy, the retrieval of aph(1), and the presence of optically
active substances like CDOM (colored dissolved organic matter) and
suspended sediments. These substances can significantly mask phyto-
plankton absorption features, making it difficult to accurately retrieve
aph(2).

Given these challenges, future studies should focus on refining at-
mospheric correction methods and developing estimation method of
aph(2), particularly in complex waters where multiple optically active
components are present. With the development of big data models,
machine learning techniques, such as random forests and artificial
neural networks, could be considered to obtain more accurate aph(A)
results. Furthermore, to meet the demands of long-term and large-scale
applications, more data from lakes with varying trophic levels are
needed to validate the stability of the coefficients, ensuring that the
method can be reliably applied across different regions.

In conclusion, these efforts will contribute to successful long-term
observations of phytoplankton communities based on satellite imag-
ery, providing insights into phytoplankton succession patterns, the
response of phytoplankton groups to eutrophication, climate change,
and human activities.

5. Conclusion

In this study, an improved DPA method for freshwater lakes was
developed, enabling efficient derivation of phytoplankton community
composition, which can provide detailed phytoplankton phyla infor-
mation by calculating the proportions of different phytoplankton
groups, not merely focusing on PSCs. The coefficients obtained from this
method differ significantly from those for the ocean. This method
demonstrated robust performance, achieving an RMSE of less than 8 %,
an MAE of less than 13.52 %, a MAPE of less than 14.22 %, and a |Bias|
of less than 9 %. Subsequently, this algorithm was successfully applied
to Lake Taihu on August 12, 2023, based on Sentinel-3 OLCI images, to
map the distribution of Chlorophyta, Cyanophyta, and Bacillariophyta,
demonstrating the feasibility of using satellite imagery to monitor
phytoplankton community composition in freshwater lakes. This study
offers a novel and effective approach to obtaining the proportional
distribution of different phytoplankton groups in optically complex
freshwater lakes. The results proved the potential of satellite data in
monitoring phytoplankton community structures, offering valuable
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insights into phytoplankton succession patterns and providing a solid
foundation for understanding their responses to eutrophication, climate
change human activities and other factors.
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