
Introduction

Water is a vital natural resource, but it is 
experiencing depletion, pollution, and poor management. 

According to the 2020 Global Risk Report, water 
crises, including water shortage, water pollution, 
and other water problems, rank fifth among the top 
ten risks with the greatest impact, especially water 
pollution. Among water pollution, eutrophication is a 
relatively common phenomenon [1]. “Water bloom” 
is a serious water environment problem caused by 
eutrophication of water bodies. It hinders the normal 
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Abstract

This study investigated Baiyangdian Lake in the Xiong’an New Area to invert total phosphorus 
(TP) concentrations using Sentinel-2 multispectral imagery and in situ measurements, aiming to 
support water-quality assessment and eutrophication management. Based on the multispectral remote 
sensing data of Sentinel-2 and measured total phosphorus data of water bodies, the study used specific 
feature combinations such as NDTI, B5, B11-B12 difference, and sensitive combination bands of 
measured data as model inputs to construct a PSO-Adam-BP neural network machine learning model 
for total phosphorus concentration inversion. Compared with the traditional BP and PSO-BP baseline 
models, the proposed framework significantly improved the accuracy of the model, with an R2 value 
reaching 0.9351. Moreover, it successfully reduced the average relative error by up to 53.5%, from 
4.80% to 2.24%, and decreased the maximum relative error by up to 31.7%, from 11.21% to 7.66%, 
demonstrating the model’s highly robust and precise inversion performance. This study provides a new 
method for water quality detection in Baiyangdian Lake and is of great significance to the protection 
and development of the water environment in Xiong’an New Area.
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growth of aquatic organisms and pollutes the drinking 
water sources of residents, which has a direct impact 
on people’s daily life and production activities [2]. 
Phosphorus, as a key biogenic element for maintaining 
primary productivity in aquatic ecosystems, is an 
important indicator for measuring the degree of water 
pollution and eutrophication of water bodies [3, 4]. 
However, excessive P flow from agricultural fertilizers 
and untreated wastewater into aquatic ecosystems 
poses a severe threat. Over a period of time, if the 
concentration of phosphorus increases too quickly 
(e.g., exceeding the normal range of 0.05-0.08 mg/L), 
it will cause microorganisms such as cyanobacteria in 
the water body to grow rapidly, which will lead to an 
imbalance of microorganisms in the water body and 
cause water bloom and long-term eutrophication [5]. 
This change process destroys the ecological balance of 
the water body [6, 7]. In view of this, the detection and 
analysis of total phosphorus in water bodies is of critical 
significance for water environment management and 
ecological protection practices. 

The traditional water quality monitoring method is to 
manually take samples from the water and then conduct 
laboratory analysis. This method may not be as efficient 
as expected for large-scale detection [8]. With the rapid 
development of remote sensing technology, the study of 
water quality in large-area water bodies has been greatly 
promoted. Water quality remote sensing monitoring 
technology is based on remote sensing images and 
can monitor large-scale water bodies, overcoming the 
shortcomings of traditional point observations and 
providing technical support for large-area and multi-
time span water body monitoring and water quality 
parameter inversion [9]. By establishing an inversion 
model between spectral reflectivity and water quality 
parameter concentrations, it is possible to achieve  
large-scale and rapid estimation of water quality 
indicators [10]. Among them, remote sensing water 
quality parameter inversion methods mainly include 
empirical methods, semi-empirical/semi-analytical 
methods, analytical methods (physical model methods) 
and machine learning methods. The advantage of 
machine learning is that it can automatically mine 
the complex nonlinear relationship between spectral 
data and water quality parameters, without the need 
for preset function forms, and can process high-
dimensional features. It has higher inversion accuracy 
for complex eutrophic water bodies [11, 12]. In order to 
further accurately invert water quality parameters and 
improve the accuracy and applicability of models, the 
integrated application of machine learning and remote 
sensing technology has become the core direction of 
current research. 

In the field of total phosphorus (TP) inversion 
research, a variety of modeling approaches have been 
explored with notable progress. Early studies primarily 
relied on basic spatial interpolation and semi-linear 
regression models. For instance, Liang Yongchun et al. 
[13] utilized inverse distance weighting (IDW) to map 

TP concentrations in Taihu Lake. Similarly, researchers 
such as Zheng Shuilin et al. [14] and Song Kaishan 
et al. [15] successfully applied adaptive partial least 
squares (PLS) and GA-PLS models to typical urban 
water bodies and reservoirs. Despite achieving high 
inversion accuracy in these relatively homogeneous 
aquatic environments, such fundamentally semi-
linear projections are insufficient for Baiyangdian 
Lake. As a typical shallow, macrophyte-dominated 
lake, Baiyangdian Lake suffers from severe bottom 
and vegetation optical interference, making the 
mapping between TP and spectral variables highly 
complex and profoundly non-linear. To address these 
non-linear complexities, advanced machine learning 
models have been increasingly adopted. Zhou Yi et 
al. [16] demonstrated this by utilizing a Grid Search-
optimized XGBoost model combined with Sentinel-2 
imagery to achieve superior TP prediction in East Juyan 
Lake. Furthermore, Sun Zhihao et al. [17] employed 
a multilayer denoising autoencoder combined with 
ensemble learning to extract effective spectral features, 
significantly boosting the R2 of their model from 0.62 
to 0.90. While these modern hybrid approaches exhibit 
excellent predictive capabilities, standard artificial 
neural networks (ANNs) ‒ particularly the Back 
Propagation (BP) model ‒ remain highly attractive due 
to their universal ability to approximate complex non-
linear functions without requiring preset mathematical 
forms. However, when applied to high-dimensional, 
highly redundant, and noisy multispectral satellite data, 
basic BP networks exhibit critical bottlenecks. They 
are highly susceptible to becoming trapped in local 
optima during gradient descent and often suffer from 
exceedingly slow convergence rates, severely limiting 
their practical robustness and precision.

Sentinel-2 multispectral data has the characteristics 
of high dimensionality, strong redundancy between 
bands, and a complex nonlinear relationship with 
total phosphorus concentration and spectral response. 
The images of some substances in the water spectral 
signal, such as suspended solids and algae, show strong 
nonlinear and multivariate coupling characteristics in 
total phosphorus inversion. Traditional empirical models 
and general machine learning methods are difficult to 
accurately describe this complex relationship [18]. In 
response to the above problems, this study optimizes 
the algorithm based on traditional machine learning in 
order to improve the accuracy of the model in complex 
optical environments like Baiyangdian Lake. First, this 
paper proposes a method for inverting total phosphorus 
concentration in water based on particle swarm 
optimization-Adam-back propagation neural network 
(PSO-Adam-BP). The model is based on a BP neural 
network and combines the hybrid optimization strategy 
of PSO global optimization + Adam local gradient 
fine-tuning to avoid the problem of falling into local 
optimality when BP neural network is used alone [19], 
fundamentally overcoming the optimization bottlenecks 
of standard neural networks and endowing the model 
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with superior non-linear feature-extraction capabilities. 
Secondly, when inputting the model, characteristic 
parameters with high correlation with total phosphorus 
concentration in water bodies were constructed based 
on Sentinel-2 data, such as NDTI, NDWI, B5/B6 ratio, 
B11-B12 combination and other multi-source features. 
At the same time, a data enhancement mechanism of 
random noise perturbation and spectral scaling was 
introduced to improve the generalization ability of the 
model under small sample conditions. By addressing 
the specific non-linear complexities of macrophyte-
dominated lakes, the proposed PSO-Adam-BP 
framework achieves a quantified breakthrough over the 
conventional baselines discussed in [12-16]. Specifically, 
it yields a highly robust R2 of 0.9351 and reduces the 
average relative error by up to 53.5% compared to 
standard neural networks. This marked improvement 
highlights the methodological novelty of our dual-
optimization strategy and offers a highly reliable tool for 
complex aquatic environments.

Materials and Methods

Study Area

Baiyangdian Lake (38°44’~38°59’N, 115°45’~116°06’E) 
is a famous freshwater lake wetland in northern China. 

It is located in the central part of Hebei Province, 
mainly across the two cities of Baoding and Cangzhou, 
involving Anxin, Xiongxian, Rongcheng, Renqiu and 
other districts and counties. It has a total area of 366 km2 
and consists of 143 interconnected large and small lakes 
[20]. It is the largest freshwater lake group on the North 
China Plain. Due to its special terrain and geographical 
environment, Baiyangdian Lake has a small net flow, 
slow flow rate, poor self-purification ability, small 
environmental capacity, and is easily polluted, resulting 
in prominent nitrogen and phosphorus pollution in the 
water body [21, 22], which in turn causes eutrophication 
of the water body. Historically, the annual TP 
concentration in Baiyangdian Lake fluctuated around  
0.2 mg/L, classifying the water quality as Grade V or 
worse [23]. Quantitative source apportionment indicates 
that agricultural and rural non-point sources are the 
primary drivers, contributing approximately 73.37% 
to the TP load, compounded by domestic sewage 
discharged from upstream urban areas [24]. However, 
following the establishment of the Xiong’an New Area 
in 2017, intensive ecological restoration and water 
diversion projects were implemented. As a result, the 
water quality of Baiyangdian Lake has significantly 
improved, successfully reaching the Grade III standard 
(TP≤0.05 mg/L) since 2021 [25]. The location of the 
study area is shown in Fig. 1.

Fig. 1. Location map of the study area. a) Hebei Province, b) Xiongan New Area, c) Baiyangdian Lake.
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Experimental data

Measured Data Acquisition

In May 2025, data collection was conducted in the 
northern part of Baiyangdian Lake. The time window 
for matching ground-based data and remote sensing 
images was ±7 days [26, 27]. A total of 40 points 
were collected. To ensure statistical independence and 
mitigate spatial autocorrelation (e.g., Moran’s I), these in 
situ sampling points were strategically deployed across 
heterogeneous regions with sufficient spatial intervals. 
Maintaining an adequate geographic distance between 
sample locations is a widely recognized spatial sampling 
strategy to effectively reduce spatial autocorrelation 
and local data redundancy [28]. GPS positioning was 
performed using an Ovimap, and surface spectra were 
measured using a water surface spectrometer based on 
the above-water measurement method to collect water 
spectra at the corresponding points [29]. The weather 
was clear and cloudless when the data was collected, 
and the water surface was calm. The distribution of 
water sampling points is shown in Fig. 2.

The measured values of some sampling points are 
shown in Table 1. 

Remote Sensing Image Acquisition  
and Preprocessing

This study used Sentinel-2 Level-2A surface 
reflectance products from the European Space Agency. 

Sentinel-2 images have a spatial resolution of 10 m, 
cover the spectral range of 0.4 to 2.4 μm in 13 bands, 
and span the visible, near-infrared, and shortwave 
infrared regions. Their revisit time is approximately five 
days, meeting the requirements of this experiment.

Atmospheric correction, resampling, band fusion, 
image cropping, and other preprocessing operations 
were performed using the Sen2Cor processor [30] to 
obtain the required remote sensing data of the study 
area. Secondly, feature parameters were extracted 
based on the processed images to construct feature 
parameters with high correlation with the total 

Fig. 2. Sampling point distribution.

Table 1. Some measured sampling data.

Point Measured 
value (mg/L) Point Measured 

value (mg/L)

1 0.033 11 0.026

2 0.036 12 0.026

3 0.029 13 0.027

4 0.034 14 0.031

5 0.026 15 0.03

6 0.031 16 0.029

7 0.031 17 0.033

8 0.034 18 0.031

9 0.03 19 0.038

10 0.027 20 0.03
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difference. The specific calculation method of the 
combined features is shown in Table 2. To quantitatively 
and physically justify the selection of these specific 
features over other common indices, a Pearson 
correlation analysis was conducted between the spectral 
indices and the in situ TP concentrations. As TP is a 
non-optically active parameter, its inversion relies on 
complex proxies like suspended particulate matter and 
phytoplankton. The statistical analysis presented in Fig. 4 
revealed that NDTI, yielding a correlation coefficient 
of −0.24, exhibited the highest relative correlation 
magnitude among the evaluated indices, capturing the 
adsorption of phosphorus to suspended sediments. 
While NDWI exhibited a marginally higher linear 
correlation of 0.08 compared to 0.03 for B5/B6 and 
–0.05 for B11-B12, it was deliberately excluded from the 
final feature set. NDWI is primarily designed for water 
body delineation; its variance within an already defined 
aquatic zone often reflects physical depth or surface glint 
rather than true nutrient dynamics. Conversely, B5/B6 
and B11-B12 were retained based on fundamental optical 
mechanisms: the red-edge ratio of B5 to B6 serves as 
a critical biological proxy for phytoplankton biomass 
driven by phosphorus enrichment, and the shortwave 
infrared difference between B11 and B12 effectively 

phosphorus concentration value of the water body. 
Finally, to address the limited number of in situ samples 
and prevent the neural network from overfitting, data 
augmentation was performed by adding zero-mean 
Gaussian noise, increasing the dataset from 40 to 
120 samples. This is a well-established technique in 
water quality remote sensing for overcoming small 
dataset limitations [31]. The standard deviation (σ) of 
the injected noise was strictly restricted to 5% of the 
original sample values. This threshold is scientifically 
justified as it aligns precisely with the inherent surface 
reflectance radiometric uncertainty of the Sentinel-2 
multispectral sensor [32]. Statistical tests confirmed that 
this augmented dataset effectively preserved the real-
world probability density distribution of the original 
samples without introducing artificial systemic bias. The 
dataset was then split into training and test sets at a ratio 
of 8:2. The above processing flow is shown in Fig. 3.

Experimental Methods

The characteristic parameters of the model input 
used the 12 bands of Sentinel-2 data (except B10) and 
constructed three combined features based on band 
relationships, namely NDTI, B5/B6 and B11-B12 

Fig. 3. Remote sensing image preprocessing.
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isolates water-leaving radiance by suppressing 
atmospheric and surface glint noise. Most importantly, 
the overall low linear correlation coefficients across all 
individual indices, with absolute values remaining below 
0.30, quantitatively demonstrate that the relationship 
between TP and spectral reflectance in Baiyangdian 
Lake is highly non-linear. This fundamentally justifies 
the absolute necessity of employing a deep learning 
architecture, which is specifically designed to decode 
these complex, non-linear physical and biological 
couplings that traditional linear empirical models fail to 
capture.

After normalizing the aforementioned characteristic 
bands and the Sentinel imagery’s own bands,  
a 15-dimensional input feature vector X = [B1, B2, …, 
B12, NDTI, B5/B6, B11−B12] was formed, serving as 
the input to the PSO-Adam-BP neural network in this 
experiment. The overall experimental process involved 
first using the particle swarm optimization (PSO) 
algorithm to perform a global search for the network’s 
initial weights, aiming to minimize the initial point’s 
proximity to the optimal solution. The optimal weights 
found by PSO were then loaded into the BP neural 
network, and the Adam algorithm was used to perform 
gradient fine-tuning of the parameters to achieve local 
convergence and improve accuracy.

After training, the predicted results of the test set 
were compared with the measured total phosphorus 
concentrations, and the model performance was 
evaluated using indicators such as the coefficient of 

determination (R2), mean absolut error (MAE), and root 
mean square error (RMSE).

Model Construction and Accuracy Assessment

PSO-Adam-BP Neural Network Model  
Construction

(1) Construct the input training set and test set of 
the model. Perform Min-Max normalization on the 
input features and TP concentration to ensure that the 
features of each band are at the same scale. On this 
basis, the enhancement strategy of noise perturbation 
and scaling is introduced to generate multiple sets of 
perturbed samples to improve the generalization ability 
of the model. After data enhancement, the 120 sample  
data sets are divided into training set and test set in  
an 8:2 ratio.

(2) A multi-layer fully connected feedforward neural 
network was constructed. The sample set was defined as 
follows:

	 	 (1)

Among them, xi represents the input feature vector 
of the i-th sample (such as multispectral reflectance 
and constructed remote sensing index, etc.), yi is the 
corresponding measured total phosphorus concentration 
value, m is the total number of samples, n is the input 
feature dimension, and R represents the real number set.

Fig. 4. Pearson correlation analysis.

Table 2. Feature combination.

NDTI B5/B6 ratio B11-B12 combination item

Turbidity index 
constructed based on 
red and green bands 

The ratio of red edge 1 to red edge 2 is used to highlight 
the spectral differences between vegetation and water 
bodies, thereby increasing the sensitivity to indirect 

changes in total phosphorus.

Construct a linear combination through 
the shortwave infrared band to reduce the 
influence of atmospheric and background 

noise.
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The forward propagation function of the model is:

	
(2)

Where Wk and bk are the weights and biases of the k-th 
layer, φ is the activation function, x is the input feature 
vector, and ŷ is the predicted value. To ensure complete 
transparency and fair comparison across the standard 
BP, PSO-BP, and PSO-Adam-BP models, an identical 
baseline neural network architecture was utilized.  
The finalized topology consists of an input layer with 
15 neurons, followed by 3 progressively down-sampled 
hidden layers containing 256, 128, and 64 neurons, 
respectively. The ReLU activation function was applied 
across all hidden layers to prevent the vanishing gradient 
problem. To effectively mitigate overfitting during the 
training phase, a Dropout layer with a rate of 0.2 was 
incorporated immediately after the first hidden layer. 
The output layer contains a single neuron for continuous 
TP concentration prediction.

Furthermore, to scientifically justify this topological 
design and ensure its optimal synergy with our hybrid 
optimization strategy, a rigorous sensitivity analysis 
was conducted directly on the proposed end-to-end 
PSO-Adam-BP framework, as illustrated in Fig. 5. 
We evaluated different neuron configurations, such 
as scaling the base architecture down to a 128-64-32 
structure or expanding it to a 512-256-128 structure. 
The analysis demonstrated that the chosen 256-128-64 
configuration achieved the optimal balance, maximizing 
the testing R² while minimizing the RMSE. Shallower 
or narrower architectures lacked the non-linear capacity 
to map complex optical features under the PSO-Adam 
optimization, inevitably leading to underfitting, whereas 
excessively wide networks introduced severe overfitting 
to training noise. Therefore, this rigorously tested 

3-hidden-layer structure was established as the optimal 
architecture for the final model.

(3) Initial model parameter setting. Particle swarm 
optimization (PSO) was used to search for the global 
optimal solution for network weights. PSO simulates 
swarm intelligence, updates particle positions and 
velocities, and seeks the minimum value of the fitness 
function. The optimal result was used as the initial input 
of the BP model.

	 		

	 	 (3)

Where xi and vi are the particle position and velocity 
respectively, pi is the individual optimal solution, g is the 
global optimal solution, ω is the inertia weight, c1 and c2 
are learning factors, r1 and r2 are random numbers in 
(0,1), and t represents the t-th iteration.

(4) Model parameter fine-tuning strategy. After 
completing the PSO global search, the optimal result 
weights were initialized to the BP network. During the 
model execution, the Adam optimizer was used to fine-
tune the parameters to obtain higher accuracy. Adam 
achieves dynamic learning rate adjustment through 
adaptive first-order moment estimation and second-
order moment estimation. Its parameter update formula 
is:

	 	 (4)

Fig. 5. Model sensitivity analysis.



Guanxing Wang, et al.8

Among them, θ is the network parameter, gt is 
the gradient, mt and v̂ t are the first and second order 
moments after deviation correction.

To ensure optimal model performance and avoid 
arbitrary parameter selection, the hyperparameters of 
both the PSO and Adam algorithms were rigorously 
tuned. A systematic grid search strategy, combined 
with established empirical recommendations from 
deep learning literature, was employed. For the PSO 
algorithm, the inertia weight (ω) and learning factors 
(c1, c2) were determined via grid search within the 
standard theoretical convergence boundaries to balance 
global exploration and local exploitation. A swarm size 
of 100 and 300 maximum iterations was found to be 
the optimal trade-off between computational efficiency 
and convergence stability. For the Adam optimizer, the 
initial learning rate (η = 0.005) and the L2 regularization 
penalty (weight decay λ = 10-4) were optimized utilizing 
a grid search over logarithmic scales to minimize the 
validation error. The exponential decay rates for the first 
and second-moment estimates (β1 and β2) were kept at 
their highly robust standard default values of 0.9 and 
0.999, respectively. The specific hyperparameter settings 
used in this experiment are comprehensively detailed in 
Table 3.

The PSO-Adam-BP neural network model structure 
is shown in Fig. 6. 

Accuracy Evaluation Indicators

Model performance was evaluated using the 
coefficient of determination (R²), root mean square error 
(RMSE) and mean absolute error (MAE). The formulas 
are given below.

	 	 (5)

̂

Table 3. Hyperparameter table.

Optimizer/Algorithm Hyperparameter Symbol Value Description

PSO

Swarm size N 100 Number of particles in the swarm

Maximum iterations Tmax​ 300 Termination criterion for global search

Inertia weight ω 0.9 Balances global and local exploration

Cognitive learning factor c1​ 2 Pulls particles toward local best

Social learning factor c2​ 2 Pulls particles toward global best

Adam & BP

Learning rate η 0.005 Step size for gradient descent update

Exponential decay rate 1 β1​ 0.9 First-order moment estimation (momentum)

Exponential decay rate 2 β2​ 0.999 Second-order moment estimation

L2 Regularization penalty λ 1.00E-04 Weight decay to prevent overfitting

Training Epochs E 200 Total passes through the training dataset

Fig. 6. Model optimization diagram.
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	 	 (6)

	 	 (7)

In the above formula, yobs,i is the measured value of 
a water quality parameter of the i-th group of samples;  
y̅obs is the measured average value; ŷmod,i is the model 
inversion value; and n is the total number of samples.

Results and Discussion

PSO-Adam-BP Neural Network 
Model Inversion Results

The training and test sets of the total phosphorus 
concentration inversion results of the Baiyangdian 
Lake water body based on the PSO-Adam-BP neural 
network model are shown in Fig. 7. The R2 on the test 
set was 0.9351, which shows that the correlation is high 
(R2>0.91), indicating that the model can effectively 
capture the highly non-linear relationship between the 

multidimensional spectral features of Sentinel-2 and the 
TP concentration.

The loss curve generated during the model execution 
is shown in Fig. 8. It can be seen that the convergence is 
stable after about T = 75 iterations. The PSO algorithm’s 
global search for the network’s initial weights effectively 
avoids local optimality, and combined with Adam’s 
gradient fine-tuning, it achieves rapid convergence of 
parameters.

From the perspective of relative error analysis, the 
model’s average relative error on the test set was 2.24%. 
Approximately 79.2% of the samples had relative errors 
less than 3%, with 25.0% falling within the 1%-2% 
range. The maximum relative error was 7.66%, and 
the minimum error was 0.49%. This demonstrates that 
the model exhibits high accuracy and good stability 
in retrieving total phosphorus concentration in water 
bodies. The model’s relative error results are shown in 
Table 4.

Comparison of Model Inversion Results

In order to further study the performance of the 
PSO-Adam-BP model, the following two comparative 
models were established:

(1) Unoptimized BP neural network. To ensure a 
strict and fair ablation study, the standard BP model 

Fig. 7. Fitting curves of the training set (right) and test set (left).

Fig. 8. Loss function curve. 
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was trained using the identical network architecture  
(256-128-64) and the same Adam optimizer, but without 
the PSO global weight initialization.

(2) PSO-BP model optimized by PSO. This model 
utilized the exact same PSO global initialization as our 
proposed model, but the fine-tuning phase relied on the 
traditional Stochastic Gradient Descent (SGD) optimizer 
rather than the adaptive Adam.

To compare the prediction performance of different 
models, the prediction errors of the BP neural network, 
PSO-BP neural network, and PSO-Adam-BP neural 
network on the same 24 samples were statistically 
analyzed. The predicted values and relative deviations 
of the two models are shown in Table 5. Although the 
traditional BP model has a lower error on some samples, 
the average relative error on the test set was 4.80%, the 
maximum relative error was 11.21%, and the minimum 
error was 0.30%, indicating significant instability. 

Although the PSO-BP model improves the upper limit 
of prediction through particle swarm optimization, the 
average relative error on the test set was 3.47%, the 
maximum relative error was 9.21%, and the minimum 
error was 0.00%. However, the average error is still 
higher than that of the PSO-Adam-BP model.

Furthermore, to comprehensively evaluate the 
prediction performance and address absolute deviations 
as required for rigorous literature comparison, absolute 
error metrics including RMSE and MAE alongside the 
coefficient of determination R² were computed for all 
three models, as detailed in Table 6. As demonstrated 
in the ablation study, the standard BP model exhibited 
the poorest baseline performance with an R2  
of 0.6881 and an RMSE of 0.0018 mg/L, highlighting 
the difficulty of escaping local optima in complex  
high-dimensional feature spaces without global 
guidance. The introduction of PSO global optimization 

Table 4. Model relative error results.

PSO-Adam-BP

ID Measured value (mg/L) Predicted value (mg/L) Relative error (%)

1 0.030999999 0.0319 2.85%

2 0.033 0.032000002 3.15%

3 0.030999999 0.0307 1.00%

4 0.035999998 0.035 2.67%

5 0.030999999 0.031199999 0.58%

6 0.026000001 0.0263 1.28%

7 0.029999999 0.031300001 4.26%

8 0.027000001 0.028200001 4.47%

9 0.030999999 0.031300001 0.81%

10 0.033 0.033399999 1.29%

11 0.037 0.037599999 1.66%

12 0.037999999 0.0383 0.66%

13 0.029999999 0.0298 0.60%

14 0.030999999 0.030400001 1.82%

15 0.037 0.037300002 0.73%

16 0.029999999 0.032299999 7.66%

17 0.034000002 0.034200002 0.49%

18 0.029999999 0.0308 2.71%

19 0.028999999 0.029300001 1.15%

20 0.030999999 0.0317 2.32%

21 0.028999999 0.029300001 0.97%

22 0.035999998 0.036800001 2.33%

23 0.026000001 0.026699999 2.68%

24 0.033 0.031199999 5.50%
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in the PSO-BP model substantially improved the 
predictive capability, increasing the R2 to 0.8098 and 
reducing the RMSE to 0.0014 mg/L. Ultimately, the 
dual-optimization PSO-Adam-BP model achieved the 
most outstanding accuracy, reaching a remarkable R2 of 
0.9351 with impressively low absolute errors, specifically 
an RMSE of 0.0008 mg/L and a MAE of 0.0006 mg/L.

In order to intuitively judge the total phosphorus 
concentration inversion effect of the three models, 
the predicted values of the above three models were 
compared with the measured values. The results are 
shown in Fig. 9.

It can be seen from the comparison result diagram 
that the total phosphorus concentration based on 
Sentinel-2 remote sensing data using the PSO-Adam-BP 
model is closer to the measured value in terms of fitting 
degree, indicating that the PSO-Adam-BP model is 
superior to the traditional BP neural network model and 
the PSO-BP neural network model in terms of accuracy, 

stability, and robustness. The BP neural network model 
optimized by PSO-Adam has a better effect on the 
inversion of total phosphorus concentration.

Broader Comparisons with  
State-of-The-Art Machine Learning Models

To further validate the proposed PSO-Adam-BP 
framework, broader comparisons were conducted 
against widely-adopted models referenced in literature 
[10, 11], including PLSR, Random Forest (RF), XGBoost, 
and Support Vector Machine (SVM). All models were 
evaluated on the identical augmented dataset to ensure 
fairness. The performance metrics are summarized in 
Table 7.

As shown, the linear PLSR model yielded a poor 
R2 of 0.1196, failing to capture the complex non-
linear relationships between multispectral features 
and total phosphorus concentrations. Non-linear and 

Table 5. Comparison model results.

ID Actual TP 
(mg/L)

BP Predicted value 
(mg/L)

BP Relative error 
(%)

PSO-BP Predicted value 
(mg/L)

PSO-BP Relative error 
(%)

1 0.030999999 0.0318 2.9032% 0.0315 1.6129%

2 0.033 0.0293 11.2121% 0.0305 7.5758%

3 0.030999999 0.0296 4.1935% 0.0307 0.9677%

4 0.035999998 0.03460 3.8889% 0.0357 0.8333%

5 0.030999999 0.0313 0.9677% 0.0308 0.3226%

6 0.026000001 0.0288 11.1538% 0.0253 2.3077%

7 0.029999999 0.0318 6% 0.0311 4%

8 0.027000001 0.0286 6.2963% 0.028 7.4074%

9 0.030999999 0.0322 3.871% 0.0320 3.2258%

10 0.033 0.0333 0.9091% 0.0324 1.8182%

11 0.037 0.0352 4.8649% 0.0364 1.3514%

12 0.037999999 0.0364 4.2105% 0.0344 9.2105%

13 0.029999999 0.0311 4% 0.0311 4%

14 0.030999999 0.0317 2.2581% 0.0299 3.2258%

15 0.037 0.0342 7.5676% 0.0368 0.2703%

16 0.029999999 0.0303 1% 0.0286 4.3333%

17 0.034000002 0.0313 7.9412% 0.0315 7.3529%

18 0.029999999 0.0326 8.6667% 0.0297 0.6667%

19 0.028999999 0.0292 0.6897% 0.0289 0%

20 0.030999999 0.0313 0.9677% 0.0322 4.1935%

21 0.028999999 0.0319 10% 0.0297 2.7586%

22 0.035999998 0.03339 7.2222% 0.0346 3.8889%

23 0.026000001 0.0271 4.2308% 0.0270 3.8462%

24 0.033 0.0329 0.303% 0.0303 8.1818%
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ensemble models performed considerably better, 
with R² values reaching 0.8382 for RF, 0.8795 for 
XGBoost, and 0.8821 for SVM, yet none exceeded the 
0.90 threshold. In contrast, the proposed PSO-Adam-
BP model significantly outperformed all benchmarks, 
achieving the highest R2 of 0.9351 and the lowest 
absolute errors, specifically an RMSE of 0.0008 mg/L 
and a MAE of 0.0006 mg/L. This confirms that our 
hybrid optimization strategy effectively overcomes the 
limitations of traditional machine learning for complex 
water quality inversion.

Statistical Validation  
and Overfitting Discussion

To rigorously assess the model’s generalization 
capability and mitigate the potential bias of a single 
random data split, a 5-fold cross-validation was explicitly 
conducted on the entire dataset. The proposed PSO-
Adam-BP model achieved an average cross-validation 
R2 of 0.9309, an average RMSE of 0.000781 mg/L, and 
an average MAE of 0.000560 mg/L across the five folds. 
The minimal variance between the single-split test R2 of 
0.9351 and the rigorous 5-fold cross-validation average 
demonstrates the exceptional stability of the model, 
proving that the high inversion accuracy is inherently 
robust and not dependent on a specific data partition.

Furthermore, given the relatively small sample size 
intrinsic to complex water quality sampling, the risk of 

model overfitting was a primary consideration during 
our architectural design. To systematically mitigate 
overfitting and prevent the network from merely 
memorizing the training data, three key strategies 
were implemented and evaluated. First, Dropout 
layers were integrated into the deep neural network by 
randomly discarding 20% of neurons during training, 
forcing the model to learn robust and redundant 
feature representations rather than relying on specific 
pathways. Second, L2 regularization with a weight 
decay of 1e-4 was applied within the Adam optimizer 
to penalize excessively large weights and control model 
complexity. Finally, the rigorous 5-fold cross-validation 
results, as illustrated by the comprehensive scatter  
plot in Fig. 10, unequivocally confirmed that the 
predictive performance on unseen data remains highly 
consistent with the training performance. Through these 
combined mechanisms, the proposed dual-optimization 
framework successfully overcomes the overfitting 
bottleneck, providing a highly reliable and reproducible 
inversion tool for practical total phosphorus monitoring 
in complex aquatic environments like Baiyangdian 
Lake.

Fig. 9. Comparison results of three models.

Table 6. Comparison table of three levels of precision.

Model R2 RMSE (mg/L) MAE (mg/L)

Standard BP 0.6881 0.001836 0.001523

PSO-BP 0.8098 0.001434 0.001106

PSO-Adam-BP 0.9351 0.000838 0.000649

Table 7. Comprehensive performance comparison among 
various state-of-the-art predictive models.

Model R2 RMSE (mg/L) MAE (mg/L)

PLSR 0.1196 0.003084 0.002438

RF 0.8382 0.001322 0.00107

XGBoost 0.8795 0.001141 0.000678

SVM 0.8821 0.001129 0.001049

PSO-Adam-BP 0.9351 0.000838 0.000649
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Discussion on Model Interpretability 
and Limitations

The superiority of the PSO-Adam-BP framework 
fundamentally stems from its ability to capture highly 
non-linear optical relationships. Since total phosphorus 
is optically inactive, it must be inferred indirectly 
via optically active proxies. Traditional models often 
become trapped in local optima within these complex 
spectral spaces. The proposed dual-optimization 
strategy explicitly solves this: PSO performs a global 
search for optimal initial weights, while Adam executes 
precise gradient fine-tuning, successfully deciphering 
the subtle non-linear variations of TP.

Despite these advantages, inherent limitations in 
remote sensing data remain. First, Sentinel-2’s 10-20 
m spatial resolution may be insufficient for extremely 
small water bodies due to mixed-pixel effects. Second, 
the low surface reflectance of water makes it highly 
susceptible to residual atmospheric interference. To 
address these challenges, future work will explore 
hyperspectral remote sensing. By providing continuous, 
narrow-band spectral profiles, hyperspectral data will 
enable the capture of much finer absorption features, 
promising higher precision for the inversion of non-
optical parameters like TP.

Furthermore, regarding the model’s transferability 
to other inland lakes beyond Baiyangdian Lake, the 
underlying architecture of the PSO-Adam-BP framework 
is highly adaptable. While the current model weights 
are calibrated specifically for the optical properties of 
Baiyangdian Lake, the framework can serve as a robust 

pre-trained base model. For future applications in lakes 
with different trophic states or optical characteristics, 
researchers can employ transfer learning techniques ‒ 
fine-tuning the network using a small amount of local 
sampled data ‒ thereby efficiently deploying the model 
to new regions without the need for extensive retraining 
from scratch.

Conclusions

Based on Sentinel-2 remote sensing images and 
measured total phosphorus concentration data in water 
bodies, this paper constructed a PSO-Adam-BP neural 
network model based on full-band features and feature 
engineering, which improved the accuracy of total 
phosphorus concentration inversion in Baiyangdian 
Lake in Xiongan New Area. The research conclusions 
are as follows: 

(1) A combined feature signature was constructed 
using the full Sentinel-2 multispectral band and 
constructed water characteristic indices (NDTI, B5/B6 
ratio, shortwave infrared composite features, etc.). The 
model constructed based on this combined signature 
exhibited high accuracy, indicating that this combined 
signature effectively reflects the relationship with total 
phosphorus in water.

(2) A PSO-Adam-BP neural network model was 
proposed. This study combines the global optimization 
advantages of PSO with the nonlinear fitting capabilities 
of BP neural networks. The Adam algorithm is used 
for quadratic weight optimization. This solves the 

Fig. 10. 5-fold cross-validation scatter plot.
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problem that traditional BP neural networks are prone to 
falling into local optimality, significantly improving the 
convergence speed and prediction accuracy of the BP 
neural network model.

Based on this study, subsequent research could 
explore the relationship between hyperspectral data and 
measured samples. Furthermore, hybrid modeling could 
be expanded to incorporate measured sample data and 
physical mechanism-driven approaches, continuously 
enhancing the interpretability and generalizability of the 
model, providing scientific support for watershed water 
quality monitoring and ecological restoration.
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