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Phosphorus is a limiting nutrient in freshwater ecosystems. Therefore, the estimation of total phosphorus (TP)
concentration in eutrophic water using remote sensing technology is of great significance for lake environmental
management. However, there is no TP remote sensing model for lake groups, and thus far, specific models have
been used for specific lakes. To address this issue, this study proposes a framework for TP estimation. First, three
algorithm development frameworks were compared and applied to the development of an algorithm for Lake
Taihu, which has complex water environment characteristics and is a representative of eutrophic lakes. An
Extremely Gradient Boosting (BST) machine learning framework was proposed for developing the Taihu TP
algorithm. The machine learning algorithm could mine the relationship between FAI and TP in Lake Taihu,
where the optical properties of the water body are dominated by phytoplankton. The algorithm exhibited robust
performance with an R2 value of 0.6 (RMSE = 0.07 mg/L, MRE = 43.33%). Then, a general TP algorithm (R2 =
0.64, RMSE = 0.06 mg/L, MRE = 34.13%) was developed using the proposed framework and tested in seven
other lakes using synchronous image data. The algorithm accuracy was found to be affected by aquatic vege
tation and enclosure aquaculture. Third, compared with field investigations in other studies on Lake Taihu, the
Taihu TP algorithm showed good performance for long-term TP estimation. Therefore, the machine learning
framework developed in this study has application potential in large-scale spatio-temporal TP estimation in
eutrophic lakes.

1. Introduction
In recent decades, with the rapid development of the global econ
omy, human activities have led to the discharge of large amounts of
pollutants into lakes. Consequently, lake eutrophication has become a
major challenge facing the world and it has been attracting increasingly
more attention (Le et al., 2010; Ma et al., 2010). As of 2012, more than
60% of the world’s large lakes can be considered highly eutrophic
(Wang et al., 2018). Phosphorus (P), as a limiting nutrient for eutro
phication in freshwater systems (Howarth and Marino 2006; Schindler
2006), has a prominent limiting effect on lake eutrophication. In China,
P discharge has caused serious eutrophication problems in the middle
and lower reaches of the Yangtze River (Ji et al., 2020). Accordingly,
local governments have been striving to control lake eutrophication in
the middle and lower reaches of the Yangtze River. Therefore, it is of

great significance to clarify the spatiotemporal variability of total
phosphorus (TP) concentration in lakes in this area.
The increasingly maturing remote sensing technology is the
preferred method for rapid and accurate determination of lake water
quality. Although remote sensing can facilitate the estimation of TP
concentration, the methodology involved is complicated because P does
not have spectral characteristics. In lakes, P occurs mainly in the par
ticulate form primarily derived from soil erosion, and P concentration
affects the growth and reproduction of phytoplankton (Gao et al., 2015;
Xiong et al., 2019). Hence, P is closely related to optical active consti
tutes (OACs) in water, including colored dissolved organic matter
(CDOM), phytoplankton, and non-algae particulate matter; phyto
plankton can be quantitatively characterized by chlorophyll-a (Chla)
concentration and non-algae particulate matter mainly comprise sus
pended particulate inorganic matter (SPIM) (Li et al., 2017b; Song et al.,
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dominated by phytoplankton. TP is affected by the absorption and
degradation of phytoplankton, and its correlation with Chla increases
with increasing severity of eutrophication (Domagalski et al., 2007; Shi
et al., 2017). The optical properties of such lakes are very unstable.
Therefore, it is necessary to identify and eliminate algal bloom areas, or
classify algorithms according to the optical properties and lake areas,
and select multiple bands simultaneously to develop a TP estimation
model (Gao et al., 2015; Sun et al., 2012; Sun et al., 2014b).
Frameworks for developing lake TP remote sensing algorithms are
divided into two major categories. (1) Conventional algorithm devel
opment methods, including direct and indirect derivation methods. The
direct derivation method uses the statistical relationship between
reflectance and measured TP concentration to derive the TP remote
sensing algorithm through regression methods such as multiple stepwise
regression (Isenstein and Park 2014; Lim and Choi 2015; Xiong et al.,
2019); the indirect derivation method involves the initial derivation of
TP concentration from OACs concentration and then selecting the OACs
algorithm or band to develop the TP estimation algorithm following the
literature (Liu and Jiang 2013; Wu et al., 2010). The direct derivation
method is more widely used because it is simple and often provides good
results, whereas the indirect derivation method is complex and suscep
tible to accuracy loss because of the two-step method (Xiong et al.,
2019). (2) Machine learning methods. The relationships between TP and
OACs in eutrophic lakes are complicated and may not be expressed by
linear or non-linear functions. As numerous types of lakes are distributed
across the globe, differences in the optical properties and water quality
between lakes increase the difficulty of remote sensing research.
Therefore, machine learning method has been introduced into TP esti
mation (Chang et al., 2013; Sun et al., 2014a; Wang et al., 2003). In
recent years, with the increasing maturity of research on using remote
sensing for determining lake water quality, the application of machine
learning to water quality estimation has been increasing on a large
regional scale. Therefore, machine learning algorithms are increasingly
applied (Chen et al., 2014; Concha and Schott 2016; Sun et al., 2011),

Table 1
Bands and algorithms for estimating P concentration.
Algorithm development method
Traditional
Direct
method
derivation

Indirect
derivation
Machine learning method

Refs.
He et al. (2008)
Chen and Quan
(2012)
Isenstein and
Park (2014)
Gao et al.
(2015)
Du et al. (2016)
Li et al. (2017b)
Du et al. (2018)
Xiong et al.
(2019)
Wu et al. (2010)
Liu and Jiang
(2013)
Wang et al.
(2003)
Chang et al.
(2013)
Sun et al.
(2014a)

Bands (nm)
485, 560, 830, 2230
485, 560, 660, 830
660, 2220
475, 560, 660, 830
490, 680, 745, 865
443, 482, 561, 655
798, 803, 827
859, 1240
485, 560, 660
645, 859, 469, 555
485, 560, 660, 830, 1650
645, 469, 555
551, 556, 559, 625, 629,
633, 691, 706, 710, 714,
765, 769

2012; Wu et al., 2010; Xue and Ma 2019). Most studies use statistical
methods to identify spectral bands that can be used to estimate TP
concentration. All bands from visible to near infrared can be used for
estimating TP concentration (Table 1) because the optical properties and
P forms in different lakes are variable. Therefore, previous studies re
ported varying results. The optical properties of most inland water
bodies are dominated by SPIM, and thus, the estimation band for SPIM
or suspended particulate matter (SPM) can be considered for developing
an appropriate TP algorithm (Liu and Jiang 2013; Xiong et al., 2019).
However, in some lakes with severe eutrophication, in the case of
frequent algal blooms, the optical properties of the water body are

Fig. 1. Location of study area.
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especially for the estimation of non-optically active substances, such as P
and dissolved carbon dioxide (Chen et al., 2019).
Lake Taihu is one of the largest freshwater lakes in China, and it has a
complex water environment. Therefore, it can serve as a typical repre
sentative of eutrophic lakes. Firstly, the optical properties of Lake Taihu
are variable because of the frequent occurrence of algal blooms. In the
non-algal-bloom area, optical properties is mainly affected by SPM. In
algal-bloom areas, it affected by phytoplankton. The coverage of algal
blooms in Lake Taihu has exceeded 25%, and the frequency of algal
blooms has reached 30% (Hu et al., 2010). Moreover, global warming
significantly enhances the frequency and area of cyanobacteria bloom
(Zhu et al., 2020). In conventional remote sensing estimation of water
quality, algal bloom pixels are eliminated (Xue et al., 2019), thus
decreasing the number of available samples and images and lowering
algorithm robustness. Therefore, conventional remote sensing algo
rithms may not be applicable. Algal bloom pixels should be included in
the estimation of TP in Lake Taihu, and such algorithms have rarely been
reported. Secondly, the occurrence of phosphorus in Lake Taihu is not
uniform. The net reception of TP in Lake Taihu exceeds its discharge
(Wang et al., 2019b), and the areas surrounding the lake have dense
population and well-developed industries. P in domestic sewage and
industrial wastewater mainly exists in the dissolved form (Carlson et al.,
2013; Rattan et al., 2021). The discharge of the domestic sewage and
industrial wastewater causes TP enrichment in the upstream lake area,
and the spatial distribution of TP concentration is heterogeneous.
Considering these issues, Lake Taihu was selected as a typical eutrophic
lake for developing a TP algorithm that can be extended to other similar
lakes.
Considering the close relationships between TP and OACs, many
studies have proved that TP concentration in lakes can be estimated by
remote sensing (Xiong et al., 2019; Liu and Jiang 2013; Wu et al., 2010).
However, the variability of OACs and forms of TP across various water
bodies leads inconsistencies in the TP estimation bands, algorithm types,
and development methods. Resulting in the lack of TP algorithms for
extremely eutrophic large lakes or lake groups in large areas. Therefore,
developing an algorithm to solve this issue should be given priority. This
study selected Lake Taihu as a typical representative of eutrophic lakes
and developed a framework for TP estimation. The performance of the
proposed algorithm was evaluated at various spatial and temporal
scales, in an attempt to obtain a TP algorithm that can be used for lake
groups on the large scale.

Table 2.
Statistics of field samples and synchronous satellite data.
Lake
Lake
Taihu

Samples
401

54

Date
2005/2/21, 2005/2/22, 2005/4/15, 2005/10/13, 2005/
11/16, 2005/12/14, 2005/12/16, 2006/4/16, 2006/6/
12, 2006/8/12, 2007/2/06, 2007/2/07, 2007/8/13,
2007/11/19, 2007/11/20, 2008/5/16, 2008/10/14,
2008/11/13, 2008/12/14, 2009/1/13, 2009/3/14, 2009/
11/22, 2010/1/14, 2010/2/21, 2010/3/16, 2010/8/12,
2010/11/17, 2010/12/17, 2011/1/16, 2011/4/14, 2011/
5/15, 2011/8/15, 2011/9/15, 2012/3/14, 2012/5/16,
2012/8/18, 2012/9/20, 2013/5/14, 2013/7/17, 2013/8/
20, 2013/10/12, 2014/3/18, 2014/10/14, 2014/12/18,
2015/10/15, 2015/12/17, 2017/3/8, 2017/4/29, 2017/
4/30, 2019/11/14
2017/4/28, 2017/8/23, 2018/7/14, 2019/10/29, 2019/
10/30, 2020/12/22
2018/8/25, 2018/9/26, 2018/10/12

Lake
Chaou
Lake
Hongze
Lake
Nanyi
Lake Gehu
Lake
Shijiu
Lake
Luoma
Total

72

19

2018/7/19, 2018/10/28

7
4

2018/7/18
2018/7/20

13

2020/10/24

570

65

synchronization data, including TP, (PO43− ), Chla, and SPM; (2) Data
collected by the research team through field surveys of large lakes in the
middle and lower reaches of the Yangtze River and Huai River (YH)
during 2017–2020 (Dataset 2), including Lake Taihu, Lake Chaohu, Lake
Hongze, Lake Luoma, Lake Gehu, Lake Nanyi, and Lake Shijiu. The
dataset covered 224 available samples, 19 MODIS synchronization data,
including TP, Chla, SPM, and optical absorption coefficient. The statis
tics of samples from each lake are shown in Table 2.
Water samples were collected using a 2 L polyethylene watersampling instrument. The surrounding environment and meteorolog
ical characteristics at the sampling points were recorded using in
dicators, such as sampling time, weather conditions, wind speed and
direction, and algal bloom. The collected water samples were stored in a
refrigerator in the dark and transported to the laboratory for further
analysis. Chla was determined using the acetone extraction method, and
SPM was determined using the weighing method. Samples for TP were
acidified with H2SO4 to pH < 1, and then preserved at 2–5 ◦ C. TP con
centrations were determined through a spectrophotometric analysis
after the decomposition of potassium persulfate (Xiong et al., 2019).
The OACs determine the optical properties of water. Accordingly,
absorption coefficients of CDOM (ag), phytoplankton pigments (aph),
detritus (ad), and water (aw) are used to analyze optical properties. The
test results of aw by Pope and Fry (1997) are generally accepted. aph and
ad were determined using the quantitative filter technique (Mitchell
1990), and ag was measured using a Shimadzu UV2600 spectropho
tometer (Bricaud et al., 1981; Xue et al., 2020).

2. Materials and methods
2.1. Study area
Lake Taihu (30.9◦ ~ 31.6◦ N, 119.9◦ ~ 120.6◦ E) is located in the
core of the Yangtze River Delta, it is an important water source in the
surrounding areas (Fig. 1). Lake Taihu is the third largest freshwater lake
in China, with an area of 2338.1 km2, an average depth of 1.9 m and a
maximum depth of 3.34 m. Due to the structure of the bottom, the lake
area basically does not change with the seasons. Lake Taihu is divided
into Zhushan Bay (ZS), Meiliang Bay (ML), Gonghu Bay (GH), Lake
Center (LC), West Lake (WL), South Lake (SL) and East Lake (EL), and
the water quality of EL is the best in Lake Taihu, with dense aquatic
vegetation, and satellite sensors can not obtain effective water body
information. Therefore, the East Lake would be masked in remote
sensing estimation of water quality in Lake Taihu (Shen et al., 2017).

2.3. Satellite data and preprocessing
Existing mature atmospheric calibration algorithms do not provide
accurate estimates of reflectivity over inland lakes. Many studies have
proved that water properties can be estimated using the Rayleighcorrected reflectance (Rrc, dimensionless), which is derived after
correction for Rayleigh scattering and gaseous absorption effects
following Hu et al. (2004), such as algal bloom identification (Hu et al.,
2010), SPM (Cao et al., 2017; Feng et al., 2012), and particulate organic
carbon (Duan et al., 2014). MODIS Aqua level-1A images were down
loaded from the NASA Ocean Color website (http://oceancolor.gsfc.
nasa.gov/). The MODIS Aqua level-1A data were processed using the
SeaDAS software through the meteorological parameter file and the
Rayleigh scattering lookup table in order to obtain the Rrc data product.

2.2. Field data and laboratory analysis
Field measured data were acquired from two sources: (1) Monthly
water quality survey data of Lake Taihu during 2005–2015 provided by
Taihu Laboratory for Lake Ecosystem Research, Chinese Ecosystem
Research Network (Dataset 1), covering a total of 346 available samples,
46 Moderate Resolution Imaging Spectroradiometer (MODIS)
3
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Fig.. 2. (a) Direct derivation framework; (b) Indirect derivation framework; (c) Machine learning framework.

2.4. Algorithm development

variables. Each algorithm will filter indexes as variables according to its
own characteristics. The algorithm development method is as follows.

2.4.1. Modeling set construction
Due to saturation or failure of the MODIS band, currently only 7
bands are available for inland turbid waters: B1 (645nm), B2 (859nm),
B3 (469nm), B4 (555nm), B5 (1240nm), B6 (1640nm) and B7
(2130nm). Perform mathematical transformations of reciprocal, loga
rithm, exponent, square root, and square for each band, and use four
arithmetic operations and normalization methods to combine each band
as an index for algorithm development. Since temperature affects the
adsorption of solid particles to P, the MODIS land surface temperature
(LST) product MYD11A1 (https://ladsweb.modaps.eosdis.nasa.gov) is
also used as an index, which has proved to have a significant correlation
(R2=0.96) with the actual water temperature (Liu et al., 2015) Hu
(2009). developed floating algae index (FAI) based on MODIS to detect
algae blooms, and it has been well applied in Lake Taihu (Hu et al.,
2010). Algal blooms are not only closely related to optically active
substances such as SPM and Chla, but also closely related to nutrients.
Therefore, FAI was selected as an index and the calculation method is:
FAI = RNIR − [RRED + (RSWIR − RRED ) × (λNIR − λRED ) / (λSWIR − λRED )]

2.4.2. Conventional algorithm
There are two kinds of conventional algorithm framework: direct
derivation and indirect derivation. The steps of direct derivation
framework are: determine the key OACs of Lake Taihu according to the
measured results of water quality, and develop TP algorithm according
the characteristic band of key OACs, 3/4 samples are used for training
and 1/4 samples are used for verification (Fig. 2a). The steps of the in
direct derivation method are: the TP concentration is fitted by empirical
relationship between the measured OACs and TP concentration, and
then the TP algorithm is developed based on the oacs algorithm. 3/4 of
the samples are used for training, and 1/4 of the samples are used for
verification (Fig. 2b).
2.4.3. Machine learning algorithm
Classification and regression trees (CART) is one of the important
methods of data mining and the most widely used and efficient machine
learning algorithm. Two common algorithms derived from CART are
selected: (1) Extremely Gradient Boosting (BST); (2) Random Forest
(RF). The machine learning algorithm used in this study is simple and
easy to operate, and the key part is the determination of input variables.
① The increase in mean square error (IncMSE) of a total of 1199 indexes
(Table S1) were calculated and sorted in descending order. The MSE
calculation method is

(1)

where RNIR , RSWIR and RRED represent the near-infrared, short-wave
infrared and red light bands respectively, and λ is the center wavelength
of each band of MODIS.
In summary, the input indexes include the mathematical trans
formation and combination of each band, LST and FAI. There are 1199
indexes in total, and the indexes information can be viewed in Table S1,
the indexes in the following text are labeled according to the ID in the
table. Not all of these indexes will be input into the algorithm as

MSE =

n
1∑
(y − xi )2
n i=1 i

Fig. 3. Water quality in different lake areas: (a) TP; (b) PO4; (c) Chla; (d) SPM.
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Fig. 4. Algorithms from different frameworks (a) Direct derivation algorithm; (b) Indirect derivation algorithm; (c) Machine learning BST; (d) Machine learning RF.

Where n is the number of samples, y is the true value and X is the
simulated value; ② the highest index of IncMSE is input into the BST
model as an input variable;③ select the index with the highest IncMSE
among the remaining indexes as the newly added variable, and use the
Variance Inflation Factor (VIF) to judge the collinearity between the
newly added variable and the input variable. If there is collinearity,
remove the variable, and if there is no collinearity, enter the model;
④Repeat step ③ until the verification accuracy of the algorithm does
not increase. In order to ensure the stability of the algorithm, the 5-fold
cross validation was used to ensure that the training dataset was
randomly distributed in different segments. The parameter adjustment
of the two algorithms is based on the unified principle: first, ensure the
accuracy of the algorithm, and then try to make the structure of the
algorithm as simple as possible, for example, reduce the depth of the tree
and the number of leaves (Fig. 2c).

MRE(%) =

n
1∑
|yi − xi |
× 100%
n i=1
yi

(4)

Where n is the number of data, x is the estimated value and y is the
measured value.
3. Results
3.1. Water quality characterization
The water quality of Lake Taihu is shown in Fig. 3. Lake Taihu is a
typical eutrophic water body, with an average SPM concentration of
41.87 mg/L and an average Chla of 16.55 μg/L. Different parts of the
lake showed prominent differences in water quality. The concentrations
of TP and PO4 in ZS and WL were relatively high, and their concentra
tions in GH, LC, and SL were relatively low. The Chla concentrations in
ZS, ML, and WL were higher than those in the other three lake areas. The
SPM concentrations in ZS, ML, and GH were lower than those in LC, WL,
and SL, which can be attributed to the less wind and wave disturbance in
the lake bay. In conclusion, the water environment characteristics of
Lake Taihu are complex, and the water quality of each lake area exhibit
clear differences. Therefore, Lake Taihu is representative of inland
eutrophic lakes.

2.4.4. Algorithm accuracy evaluation
The accuracy of the algorithm is evaluated by the determination
coefficient (R2), root mean square error (RMSE) and mean relative error
(MRD):
√̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
n
1 ∑
RMSE =
(3)
(xi − yi )2
n − 1 i=1
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Table 3.
Input variables of each algorithm (in descending order of IncMSE).
Algorithm
BST
RF

Input variables
ID
IncMSE
ID
IncMSE

1
0.027
1126
0.032

1126
0.019
1
0.015

2
0.009
1096
0.002

23
0.007
2
0.002

1096
0.004
1024
0.002

541
0.002
658
0.002

146
0.002

Fig. 5. Spatial distribution of annual mean TP in Lake Taihu from 2003 to 2019.

3.2. Taihu TP algorithm

mg/L was observed in 2017.

Directly and indirectly derived algorithms exhibited low accuracy,
with R2 less than 0.4 and MRE more than 50% for the verification set
(Fig. 4a, b). Considering that the machine learning algorithm has a high
training accuracy, only the verification accuracy is shown (Fig. 4c, d).
BST showed the highest accuracy, with R2 reaching 0.60. The scatters
were uniformly distributed on both sides of the 1:1 line (RMSE = 0.07
mg/L, MRE = 43.33%). The R2 of the RF algorithm was 0.52, and it
showed significant underestimation when TP > 0.3 mg/L. The input
variables of machine learning algorithm are shown in Table 3. The
variables are sorted in descending order according to IncMSE. Since the
number of indexes reaches 1199, all input variables are marked with ID,
for details of variables, please refer to supplementary material S1. Most
of the input variables of the two algorithms were the same, but the
values of IncMSE are different, and the mean IncMSE value of thevari
ables of BST algorithm was higher than that of RF algorithm, which
verifies the higher accuracy of the BST algorithm over the RF algorithm.
Overall, the BST algorithm developed using the machine learning
framework was the most suitable algorithm for TP estimation.

4. Discussion
As the machine learning algorithm is a black box process, the BST
algorithm integrates a large number of classifiers. Moreover, the original
intention of the machine learning algorithm is to process big data.
Sample classification will reduce the number of samples and greatly
reduce the stability of the algorithm. Therefore, the performance of the
algorithm cannot be evaluated internally, but from the results before
and after estimation. In this study, the feasibility of BST to the TP esti
mation was first explored by considering the optical properties and TP
forms of the lake. Subsequently, the applicability of the algorithm to
other eutrophic lakes was evaluated. Finally, according to relevant
research on Lake Taihu, the rationality of applying the algorithm to long
time series data was evaluated.
4.1. Feasibility of machine learning algorithms in TP estimation
Dataset 1 was obtained from Taihu Laboratory for Lake Ecosystem
Research and does not include absorption coefficients, in order to
analyze the optical properties of Lake Taihu, the absorption coefficients
were measured in Dataset 2, so only 68 sample points were considered
(Fig. 6a). The influence of aph appeared to be stronger, and its highest
proportion reached more than 80%. In contrast, the proportions of ag
and ad were generally 60% or less. In addition, Chla showed a closer
relationship with TP (Fig. 6b). In eutrophic lakes with infrequent algal
blooms, such as Lake Hongze (Xiong et al., 2019) and Lake Poyang (Liu
and Jiang 2013), suspended solids were the dominant factor controlling
TP. However, in Lake Taihu, which experiences frequent algal blooms,
OACs are the key factor dominating TP owing to the drastic changes in
Chla concentration. Therefore, the optical properties and TP forms in
Lake Taihu were mainly influenced by phytoplankton.

3.3. Temporal and spatial distribution of TP in Lake Taihu
The spatiotemporal distribution of TP concentration in Lake Taihu
from 2003 to 2019 is shown (Fig. 5). TP gradually decreased from east to
west. Controlled by the Qinghai Tibet Plateau, most water systems in
China flow from west to east. The water systems in the upper reaches of
Lake Taihu are located in the west and north. Terrigenous input leads to
high TP concentration in the west and north of Lake Taihu, and areas
with low TP are mainly concentrated in LC. TP concentration in most
areas ranged from 0.1 to 0.3 mg/L. The TP concentration in Lake Taihu
exhibited a trend of initial decline followed by an increase. The lowest
value of 0.13 mg/L was observed in 2012 and the highest value of 0.17
6
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Fig. 6. Optical properties and P forms in Lake Taihu. (a) Percentage contribution of phytoplankton, detrital particles, and CDOM to total non-water absorption of the
water surface; (b) relationships between TP and OACs; (c) correlation coefficients between TP and OACs with varying Chla; (d) correlation coefficients between TP
and OACs with varying PO4/TP.

Fig. 7. (a) Correlation coefficient between FAI and Chla; (b) Correlation coefficient between FAI and TP; (c) Correlation coefficient between f2-f3 and TP.

The impact of all water quality parameters on the relationship be
tween TP and OACs was analyzed. Only Chla and PO4 / TP exhibited
prominent effects, and other indicators were placed in S2. With Chla and
PO4/TP arranged in the ascending order, the samples were divided into
16 groups, each of which comprised 100 samples (20 samples as the
interval). Subsequently, the correlation coefficients between TP and
OACs in each group were calculated. The results showed that increases
in Chla concentration will strengthen the correlations between TP and
OACs (Fig. 6c), and increases in PO4/TP will reduce the correlation
(Fig. 6d). PO4 content was prominently higher in ZS and WL, in which
algal blooms occur frequently, than in other lake areas (Fig. 3). With the
increase of algal density in pixels, the optical properties of water will
change rapidly, so traditional studies have eliminated algal bloom pixels
as much as possible (Wang et al., 2019a; Shi et al., 2017).
As shown in Table 3 that the IncMSE of Index No. 1 and Index No.
1126 is obviously higher than the IncMSE of other variables. These two

variables represent FAI and f2-f3, respectively. FAI is a key index for
estimating TP in Lake Taihu, but conventional algorithms cannot mine
the potential relationship between FAI and TP. As a common method of
data mining, the BST algorithm can mine the relationship between FAI
and TP. FAI is the most commonly used index for detecting algal blooms
(Hu et al., 2010). As phytoplankton and TP have a close relationship, FAI
has potential for estimating Chla and TP when FAI < 0.06 (Fig. 7a, b).
During the development of conventional algorithms, when the FAI
exceeded 0.06, the algal bloom intensity exceeded the limit for char
acterizing water information. Therefore, conventional algorithms
cannot accurately mine the relationship between FAI and Chla. In
contrast, the machine learning algorithm could mine the relationship
between phytoplankton and TP. The BST algorithm is an ensemble al
gorithm, including multiple linear and non-linear classifiers. Regarding
the IncMSE index of FAI, BST provided the highest value and RF pro
vided the second highest value (Table 3). Also, the relationship between
7
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f2-f3 and TP is not as close as that between FAI and TP (Fig. 7c), which
further explains the superior performance of BST over RF. In terms of the
IncMSE of LST, BST ranked the third, and temperature is an important
factor affecting TP concentration in lakes (Wang et al., 2019b). With
increases in temperature, the solubility of P increases, and the processes
of biological disturbance and anaerobic transformation are accelerated,
resulting in the release of P from sediments (Jiang et al., 2008). On the
whole, the BST algorithm could mine the impact of each index on TP.
In conclusion, the optical properties and forms of TP in Lake Taihu
are mainly affected by phytoplankton. The conventional algorithm
could not mine the relationship between remote sensing products and
TP. As a data mining algorithm, BST could determine the relationships
between TP, FAI, and LST, through which the Lake Taihu TP algorithm
could be successfully developed.
4.2. Applicability of the Lake Taihu TP algorithm development framework
to other lakes

Fig. 8. Accuracy of the YH TP algorithm developed using machine
learning framework.

Based on the synchronous sample data of all lakes in YH (Table 2),
the YH TP algorithm was developed using the machine learning
framework. The accuracy of the algorithm reached 0.64 (RMSE = 0.06

Fig. 9. Image test of the YH TP algorithm based on satellite synchronization data.
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Fig. 10. Comparison between remote sensing estimation results and published research results (a) Qin et al (2010) and Xu et al. (2019); (b) Xu et al. (2019); (c) Xu
et al. (2010); (d) Paerl et al. (2011); (e) Ding et al. (2018); (f) Xu et al. (2019).

mg/L, MRE = 34.13%), and the error was lower than that of the Taihu
TP algorithm. However, when TP > 0.1 mg/L, the sample point error
increased for Lake Chaohu, indicating that the accuracy may widely
vary among lakes. The accuracy of the YH TP algorithm was found to
depend on the sample discreteness of Lake Taihu. Therefore, image
testing was performed to analyze the generalizability of the algorithm
Fig. 8.
In the testing of the algorithm using synchronous image, only the
results of cloud-free images were considered (Fig. 9). The TP concen
tration in Lake Chaohu and Lake Gehu was significantly higher than that
in other lakes, which is consistent with previously reported results (Zhu
et al., 2019). The spatial variability of TP in Lake Chaohu was greater
than that in other lakes. In the images of August 23, 2017 and July 14,
2018, the TP concentration in areas covered by algal bloom was
significantly higher than that in the surrounding areas. It is worth noting
that the distribution of sampling points will seriously affect the final
results. The TP concentrations in Lake Chaohu on April 28, 2017 and
August 23, 2017 estimated using remote sensing data were lower than
the average values measured for the samples. This can be explained by
the sampling points being mainly concentrated in the west of Lake
Chaohu, and the water quality of Lake Chaohu is significantly poorer in
the west than that in other areas (Jiang et al., 2014; Li et al., 2017a).
Therefore, the average concentration of TP measured over the entire

lake on July 14, 2018 was 0.15 mg/L, which is consistent with the
remote sensing estimation results Fig. 10.
Evident high-value pixels were observed around lakes without algal
blooms, such as in Lake Shijiu, Lake Nanyi, and Lake Hongze, because
aquatic vegetation around the lake, algal blooms and aquatic vegetation
have similar spectral characteristics (Liang et al., 2017), the algorithm
overestimate the value of TP concentrations. In addition, the existence of
paddy fields and net enclosure aquaculture around some lakes will also
affect the TP estimation results, such as in the west and north of Lake
Hongze (Xiong et al., 2019). Moreover, compared with Lake Chaohu and
Lake Taihu, seasonal changes in the water volume of Lake Hongze are
more prominent, due to which the marginal effect of the lake is also
more pronounced (Cao et al., 2017). The algorithm overestimates the TP
concentration because of these high-value pixels in Lake Shijiu, Lake
Nanyi, Lake Gehu, and Lake Hongze. Therefore, when extending the YH
TP algorithm to other lakes, it is necessary to clarify the environment of
each lake and control the pixel quality in order to completely utilize the
algorithm.
In summary, the BST algorithm can be used to develop a TP esti
mation algorithm for eutrophic waters. When performing large-scale
and long-term estimations, it is necessary to strictly control the quality
of pixels and investigate the environment of each lake, especially the
distinction between algae blooms and aquatic vegetation, and net
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Therefore, it is necessary to identify and delete these pixels to improve
the accuracy. Moreover, for the first time, the long-term TP concentra
tion estimated by machine learning was compared with that investi
gated in the field, the algorithm results were found to be similar to some
field survey results. The algorithm may include certain errors, but
remote sensing estimation reduced errors attributable to the uneven
temporal and spatial distribution of sampling points and the actual
water quality could be reflected to a certain extent.

Table 4.
Reported TP surveys on Lake Taihu
Lake region
ZS
ML

GH

Time
2003–2006
2009–2015
2009–2015
2006/01–2008/12
2008/01–2009/12
2015/02–2017/01
2009–2015

Graph sequence
Fig. 10a
Fig. 10b
Fig. 10c
Fig. 10d
Fig. 10e
Fig. 10f

Source
Qin et al. (2010)
Xu et al. (2019)
Xu et al. (2019)
Xu et al. (2010)
Paerl et al. (2011)
Ding et al. (2018)
Xu et al. (2019)

Declaration of Competing Interest

enclosure aquaculture.

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

4.3. Potential of the Taihu TP algorithm to simulate long-term TP changes
In this study, existing research results on TP in Lake Taihu were
reviewed, and relevant data from graphs or tables in literature were
extracted (Table 4). Most studies were found to focus on the three bays
of Lake Taihu. Regarding ZS, the results of Qin et al. (2010) were
significantly lower than those of other studies, indicating the potential of
large errors with field investigations because of the contingency of the
sampling time and location. The remote sensing estimation results and
the survey results of Xu et al. (2019) showed that same TP concentra
tion, but the change trends were quite different, which may be explained
by the difference in sampling Xu et al. (2019). collected water samples
from approximately one meter below the water surface, whereas remote
sensing techniques estimate the TP concentration on the surface of the
lake. Due to the phototaxis of phytoplankton, the concentration of
phytoplankton in the surface water body will increase with TP concen
tration. With increasing depth, phytoplankton concentration will grad
ually decrease (Li et al., 2017a; Qi et al., 2018). Accordingly, the survey
results of Xu et al. (2019) were also lower than the remote sensing
estimation results in ML and GH. In ML, the remote sensing estimation
results were basically consistent with the results of Xu et al. (2010) and
Paerl et al. (2011), showing a trend of high in summer and autumn, and
low in winter and spring. Therefore, the spatial unevenness and tem
poral contingency of sampling points are easy to lead to the deviation of
researchers’ understanding of the real situation of the lake. Although the
remote sensing algorithm has errors or uncertainties to a certain extent,
it can estimate the water quality index of each pixel in the entire plane.
Moreover, after excluding the images affected by cloud cover and flare, a
total of 1604 MODIS images were used for TP estimation of Taihu Lake
from 2003 to 2019, with an average of 94 images per year. Therefore,
remote sensing estimationhas high potential for providing detailed in
formation on the overall real situation of the lake.
In summary, the results of the Taihu TP algorithm can represent the
long-term TP changes in Taihu Lake, and compared with field surveying,
it can reduce errors caused by the uneven spatial and temporal distri
bution of sampling points, and reflect the actual water quality to a
certain extent.
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