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Highlight： 

⚫ Optimized remote sensing algorithms for lake TN/TP estimation 

⚫ Evaluated the sample dependence of machine learning methods 

⚫ Revealed long-term spatiotemporal patterns of lake TN/TP from satellite 

observations 

⚫ 63% of the Yangtze-Huaihe region lake areas were co-limited by N and P, while 

36% were P-limited 

⚫ TN/TP > 15 reduced algal bloom sensitivity, offering a feasible target for 

eutrophication control. 
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Abstract: Variations in the mass ratio of nitrogen to phosphorus (TN/TP) are 

closely linked to algal bloom outbreaks in lakes. Traditional studies predominantly rely 

on laboratory or in situ observations, lacking long-term, whole-scene monitoring. This 

study, based on remote sensing and intelligent algorithms, optimized direct derivation, 

indirect derivation, and various machine learning methods to, for the first time through 

satellite-enabled panoramic observation, obtain the spatiotemporal distribution of 

TN/TP in 28 lakes of Yangtze-Huaihe region (YHR) over 21 years and analyze its 

effects on phytoplankton. The results show that the Extreme Gradient Boosting-based 

direct derivation method yielded the best validation performance, with an R² of 0.59 

and RMSE of 11.34. Spatially and temporally, TN/TP predominantly ranged between 

15–25, with a multi-year average of 20.49. 61% of the lakes exhibited declining trends 

in TN/TP ratios, with all small lakes (<100 km²) showing consistent decreases. 

Seasonally, TN/TP ratios demonstrated lower values in summer-autumn and higher 

values in winter-spring. Leveraging the spatiotemporal observational advantages of 

remote sensing, it was found that TN/TP at downstream outlets was 2.9% higher than 

upstream inflow areas in 71% of the lakes, with the most pronounced difference in 

autumn (6.6%). Based on reported nutrient limitation thresholds, 63% of the lake areas 

were co-limited by nitrogen and phosphorus (P), while 36% were P-limited, with P-

limited areas being higher in winter and spring, reaching 49%. By screening continuous 

observation cases, we found that Floating Algae Index became less sensitive to TN/TP 

when TN/TP exceeded 15 in all seasons, suggesting TN/TP = 15 as a feasible threshold 
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for eutrophication control. Remote sensing-derived TN/TP patterns reveal the need for 

enhanced small lake monitoring, with the proposed locally adapted P-limitation 

threshold offering science-based guidance for eutrophication control. 

Keywords: Nitrogen to phosphorus ratio; phytoplankton; eutrophic lake; nutrient 

limit; machine learning 

 

1. Introduction 

Global economic development and intensified anthropogenic activities have 

resulted in excessive pollutant emissions, exacerbating surface water pollution (Huang 

et al. 2015; Huang et al. 2021). Nitrogen (N) and phosphorus (P) enrichment has 

induced eutrophication in over 50% of global lakes (Wang et al. 2018; Wang et al. 2025). 

The Yangtze-Huaihe region (YHR), among the most eutrophic areas globally, has seen 

declining lake nutrient concentrations in recent years due to stringent water quality 

policies in China (Tong et al. 2022; Tong et al. 2017). However, the frequency and 

intensity of algal blooms persist unabated (Ho et al., 2019; Hou et al., 2022). Although 

it is reported that temperature rise and water level fluctuation have an impact (Zhang et 

al. 2024; Zhang et al. 2025), it cannot be ignored that the mass ratio of nitrogen to 

phosphorus (TN/TP) change will also trigger the steady-state imbalance of the 

ecosystem, reduce biodiversity (Frenken et al., 2023; Yu et al., 2022), and exacerbate 

algal blooms (Havens et al., 2003; Redfield, 1960; van Wijk et al., 2024; Wu et al., 

2022). Investigating TN/TP patterns and their phytoplankton impacts is therefore 

essential for refining precision in water environment management. 

It is generally believed that excessive N and P concentrations promote algal 

blooms. However, the trends of N and P concentration changes in eutrophic lakes are 

different. For example, in the lakes of the YHR, total P is higher in summer and lower 

in winter, while total N shows the opposite trend (Fang et al., 2024c; Qin et al., 2020). 

The asynchronous behavior of nutrient concentrations cannot explain the response 

mechanism of algal abundance. Many studies use factors including temperature (Dory 

et al., 2024; Maberly et al., 2022), light (Isles et al., 2021; Liu et al., 2021), 

hydrodynamics (Duquesne et al., 2021; Ishikawa et al., 2022), and phytoplankton 

community composition (Liu et al., 2021; Sharoni and Halevy, 2020) to explain the 

                  



 

 

effects of N and P concentrations on phytoplankton growth. Meanwhile, multiple 

studies indicate that TN/TP shows a decreasing trend during eutrophication (Jiang and 

Nakano, 2022; Zhou et al., 2022), and the TN/TP threshold limiting phytoplankton 

growth has been proposed (Chorus and Spijkerman, 2021; Smith, 1983; Zou et al., 

2020). Studies confirm that P limitation is more significant in lake ecosystems, with 

lakes shifting from P limitation to N-P co-limitation as eutrophication intensifies (Chai 

et al., 2021; Naderian et al., 2025). Some studies even suggest that compared to N and 

P forms or compounds, TN/TP provides a more reliable indicator of eutrophication risk 

(Yamazaki et al., 2017; Zhang et al., 2018). TN/TP affects aquatic community structure 

(Li et al., 2024), and increasing TN/TP is the main cause of changes in phytoplankton 

evenness, diversity and community structure (Fasching et al., 2024; Frenken et al., 2023; 

Tanioka et al., 2022). For example, in eutrophic lakes, diatoms dominate at high TN/TP, 

green algae are better adapted to moderate TN/TP conditions, while cyanobacteria tend 

to become dominant under low TN/TP conditions (Zhou and Wang, 2022; Zou et al., 

2020).  

Most of these findings were obtained from laboratory experiments and field 

investigations. Currently, there is a lack of whole-scene, spatiotemporally continuous 

observations to evaluate the validity of these experimental theories. Therefore, it is 

necessary to employ remote sensing to obtain large-scale spatiotemporal patterns of 

TN/TP and elucidate its impact mechanisms on phytoplankton. Numerous studies have 

demonstrated that machine learning can extract hidden information from variables and 

possesses unique advantages in monitoring non-optically active water quality 

parameters in inland waters (Chen et al., 2021a; Guo et al., 2024; Tian et al., 2023; Xue 

et al., 2024). Therefore, this study develops a remote sensing algorithm for TN/TP using 

machine learning, to derive its spatiotemporal patterns and explore the impact 

mechanisms on phytoplankton. Our objectives are: (1) to develop a TN/TP remote 

sensing algorithm to reconstruct continuous spatiotemporal patterns over the past two 

decades; (2) to reveal the relationship between TN/TP and phytoplankton through 

satellite-enabled panoramic observation. 

2. Methodology 

2.1 Study area 

                  



 

 

The YHR lake group is the most severely eutrophicated region globally (Wang et 

al. 2018) and also the area with the largest number and densest distribution of 

freshwater lakes in China. These lakes are located in a subtropical monsoon climate 

zone, characterized by warm temperatures and ample sunlight, which favor 

phytoplankton reproduction. The region has a high population density and a developed 

economy, with substantial agricultural non-point source and industrial point source 

wastewater discharges directly or indirectly leading to increased nutrient loads, water 

quality deterioration, frequent cyanobacterial blooms, and severe eutrophication issues 

(Yang et al. 2010; Zhao et al. 2022). This study takes 28 medium and large lakes in the 

YHR as representatives to estimate the TN/TP (Figure 1). 

 

Figure 1 Spatial distribution of 28 lakes in the Yangtse-huaihe region 

2.2 Field data 

There are two sources of field data: Dataset 1 consists of monthly water quality 

survey data for Lake Taihu from 2005 to 2015, provided by the Lake Taihu for Lake 

                  



 

 

Ecosystem Research, Chinese Ecosystem Research Network. Dataset 2 comprises field 

investigations conducted by the research team between 2017 and 2023 on eight medium 

to large lakes in the YHR, including Lake Taihu, Lake Poyang, Lake Chaohu, Lake 

Hongze, Lake Gehu, Lake Shijiu, Lake Nanyi, and Lake Luoma, as shown as shown in 

Figure 1. Sampling points were evenly distributed across the lakes. Surface mixed water 

samples were collected using 500 mL brown bottles and immediately transported to the 

laboratory stored in light-proof coolers. The samples were filtered on the same day and 

then refrigerated for subsequent chemical analysis. TN was measured using the alkaline 

potassium persulfate digestion UV spectrophotometric method, while TP was 

determined by the ammonium molybdate spectrophotometric method. The coordinates, 

measurement time, and weather conditions at the sampling points were recorded using 

GPS devices.  

To ensure data quality, we strictly limited the satellite–ground match-up time 

window to within ±3 hours of the satellite overpass on the same day. Pixel locations 

were matched using the longitude and latitude recorded during field sampling, resulting 

in a final dataset of 375 matched samples. Among these samples, 66 were collected in 

spring (March–May; 17.6%), 63 in summer (June–August; 16.8%), 143 in autumn 

(September–November; 38.1%), and 103 in winter (December–February of the 

following year; 27.5%). Because the rainy season in the study area mainly occurs in 

spring and summer, fewer valid samples were available in these two seasons than in 

autumn and winter. The water quality information of all sampling points is summarized 

in Table 1. 

Table 1 Statistical of field data sampling points 

Lakes 
Number of  

sampling points 

TP(mg/L) 

Mean ± STD 

TN(mg/L) 

Mean ± STD 

TN/TP 

Mean ± STD 

Taihu 295 0.13 ± 0.08 3.02 ± 1.68 26.48 ± 15.11 

Poyang 7 0.12 ± 0.03 2.02 ± 0.18 17.62 ± 4.83 

Chaohu 8 0.23 ± 0.12 2.31 ± 1.11 10.04 ± 13.52 

Hongze 26 0.04 ± 0.01 1.23 ± 0.26 38.89 ± 17.87 

Gehu 8 0.10 ± 0.02 2.17 ± 0.43 21.15 ± 5.24 

Shijiu 7 0.02 ± 0.00 0.71 ± 0.15 35.07 ± 7.6 

Nanyi 12 0.04 ± 0.02 0.58 ± 0.14 13.90 ± 3.40 

Luoma 12 0.05 ± 0.02 2.91 ± 0.62 73.44 ± 26.67 

2.3 Remote sensing images and preprocessing 

                  



 

 

This study employs MOD09GA data, which are derived from lower-level data 

products that have undergone atmospheric and aerosol corrections. These are 

subsequently processed to generate Level-2 fundamental data products, as well as L2G 

(Gridded Level-2 Product) (https://ladsweb.modaps.eosdis.nasa.gov/search/). This 

dataset has been extensively utilized in the field of aquatic environment remote sensing 

research. 

Image data covering the study area from 2003 to 2023 were extracted, and cloud 

pixels were identified based on Bit 10 of the state 1 km band. Due to the large north-

south span of the study area, the spatial distribution of remote sensing images is uneven. 

To ensure no observational records from any lake are missed, through testing and 

comparative analysis, a cloud cover of less than 70% was determined as the reasonable 

threshold for image screening. In the subsequent processing, to reduce cloud 

interference, water bodies were extracted according to the threshold of reflectance less 

than or equal to 0.021 in the 2130 nm band of the MOD09GA data. On this basis, the 

lake vector boundary was used as a spatial constraint, and the modified normalized 

difference water index (MNDWI) was applied to extract the water extent. Mixed pixels 

near the shoreline were further removed to obtain valid water pixels for remote sensing 

retrieval of lake water quality. When calculating the mean value of the images, only 

pixels with valid numerical values were counted, to avoid invalid pixels affecting the 

representativeness and accuracy of the results. The images were grouped and counted 

by month, with a total of 3034 scenes applied to the optimal algorithm, and the quantity 

distribution is shown in Table 2. The monthly average and annual average TN/TP of the 

images were calculated, to simulate the spatiotemporal distribution changes of TN/TP 

in the lakes of the YHR from 2003 to 2023.  

Table 2 Statistics of MODIS imagery utilized in this study 

Year 1 2 3 4 5 6 7 8 9 10 11 12 Sum 

2003 20 10 12 12 11 14 11 10 14 19 18 13 164 

2004 15 21 12 17 14 9 17 8 18 22 22 9 184 

2005 15 6 16 21 16 17 6 7 15 16 15 18 168 

2006 12 4 13 11 11 12 4 18 14 20 12 16 147 

2007 11 17 12 14 17 5 8 10 12 17 21 8 152 

2008 8 22 16 10 19 4 13 7 11 12 17 20 159 

2009 17 4 14 17 16 12 7 7 8 19 12 13 146 

                  



 

 

2010 14 5 11 10 12 4 5 16 8 16 19 24 144 

2011 16 13 15 21 13 4 10 2 10 15 16 15 150 

2012 8 6 10 11 12 7 12 4 16 19 17 13 135 

2013 11 6 10 10 8 9 12 13 12 15 15 15 136 

2014 13 6 11 9 11 8 6 3 5 13 8 16 109 

2015 12 7 12 11 10 6 5 13 11 19 5 12 123 

2016 8 13 13 9 7 4 11 16 11 2 9 15 118 

2017 14 13 8 14 14 5 13 11 10 14 14 20 150 

2018 9 11 10 14 7 12 12 11 8 19 11 10 134 

2019 9 0 12 10 14 10 11 15 20 14 16 16 147 

2020 5 12 12 17 15 5 0 11 9 9 14 15 124 

2021 17 16 10 10 13 6 5 7 18 14 19 21 156 

2022 8 8 14 13 12 11 11 17 13 7 10 16 140 

2023 19 13 15 12 10 7 4 11 7 15 18 17 148 

2.4 Development of TN/TP algorithm 

A satellite-ground synchronous dataset was constructed. The SHapley Additive 

exPlanations (SHAP) algorithm was employed for variable selection, and the selected 

variables were input into machine learning models. Both direct and indirect estimation 

of TN/TP were performed. In the direct estimation method, TN/TP was used as the 

dependent variable; in the indirect estimation method, TN and TP were respectively 

used as dependent variables, and the estimated TN/TP value was obtained by 

calculating their ratio. Algorithm accuracy and error were assessed through 10-fold 

cross-validation to identify the optimal estimation algorithm for TN/TP. Regarding 

sample dependency, tests on sample size and sample distribution were conducted to 

investigate the dependence of machine learning algorithms on samples. The specific 

algorithm implementation workflow is shown in Figure 3.  

 

Figure 2 Algorithm development process 

                  



 

 

2.4.1 Variable selection 

The input dataset of the MODIS-based TN/TP estimation algorithm includes 

MODIS band reflectance and remote sensing indices. The MODIS product data 

comprises 7 bands: x1 (645 nm), x2 (859 nm), x3 (469 nm), x4 (555 nm), x5 (1240 nm), 

x6 (1640 nm) and x7 (2130 nm). The remote sensing indices include turbid water index 

(TWI), normalized difference water index (NDWI), modified normalized difference 

water index (MNDWI), enhanced water index (EWI), cyanobacteria and macrophytes 

index (CMI), floating algae index (FAI), normalized difference vegetation index 

(NDVI). Following established practices for nutrient estimation via remote sensing, 

sampling dates were incorporated to account for phenological cycle variations (Xiong 

et al. 2022). The calculation formulas for the remote sensing indices are provided in the 

Supplementary Materials. 

SHAP analysis was used to evaluate the contribution of each input variable to 

model prediction (Shapley 1953). Specifically, TreeExplainer was used for the tree-

based models, including RF, XGBoost, and GBDT, whereas KernelExplainer was 

applied to the SVM model. The importance of each variable was quantified using the 

mean absolute SHAP value across all samples and then ranked in descending order. 

Variables were sequentially added to the model input according to their SHAP-based 

importance ranking, and model performance was evaluated using the cross-validation 

results. When the inclusion of an additional variable led to decreased prediction 

accuracy or increased estimation error, the variable was considered to provide limited 

additional information while potentially introducing noise or redundancy. Therefore, 

this variable was excluded, and the previously retained variable subset was used as the 

final input variable set for the corresponding algorithm. Due to space limitations, the 

SHAP results and selected input variables for each algorithm are provided in the 

Supplementary Materials. 

2.4.2 Machine learning algorithms 

Extreme Gradient Boosting (XGB) is an algorithm based on gradient-boosted 

decision tree optimization (Chen and Guestrin 2016). The core idea of this algorithm is 

to use gradient information to improve algorithm prediction accuracy step-by-step 

through decision tree construction. Random Forest (RF) is an ensemble learning 

                  



 

 

method combining multiple decision trees to generate repeated predictions for the same 

phenomenon (Rodriguez-Galiano et al. 2014). RF predicts by integrating multiple 

decision trees, using an "out-of-bag" approach that focuses less on individual algorithm 

training and more on aggregating predictions from multiple trees. Gradient Boosting 

Decision Tree (GBDT) excels in optimizing each decision tree's structure via gradient 

information, progressively improving prediction accuracy. Support Vector Regression 

(SVR) is a binary classification algorithm that addresses nonlinear regression problems 

by projecting data into high-dimensional space using kernel functions. XGB (Cao et al. 

2020; Wang et al. 2023), RF (Shen et al. 2022), GBDT (Wen et al. 2024; Qu et al. 2023), 

and SVR (Gao et al. 2024; Liu et al. 2022; Tan et al. 2023) have been proven widely 

applicable for remote sensing monitoring of water quality. Algorithm parameters and 

selected variables are detailed in the Supplement. 

2.4.3 Accuracy verification 

K-fold cross-validation is widely recognized as a standard method for evaluating 

machine learning algorithm performance and reliability (Brooks et al. 2016). This study 

used K=10 as the validation scheme. Algorithm accuracy was assessed using the 

coefficient of determination (R²), mean absolute error (MAE), root mean square error 

(RMSE), and mean absolute percentage error (MAPE). Calculation methods are 

described in the Supplement. 

In addition, to evaluate the performance of the optimal algorithm, the sample 

points were labeled according to seasons with 66, 63, 143, and 103 sample points, 

respectively. As an independent validation dataset, water quality monitoring data from 

the Lake Chaohu Management Authority of Anhui Province (CLMA) 

(https://chglj.hefei.gov.cn/). Twelve sampling sites were established across Lake Chao, 

where water samples were collected once per month and routine water quality 

parameters were measured. After estimating the TN/TP of Lake Chaohu using the 

optimal algorithm, the results were composited on a monthly basis to correspond with 

the CLMA dataset and were then used to evaluate algorithm performance. 

2.5 Sample dependency testing 

Machine learning is sample-dependent. To test dependency, algorithm evaluation 

was conducted from two aspects: (1) Sample size testing: Subsets of 10%, 20%, 30% 

                  



 

 

to 90% were randomly sampled. To reduce bias from clustering or dispersion, each 

sampling ratio was repeated 10 times. 10-fold cross-validation was performed for all 

trials. Average testing accuracy and errors were calculated for sample sizes from 10% 

to 100%. (2) Sample value distribution testing: All samples were sorted in ascending 

order by TN/TP values and evenly divided into 10 groups. Starting from Group 1, each 

group was sequentially designated as the test set, with the remaining 9 groups as the 

training set. Algorithm accuracy and errors were recorded for each validation group. 

2.6 Nitrogen and phosphorus limitation 

Numerous studies on N and P limitation have reported varying thresholds for 

different lake types. Considering overlapping study areas, this study adopts the TN/TP 

limitation thresholds for Chinese lakes to establish the limiting thresholds for our study 

area: lakes with TN/TP<9 are considered N-limited, those with TN/TP>23 are P-limited, 

and lakes with intermediate values are co-limited by N and P (Tong et al. 2022).  

2.7 Relationship between TN/TP and phytoplankton 

The FAI, a classic remote sensing index for detecting algal blooms (Hu 2009; Hu 

et al. 2010), has been widely applied in lakes and coastal areas worldwide (Chen et al. 

2021b; Fang et al. 2019; Hou et al. 2022; Xue et al. 2022). This study simplifies the 

process by using FAI to indicate phytoplankton severity. The relationship between 

TN/TP and phytoplankton was analyzed from two perspectives: (1) Correlation 

between FAI and TN/TP: correlation coefficients between FAI and TN/TP for 28 lakes 

were calculated, generating Pearson correlation coefficient statistics for each lake. (2) 

Response characteristics of FAI to TN/TP. We identified temporally consecutive image 

pairs and treated each pair as a case study. We calculate the TN/TP difference (△TN/TP) 

and FAI difference (△FAI) between the dates before and after, and count △TN/TP 

and △FAI in all cases.  

Additionally, following reported studies, we matched algal bloom distribution data 

from other sources to analyze relationships between bloom area indices and TN/TP. 

This study utilized: (1) The global algal bloom dataset published by Hou et al. (2022), 

ultimately matching data for 23 lakes across two time periods. (2) The Chinese lake 

algal bloom data estimated by Song et al. (2021), ultimately matching data for 2 lakes 

from 2003-2017. The data matching process is detailed in the Supplement. 

                  



 

 

3. Result 

3.1 Algorithm optimization 

The validation results of different methods are shown in Table 3. Due to space 

limitations, validation scatter plots for all algorithms are provided in the Supplement. 

Among the four algorithms of the direct estimation method, except for SVR which 

showed significantly lower accuracy, the other three algorithms achieved comparable 

accuracy levels. Comparatively, the XGB algorithm demonstrated the highest accuracy 

with R²=0.59. It also showed the lowest error, with RMSE=11.34 (73% of the standard 

deviation of measured data), falling within an acceptable range. Its slope was also closer 

to 1 than other methods. For the indirect estimation method, the highest R² values for 

TN and TP were 0.56 and 0.58 respectively, while the validation R² for TN/TP reached 

0.57. However, the errors increased significantly, with MAE rising from 1.4 to 8.2 and 

MAPE increasing from 26% to 32%, both notably higher than those of the direct 

estimation method. Therefore, the XGB algorithm from the direct method was selected 

as the optimal algorithm for estimating the spatiotemporal distribution of TN/TP in the 

YHR. 

Table 3 Verification accuracy of various algorithms 

 Indicator Algorithm R2 MAE RMSE MAPE Slope 

Direct 

method 
TN/TP 

XGB 0.59 1.32 11.34 21.78% 0.62 

RF 0.59 1.34 11.65 25.46% 0.52 

GBDT 0.58 1.32 11.63 21.99% 0.61 

SVR 0.51 8.28 12.64 25.39% 0.52 

Indirect 

method 

TN 

XGB 0.56 1.40 1.13 26.22% 0.54 

RF 0.52 1.44 1.22 27.56% 0.43 

GBDT 0.51 1.40 1.19 25.20% 0.55 

SVR 0.37 1.03 1.44 28.67% 0.59 

TP 

XGB 0.58 1.43 0.06 25.94% 0.39 

RF 0.52 1.47 0.07 30.49% 0.36 

GBDT 0.54 1.43 0.06 25.94% 0.39 

SVR 0.47 1.75 0.09 45.62% 0.42 

TN/TP XGB 0.57 8.28 12.28 32.05% 0.53 

                  



 

 

RF 0.44 8.88 13.50 33.73% 0.44 

GBDT 0.47 8.94 13.26 35.03% 0.56 

SVR 0.34 10.26 15.77 41.70% 0.54 

The validation results of the optimal algorithm are shown in Figure 3. The results 

indicate that the R² values exceeded 0.5 in all four seasons, with the highest 

performance observed in spring (R² = 0.67), suggesting that the proposed algorithm 

performed well across different seasons. Furthermore, monthly water quality 

monitoring data from Lake Chaohu were used as an independent dataset to assess the 

estimation accuracy of the optimal algorithm. The results showed a good accuracy (R² 

= 0.53, RMSE = 4.42). The sample points from all seasons were generally distributed 

around the 1:1 line, although the overall regression slope was lower than 1. This 

discrepancy may be partly attributed to the monitoring strategy used for Lake Chaohu, 

in which water quality surveys were conducted once per month at 12 sampling sites. As 

a result, the uneven spatiotemporal distribution of field observations may have 

introduced deviations when compared with remote sensing estimates. 

 

Figure 3 Validation scatterplots of the optimal algorithm: (a) 10-fold cross-validation; (b) 

independent validation in Lake Chaohu. 

Additionally, since machine learning models tend to underestimate high values 

and overestimate low values in water quality parameter inversion, all algorithms 

showed validation scatter plot slopes below 1. This study established a logarithmic 

fitting function (y=17.592 ln(x)-28.99) based on validation scatter plots to correct 

statistical results.  

3.2 Temporal and spatial distribution of TN/TP 

                  



 

 

The spatiotemporal distribution characteristics of TN/TP in the YHR during 2003-

2023 are shown in Figure 4. TN/TP values primarily clustered within the 15–25 range, 

with a mean value of 20.49. Temporally, TN/TP decreased in 61% of the lakes. Spatially, 

upstream lakes exhibited higher TN/TP than downstream lakes. In the Yangtze River 

Basin, the multi-year average TN/TP of Lake Poyang and its surrounding lakes was 4% 

higher than that of Lake Taihu and its surrounding lakes. A similar pattern was observed 

in the Huaihe Basin, where downstream TN/TP decreased by approximately 2% 

compared to upstream regions. Regarding lake characteristics, TN/TP increased in 

larger lakes, while decreases predominantly occurred in smaller lakes. Figure 5 presents 

the seasonal statistics of TN/TP in lakes across the YHR from 2003 to 2023. TN/TP 

were significantly higher in winter and spring than in summer and autumn, with the 

lowest values observed in autumn. These results indicate that seasonal variations in lake 

TN/TP are jointly regulated by multiple environmental factors, rather than being solely 

controlled by temperature. 

                  



 

 

 

Figure 4 Spatial distribution of TN/TP in the YHR (2003-2023) and statistical results 

                  



 

 

 

Figure 5 Seasonal statistics of TN/TP in lakes of the YHR from 2003 to 2023 

Most lakes displayed a spatial pattern with lower TN/TP at inlets and higher TN/TP 

at outlets. For example, Zhushan Bay, Meiliang Bay, and western region of Lake Taihu 

showed lower TN/TP values. Similarly, the eastern, southern, and western regions of 

Lake Poyang exhibited lower TN/TP. We extracted TN/TP values at lake outlets and 

inlets, and calculated the change rate (Figure 6). For 71.4% of the lakes, outlet TN/TP 

exceeded inlet values, reflecting the prevalent water purification capacity. Seasonally, 

change rates in spring, summer, and autumn were significantly higher than in winter, 

with autumn showing the peak rate of 6.6%, indicating stronger purification capacity 

during more active ecological periods. Annually, the average TN/TP change rate was 

2.9%. During 2009-2014, the change rate was low or even negative, when serious 

problems occurred in lake ecosystems, consistent with historical reports. 

                  



 

 

 

Figure 6 Change rate of TN/TP at upstream inlets and downstream outlets: (a) All lakes; (b) Seasons; 

(c) Years 

3.3 Classification of Nutrient Limitation Types 

The TN/TP limitation classification results for lakes in the YHR (2003-2023) are 

presented in Figure 6. Significant seasonal variations were observed, showing 40% 

higher TN/TP ratios in spring than autumn. Pixel-based statistics revealed that 63% of 

water area experienced N and P co-limitation, 36% were P-limited, and P-limitation 

reached 49% in winter-spring periods.  

 

Figure 7 Statistical results of N and P limitation by pixel area in YHR lakes from 2003 to 2023. 

3.4 Response of FAI to TN/TP 

The relationship between TN/TP changes and phytoplankton variations was 

                  



 

 

analyzed. Figure 8a shows the monthly correlation coefficients between TN/TP and FAI 

across all lakes. Overall, most lakes in the YHR exhibited negative correlations between 

FAI and TN/TP, with a gradual decline observed over long-term scales. Specifically, 

69% of cases showed negative correlations, 41% showed significant negative 

correlations, and only 11% showed significant positive correlations.  

Using the continuous spatiotemporal observations provided by remote sensing, it 

should be noted that not all lakes were observed continuously on every date due to cloud 

cover and other environmental interferences. Therefore, data from temporally adjacent 

observation dates were extracted, and each observation with both a preceding and a 

subsequent date was defined as an individual case. A total of 29,468 valid cases were 

identified, including 5,641, 5,572, 10,843, and 7,412 cases in spring, summer, autumn, 

and winter, respectively. For each case, the difference in FAI between the preceding and 

subsequent dates (ΔFAI) and the corresponding difference in TN/TP (ΔTN/TP) were 

calculated. Based on the statistics for the entire dataset as well as for each of the four 

seasons, samples under each condition were evenly divided into 30 groups. A 

ΔFAI/(ΔTN/TP) value closer to zero indicates a lower sensitivity of FAI to TN/TP 

variations, implying a weaker response of algal blooms to nutrient stoichiometry. 

Overall, autumn exhibited larger deviations of ΔFAI/(ΔTN/TP) from zero than the other 

seasons, suggesting that algal blooms were more strongly influenced by TN/TP during 

this season. It is noteworthy that the red line denotes the threshold at which 

ΔFAI/(ΔTN/TP) = −0.001. Except for spring, this threshold consistently occurred near 

TN/TP = 15 across all cases. Therefore, if algal blooms are considered to have low 

sensitivity to TN/TP when |ΔFAI/(ΔTN/TP)| < 0.001, a TN/TP of 15 may serve as a 

critical target for nutrient stoichiometric control. 

                  



 

 

 

Figure 8 (a) Boxplot of correlation coefficients between TN/TP and FAI in various lakes; (b) The ratio 

of ΔFAI to ΔTN/TP as TN/TP increases for all cases; (c) the ratio of ΔFAI to ΔTN/TP after classifying 

the cases by the four seasons. Note: the red line indicates the TN/TP value at which ΔFAI/(ΔTN/TP) = 

−0.001.   

4. Discussion 

4.1 Sample dependency testing 

It is well known that machine learning algorithms rely on training samples. Current 

studies lack comprehensive evaluation of machine learning model performance, with 

most focusing only on accuracy assessment and validation scatter plots (Zhi et al. 2024). 

In the field of materials science, research has shown that reduced sample sizes affect 

the classification outcomes of machine learning (Zhao et al. 2025). In environmental 

studies, validation scatter plots from existing research reveal a tendency to overestimate 

low-value regions and underestimate high-value regions, highlighting the need for 

further performance evaluation of machine learning models (Li et al. 2023; Noori et al. 

                  



 

 

2024). The application of machine learning in water environment remote sensing faces 

challenges such as poor data quality, insufficient samples, and data imbalance—

particularly as satellite data are affected by cloud cover, climate variability, and sensor 

accuracy, potentially leading to inaccurate model predictions. Additionally, data 

imbalance between low- and high-concentration water regions can introduce bias (Li et 

al. 2023; Song et al. 2020). Meanwhile, as a black-box model, machine learning's 

effectiveness is considered to be directly affected by the quality and quantity of input 

samples. In water environment remote sensing research, most studies employ machine 

learning, deep learning, and similar algorithms to develop models (Cao et al. 2023; 

Fang et al. 2024a; Xiong et al. 2025). For process interpretability and model testing, 

most studies only use statistical methods like SHAP to explain variable selection 

(Kundu et al. 2025; Tian et al. 2024), lacking dependency analysis of the model on data. 

Therefore, we tested the dependence of machine learning on samples. The impact 

of varying sample sizes on the model is shown in Figure 9. Overall, the model's 

validation accuracy gradually improved with increasing sample size, with R2 increasing 

from 0.44 to 0.59 (a 34% improvement), RPD increasing by 47%, and the overall error 

decreasing by 43%, indicating that larger sample sizes lead to better predictive 

performance of the model. We summarized recent studies using machine learning to 

estimate TP (Table 4), which generally showed a trend of increasing model accuracy 

with larger sample sizes, though this pattern was influenced to some extent by study 

area, algorithms, and sensors. In Figure 9, the rate of change in accuracy and error 

slowed when the sample size reached 90% (338), while in Table 4, accuracy slightly 

declined when TP samples exceeded 500. Subsequently, we further tested the impact of 

sample distribution on the algorithm. The results showed that regardless of which value 

range was missing, model accuracy significantly decreased (R2<0.2) and errors 

markedly increased (RMSE>6). It is worth noting that when data near the value 

boundaries were missing, errors showed an increasing trend, indicating that data at both 

the high- and low-value ends are more difficult to predict, consistent with the findings 

in Section 3.2 that high-value areas tend to be underestimated and low-value areas tend 

to be overestimated. 

In summary, we contend that controlling data quality and examining sample value 

                  



 

 

distribution are of great importance for enhancing model stability. However, current 

research reports in the field of water environment remote sensing rarely document 

descriptions of sample data quality control, which requires further standardization in 

future studies.  

 

 

Figure 9 Sample quantity test: (a) accuracy and (b) error; sample distribution test: (c) accuracy and (d) 

error. 

Table 4 Case studies of inland water TP remote sensing monitoring based on machine learning. 

Indicator Reference Algorithm Region Sensor 
Number of 

samples 
Test R2 

TP 
Wang et al. 

(2023) 
XGB YHR OLCI 113 0.53 

TP 
Gao et al. 

(2024) 
XGB 

Zhejiang 

Province 
MSI 115 0.45 

TP 
Qin et al. 

(2025) 
RF, XGB Northeast China MSI 122 0.82 

TP 
Cui et al. 

(2025) 
XBG Lake Taihu MSI 355 0.71 

TP 
Xiong et al. 

(2022) 
XGB YHR MODIS 570 0.60 

TP 
Fang et al. 

(2024b) 
XGB China MODIS 1211 0.66~0.74 

TP 
Guo et al. 

(2024) 
DNN The Great Lakes MODIS 3916 0.84 

4.2 Algorithm explanation 

The XGB algorithm was ultimately selected for TN/TP estimation, as it is the most 

                  



 

 

commonly used for inland water nutrient assessment (Table 4), demonstrating 

superiority over other algorithms of the same type while achieving consistent 

performance in published studies (Fang et al., 2024b; Wang et al., 2023). Through 

SHAP analysis, 8 input variables were identified, with DATE, FAI, and NDWI 

emerging as the three most significant contributors, consistent with published studies 

(Fang et al. 2024b; Wang et al. 2023; Xiong et al. 2022). We employed the method of 

directly estimating the TN/TP ratio. Compared to the indirect estimation method, this 

approach avoids the error accumulation effects caused by the two-step operation. 

Consistent with previous findings, indirect estimation yielded higher errors, with final 

accuracy consistently lower than intermediate-step precision (Xiong et al. 2022; Xiong 

et al. 2019). Notably, TP estimation accuracy exceeded that of TN (Figure 6), 

reinforcing consensus in the literature (Gao et al., 2024; He et al., 2021). This 

discrepancy arises because TP exhibits stronger correlations with optically active 

constituents, where dissolved reactiveP is bioavailable to phytoplankton, and 

particulate P primarily consists of phytoplankton and suspended sediments (Du et al. 

2018; Shi et al. 2020; Zeng et al. 2023). 

4.3 Evaluation of TN/TP results 

Numerous studies have shown that lakes in the YHR range from middle eutrophic 

to hyper eutrophic (Hu et al., 2024a; Hu et al., 2024b; Hu et al., 2022; Wang et al., 

2018). Boqiang and Haibin (2023) reported that nearly all lakes in the middle and lower 

reaches of the Yangtze River are eutrophic, while Wang et al. (2023) estimated that TP 

concentrations in lakes of the YHR range from 0.15 to 0.23 mg/L. Therefore, TP 

concentrations in these lakes are far higher than the commonly recognized TP 

thresholds required for algal bloom occurrence (Carlson, 2007; Carlson, 1977), and 

cases involving excessively low TP concentrations are not further discussed in the 

following sections. 

This study found that in the YHR, more than half of the lakes were primarily co-

limited by N and P, while the almost all remaining lakes were P-limited, a pattern 

consistent with that reported by Tong et al. (2020). Naderian et al. (2025) observed that 

P-limitation dominated in oligotrophic/mesotrophic lakes, whereas hypertrophic lakes 

generally exhibited co-limitation. The YHR ranks among the most eutrophicated 

                  



 

 

freshwater systems globally, characterized by low TN/TP but persistent P limitation (Hu 

et al., 2024b; Wang et al., 2018). Additionally, TN/TP were significantly higher at lake 

outlets than at inlets. Under typical conditions, P exists predominantly in particulate 

form, making it more susceptible to sedimentation and preferential retention within 

lakes, leading to higher exported TN/TP (Wu et al., 2022). This explains why TN/TP at 

lake outlets exceed those at inlets. Van Wijk et al. (2024) further projected that future 

lake exports may drive even higher TN/TP, potentially intensifying the N-P imbalance. 

Regarding temporal variations, we found that summer TN/TP were significantly 

lower than winter TN/TP. Ding et al. (2018) reported that TN/TP in Meiliang Bay of 

Lake Taihu exhibited declines from February to August. Ji et al. (2020) surveyed 26 

lakes and reservoirs in the middle-lower Yangtze River basin during 2018, finding 

lower TN/TP in eutrophic lakes during summer, with average is 10.91, closely aligns 

with our observed TN/TP of 11.31 in summer 2018. The same phenomenon occurs in 

Finland (Niemistö et al., 2008) and Denmark (Søndergaard et al., 2017), where summer 

TN/TP decreases markedly. In the YHR, abundant summer rainfall promotes soil 

erosion and non-point source pollution, transporting large sediment-bound P loads into 

surface waters (Xiong et al., 2021), thereby increasing P concentrations and reducing 

TN/TP. Simultaneously, in-lake processes during summer: enhanced P desorption under 

elevated temperatures and N loss through denitrification further decrease TN/TP (Xu et 

al., 2015; Xu et al., 2017). Regarding interannual trends, hypertrophic large lakes such 

as Lake Taihu and Lake Hongze exhibited rising TN/TP. Conversely, lakes traditionally 

considered less eutrophic such as Lake Poyang and Lake Gaoyou showed declining 

TN/TP. This contrast suggests successful management of severely eutrophic lakes but 

deteriorating conditions in moderately/lightly eutrophic systems. Notably, all sub-100 

km² lakes displayed decreasing TN/TP trends, indicating that stricter management 

focused on large lakes shifts pollutant loads to smaller peripheral lakes. As these small 

lakes and rivers critically support watershed hydrology, agriculture, and water resources 

(Chen et al., 2025; Pi et al., 2022; Xu, 2025), future research should prioritize TN/TP 

dynamics in small-medium lakes. Consequently, future research should pay more 

attention to small and medium-sized lakes. 

The factors shaping nutrient stoichiometry in lakes are complex, including 

                  



 

 

sediment internal loading, lake biogeochemical cycling, atmospheric deposition, point-

source pollution, non-point-source pollution, and other processes. Chen et al. (2024) 

found that aquaculture ponds may affect water quality in Lake Taihu, but such effects 

should be interpreted according to the specific regional context of each case study. 

Taking the Taihu Basin as an example, from the perspective of hydrological 

characteristics and hydraulic engineering systems, the basin contains a large number of 

lakes, including 189 lakes larger than 0.5 km², and not all pollutants generated within 

the basin are discharged into Lake Taihu. Lake Taihu has 22 major inflow and outflow 

rivers, among which at least seven have been clearly identified as bidirectional-flow 

rivers. Owing to these complex hydrological conditions, pollutants entering river 

channels may undergo complicated transport and transformation processes before 

reaching Lake Taihu. Moreover, the Taihu Basin is a typical artificially regulated plain 

river-network region, with dense distributions of river channels, sluices, pumping 

stations, and polder engineering systems, and almost all river discharge into Lake Taihu 

is artificially controlled. Deng et al. (2018) found that the connectivity of the river 

network in the Taihu Plain was significantly weakened by sluices, thereby reducing the 

efficiency of material transport between rivers and lakes. Lan et al. (2022) showed that 

river network structure has been substantially altered by human activities, with natural 

connectivity among channels being fragmented by engineering facilities. Huang et al. 

(2017) found that the hydrological units in the Taihu Basin are dominated by polder 

areas, where exchanges with external rivers and lakes depend on artificial regulation 

(Huang et al., 2016a; b). The public standard issued by the Jiangsu Provincial Bureau 

of Quality and Technical Supervision (DB32/T 1705—2018) also clearly requires that 

aquaculture wastewater and agricultural drainage in the Taihu Basin should not be 

directly discharged into Lake Taihu. Various relevant policies have also established 

requirements for aquaculture pond management (Sun et al., 2024). For example, the 

“Comprehensive Plan for the Taihu Basin (2012–2030)” explicitly states that 

wastewater from aquaculture and seedling production is prohibited from being directly 

discharged into Lake Taihu, the major water diversion and supply rivers in the basin, 

and their tributaries. During rainfall events, aquaculture-pond overflow, enhanced 

surface runoff, and the opening of flood-control sluices may reconnect river networks 

                  



 

 

in aquaculture areas with the lake, allowing nutrients accumulated in river channels to 

enter Lake Taihu as episodic pulses. Aquaculture activities may therefore affect lake 

nutrient inputs in specific areas and during particular hydrological events. However, 

their quantitative contribution relative to agricultural non-point-source pollution, 

domestic and industrial discharges, atmospheric deposition, and sediment internal 

loading remains highly uncertain. Consequently, the observed changes in TN/TP cannot 

be attributed to any single pollution source. 

4.4 The interaction between TN/TP and phytoplankton 

Utilizing algal bloom data from Hou et al. (2022) and Song et al. (2021), the 

relationship between TN/TP and algal bloom metrics was analyzed as shown in Figure 

10. Most lakes exhibited decreased MBE but increased BO, suggesting reduced large-

scale outbreaks yet intensified localized blooms. Spring, summer, and autumn 

constitute critical periods for major algal blooms, demonstrating significant correlations 

with TN/TP. Both bloom frequency and maximum area showed significant negative 

correlations with TN/TP. Spring, summer, and autumn constitute critical periods for 

major algal blooms, demonstrating significant correlations with TN/TP. Both bloom 

frequency and maximum area showed significant negative correlations with TN/TP. It 

should be noted that some MBE data points cluster around zero, as the maximum bloom 

area between two stages is the same - only occurring in small lakes where the bloom 

completely covers the water surface. Similar patterns have also been observed in typical 

lakes (Figure 10b, c), where the TN/TP is negatively correlated with algal blooms.  

 

 

                  



 

 

 

Figure 10 (a) Scatter plots showing the change rates of TN/TP versus MBE and BO change rates 

during 2000s and 2010s for 23 matched lakes; (b) Scatter plots of annual TN/TP versus MBE and ABA 

in Lake Taihu from 2003 to 2017; (c) Scatter plots of annual TN/TP versus MBE and ABA in Lake 

Chaohu from 2003 to 2017. 

This study found that lower TN/TP correlate with more severe algal blooms. This 

occurs because cyanobacteria dominate phytoplankton communities in YHR lakes, 

utilizing nitrogen-fixing abilities to proliferate under low TN/TP conditions (Tyrrell, 

1999). Specifically, low TN/TP generally indicates a relative deficiency of nitrogen 

compared with P, while P availability remains relatively sufficient. Under such 

stoichiometric conditions, non-N-fixing phytoplankton are more likely to be 

constrained by nitrogen availability, whereas cyanobacterial taxa with N-fixing 

capacity or stronger adaptation to low-N conditions can maintain competitive 

advantages. Meanwhile, sufficient P supply supports cellular metabolism and biomass 

accumulation, further facilitating cyanobacterial dominance and bloom development. 

Therefore, low TN/TP not only reflects shifts in nutrient limitation but may also 

increase the risk of cyanobacterial dominance and algal bloom formation by altering 

competitive interactions among phytoplankton functional groups (Tanioka et al., 2022; 

Zhao et al., 2023). Furthermore, algal bloom sensitivity to TN/TP decreased with 

increasing TN/TP (Figure 8). When TN/TP exceeded 15, the sensitivity remained 

relatively stable. Therefore, compared with the traditional recommendation of 

controlling TN/TP to below 9 or above 23 (Havens et al., 2003; Smith, 1983), 

maintaining TN/TP above 15 may represent a more cost-effective and feasible 

management target. 

4.5 本研究的局限性 

Different nutrient forms have distinct effects on algal growth and bloom formation. 

For example, dissolved inorganic P is generally readily bioavailable and can be directly 

                  



 

 

assimilated by phytoplankton (Yamazaki et al., 2017; Zhang et al., 2018). Therefore, 

even at similar TP concentrations, differences in P forms may result in different 

phytoplankton responses and bloom risks.  

TN, TP, and their individual forms do not possess distinct optical signatures that 

can be directly resolved by water-color remote sensing. The machine-learning model 

developed in this study therefore relies mainly on statistical covariation between 

nutrients and optically active constituents, including phytoplankton biomass and 

suspended particulate matter. As the dissolved fraction of P increases, its coupling with 

optical signals from suspended particles and phytoplankton may weaken, potentially 

increasing the uncertainty in remote sensing retrievals of TP and TN/TP (Xiong et al., 

2022). 

Accordingly, our results are suitable for characterizing the long-term 

spatiotemporal patterns of lake TN/TP based on total nutrient concentrations, but not 

for directly quantifying the bioavailability of individual P forms, identifying specific P 

sources, or determining the actual physiological nutrient limitation of phytoplankton. 

Although P forms does not alter the operational definition of TN/TP used in this study, 

it constrains the ecological and mechanistic interpretation of the relationship between 

TN/TP and phytoplankton. Future studies should integrate high-frequency in situ 

observations, measurements of P forms, and controlled experiments to further assess 

the effects of P forms on TN/TP retrievals and their ecological interpretation. 

5. Conclusion 

This study developed a remote sensing estimation algorithm for the TN/TP in lakes 

of the YHR by comparing direct derivation, indirect derivation, and three machine 

learning approaches. The spatiotemporal distribution TN/TP and its limiting type in 

YHR lakes were obtained and analyzed. Finally, the limiting threshold of TN/TP in 

YHR lake was proposed. The results show that: (1) The direct derivation method and 

the XGB algorithm demonstrated the highest validation accuracy, achieving an R² of 

0.59 and RMSE of 11.34. (2) The spatiotemporal patterns of TN/TP in 28 large lake 

groups over 21 years were derived, revealing that TN/TP primarily ranged between 15–

25, with a multi-year average of 20.49. Notably, 61% of the lakes exhibited declining 

TN/TP trends, especially in small lakes. The seasonal variation characteristics were 

                  



 

 

lower values in summer and autumn and higher values in winter and spring. Spatially, 

downstream outlets displayed higher TN/TP than upstream inflow areas in 71% of the 

lakes, with an average increase of 2.9%, peaking in autumn at 6.6%. (3) Based on 

published nutrient limitation thresholds, statistical analysis indicated that 63% of the 

lake areas were co-limited by N and P, while 36% were P-limited, with P-limited areas 

expanding to 49% during winter and spring. (4) FAI and TN/TP in YHR lakes 

predominantly showed negative correlations, with a gradual decline over long-term 

scales. Significant negative correlations were observed in 41% of cases, whereas only 

11% exhibited significant positive correlations. We found that the sensitivity of FAI to 

TN/TP decreased when TN/TP exceeded 15 across all seasons, identifying TN/TP = 15 

as a more practical target for eutrophication management. 

Our findings demonstrate that the management of traditionally hyper-eutrophic 

lakes in the YHR has achieved preliminary success, while TN/TP ratios in smaller lakes 

have shown a declining trend, calling for greater attention. Furthermore, conclusions 

drawn from large-scale studies may not uniformly apply to individual lakes, 

emphasizing the need for site-specific environmental assessments in lake management. 

This study provides a theoretical foundation for region-specific eutrophication control 

strategies. 
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