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Highlights

What are the main findings?
• A spatiotemporal graph neural network framework is developed for satellite-based 

total suspended solids (TSS) retrieval by integrating spatial dependencies and 
temporal variations.

• A monthly TSS concentration dataset from 2016 to 2025 is reconstructed for China’s 
coastal waters using Sentinel-2 observations and spatiotemporal deep learning.

• The reconstructed dataset accurately captures the spatial distribution, seasonal vari-
ability, and interannual dynamics of coastal suspended sediments.

What are the implications of the main findings?
• The proposed STGNN-TSS framework demonstrates the potential of spatiotemporal 

learning methods for large-scale and long-term coastal water quality monitoring.
• The reconstructed TSS dataset provides valuable information for understanding coastal 

sediment dynamics and supporting marine environmental management.

Abstract

Total suspended solids (TSS) are a key indicator of coastal water quality and sediment dy-
namics, yet their long-term spatiotemporal variability remains insufficiently characterized 
at large spatial scales. In this study, a decade-long (2016–2025) TSS dataset for China’s 
coastal waters was reconstructed from Sentinel-2 multispectral imagery using a spatiotem-
poral graph neural network (STGNN-TSS), which integrates graph attention networks 
with temporal sequence modeling. The model was trained using satellite-derived reference 
TSS observations and evaluated using spatially separated test samples and comparative 
experiments. During relatively stable seasonal conditions, STGNN-TSS achieved an R2 
of 0.739, an RMSE of 3.924 mg L−1 , and an MAE of 1.907 mg L−1  across China’s coastal 
waters. The reconstructed products for other years showed consistent spatial patterns 
with independent satellite-derived SPM products, with Spearman correlation coefficients 
ranging from 0.738 to 0.891. Based on the reconstructed dataset, TSS exhibited a persistent 
“high-inshore, low-offshore” spatial pattern with pronounced regional differences among 
northern shallow seas, major estuarine systems, and southern coastal waters. Seasonal 
variations were identified, characterized by elevated TSS concentrations in winter and 
reduced concentrations in summer. Interannual variability during 2016–2025 showed an 
increasing trend before 2020 followed by a general decline, with substantial regional dif-
ferences in variability intensity. The reconstructed TSS dataset provides a consistent basis 
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for investigating long-term suspended sediment dynamics and supports large-scale coastal 
environmental monitoring and management.

Keywords: total suspended solids (TSS); coastal waters; spatiotemporal modeling; graph 
neural network; Sentinel-2

1. Introduction
Total suspended solids (TSS) is a key water quality parameter that influences water 

turbidity, underwater light availability, and overall aquatic environmental conditions [1,2]. 
In shallow marine environments, TSS dynamics are primarily controlled by a combination 
of riverine sediment input, tidal and wave forcing, sediment resuspension, bathymetry, and 
anthropogenic activities [3–6]. These interacting factors result in pronounced spatial het-
erogeneity and strong temporal variability [7,8], making long-term, large-scale monitoring 
essential for understanding coastal environmental processes and ecosystem health.

Traditional TSS measurements primarily rely on field sampling, which is constrained 
by limited spatial coverage, low temporal frequency, and high operational costs [9,10]. 
In contrast, satellite remote sensing provides an efficient and cost-effective alternative 
owing to its wide spatial coverage, high revisit frequency, and consistent observation 
capability [11,12]. Consequently, it has become one of the most widely adopted approaches 
for monitoring suspended sediments in aquatic environments [13–16].

Early studies using medium-and low-resolution sensors, such as MODIS and MERIS, 
laid the foundation for large-scale TSS estimation [17,18]. For example, Moridnejad 
et al. [19] applied MODIS imagery combined with artificial neural networks to estimate 
suspended sediment concentrations in Lake Urmia. With increasing demand for spatial 
detail, higher-resolution sensors such as Landsat have been widely used to investigate sedi-
ment dynamics in lakes, rivers, and coastal systems [20–23]. More recently, improvements 
in atmospheric correction and water quality retrieval algorithms have further enhanced the 
applicability of high-resolution satellite data in optically complex coastal waters [24].

With the increasing availability of long-term satellite observations, several studies have 
attempted to reconstruct multi-year TSS dynamics. Feng et al. [25] analyzed long-term 
transparency changes in lakes of the Yangtze Plain using MODIS data, while Li et al. [26] 
and Luo et al. [27] investigated decadal sediment dynamics in the Yellow River and Yangtze 
River estuaries using Landsat and multi-sensor datasets. Sun et al. [28] further developed 
a semi-analytical approach to monitor TSS over multiple decades in the Pearl River estuary. 
These studies demonstrate the feasibility of satellite remote sensing for long-term TSS 
monitoring. However, most existing studies are limited to regional case studies. Challenges 
remain in generating spatially continuous, high-resolution, and methodologically consistent 
TSS products at the national scale.

In parallel, TSS retrieval methods have evolved from empirical and semi-empirical 
approaches to physics-based models and, more recently, to machine learning and deep 
learning techniques [29–31]. Given the nonlinear relationship between spectral reflectance 
and TSS in optically complex waters [32,33], machine learning models, such as random 
forest and neural networks, have demonstrated improved accuracy and robustness [34,35]. 
Despite these advances, most existing studies still rely on pixel-wise modeling strategies, 
which may overlook spatial dependencies and temporal continuity, limiting their perfor-
mance in large-scale and long-term applications.

To address these limitations, recent studies have explored spatiotemporal deep learning 
approaches capable of jointly modeling spatial structure and temporal evolution. In partic-
ular, spatiotemporal graph neural networks (STGNNs) provide a flexible framework for 
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modeling spatial dependencies while simultaneously capturing temporal evolution [36–40]. 
By jointly modeling spatial dependencies and temporal dynamics, these approaches are 
particularly suitable for complex coastal environments, where sediment transport and 
redistribution exhibit strong spatiotemporal characteristics [41,42].

Building upon these advances, this study proposes a spatiotemporal deep learning 
framework to reconstruct a spatially continuous, high-resolution TSS dataset for China’s 
coastal waters from 2016 to 2025. The objectives are to: (1) generate a long-term, high-
resolution TSS dataset at the national scale; (2) characterize the spatial distribution, seasonal 
variability, and interannual dynamics of coastal TSS; and (3) evaluate the applicability of 
spatiotemporal modeling for large-scale water quality reconstruction. The reconstructed 
dataset provides new insights into long-term sediment dynamics along China’s coastline 
and provides a scalable framework for large-scale coastal environmental monitoring.

2. Materials and Methods
2.1. Study Area

This study focuses on the coastal waters along the mainland coast of China, spanning 
from the Liaodong Peninsula in the north to the southern coastal waters of Hainan Island. 
The study area covers the major marginal seas of China, including the Bohai Sea, Yellow 
Sea, East China Sea, and the northern South China Sea, extending approximately from 18° 
to 41°N and 108° to 127°E.

To ensure the spatial integrity of the remote sensing samples and the continuity of 
coastal hydrodynamic processes, the study domain generally corresponds to the shallow 
continental shelf, with water depths typically less than 60 m (Figure 1). This configuration 
encompasses coastal waters strongly influenced by land–sea interactions, including river 
inputs, tidal mixing, and sediment resuspension.

Coastal waters in this study refer to the overall study domain along the Chinese 
coast. Within this domain, inshore and offshore waters were distinguished to represent 
regions with strong and weak terrestrial influence, respectively. Inshore waters are generally 
characterized by intense riverine input, active sediment resuspension, and high turbidity, 
whereas offshore waters exhibit relatively low suspended sediment concentrations and 
more stable hydrodynamic conditions.

2.2. Reference TSS Data
Reference TSS data were obtained from the National Marine Science Data Center of 

China (https://mds.nmdis.org.cn; access on 12 November 2025), which provides remotely 
sensed suspended sediment concentration products for the Bohai Sea, Yellow Sea, and East 
China Sea. The dataset covers approximately 25.02–41.37°N and 116.78–127.71°E, with a 
spatial resolution of 500 m. The products are provided in NetCDF format and include daily 
and monthly TSS estimates for representative periods in 2020.

Valid water pixels were identified from the reference TSS products after quality control. 
Considering the spatial heterogeneity of coastal waters, the study area was divided into 
spatially stratified regions, and valid pixels were randomly selected within these regions 
to maintain spatial coverage. A total of 1000 sampling locations were obtained, and their 
geographic coordinates were recorded as fixed spatial nodes for subsequent observations.

For each available month, TSS values were extracted at the predefined sampling loca-
tions from the reference products. Observations affected by invalid quality flags or missing 
TSS values were removed during dataset construction. The extracted samples contained 
spatial coordinates, acquisition time, and corresponding TSS measurements at each node.

To represent temporal variations at individual locations, observations from the same 
spatial nodes were organized according to acquisition time. A three-month sliding temporal 
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window was applied to construct sequential samples for STGNN-TSS, where each sample 
consisted of multi-month observations from the same spatial nodes. The corresponding 
TSS observations were used as supervised targets during model training.

Figure 1. Study area and sampling scheme. The left panel shows the geographic location of China’s 
coastal waters and an overview of the study region. Panels illustrate examples of sampling point 
distributions in representative coastal areas, including (a) Bohai Bay, (b) the Yangtze River estuary, 
and (c) the coastal waters of Ningde Port. Red dots indicate example sampling points derived from 
monthly products of the National Marine Science Data Center, while blue dots denote sampling 
stations located in typical estuarine and coastal regions and are used for quantitative analysis. The 
blue shaded area represents the study region, generally corresponding to shallow shelf waters typically 
with depths less than 60 m along the Chinese coast.

2.3. Satellite Data and Preprocessing
The remote sensing predictors were derived from Sentinel-2 multispectral imagery 

covering the study region. Sentinel-2 Level-2A surface reflectance products were used, 
which were generated from Level-1C top-of-atmosphere observations using the Sen2Cor 
processor. Monthly Sentinel-2 observations were collected for the study period, and images 
with cloud coverage below 20% were selected to balance the availability of valid observations 
and the influence of cloud contamination in coastal regions.

Cloud- and cirrus-contaminated pixels were removed using the quality information 
provided in the Level-2A products, and non-water areas were excluded using water masks. 
The remaining valid observations were composited into monthly mean reflectance products 
to reduce short-term observational variability and maintain temporal consistency.

Surface reflectance values from 11 Sentinel-2 spectral bands (B2, B3, B4, B5, B6, B7, B8, 
B8A, B9, B11, and B12) were extracted at the predefined sampling locations. These bands 
cover the visible, red-edge, near-infrared, and shortwave infrared regions. During model 
training, the spectral observations were spatially matched to the 500 m reference TSS pixels 
to construct input–target pairs.

The extracted spectral features were combined with geographic coordinates and temporal 
information to construct node-level spatiotemporal inputs. Each sample consisted of multi-
band spectral observations from the corresponding spatial nodes within the temporal window, 
while the matched TSS observations were used as supervised targets for model training.
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After model training, the optimized STGNN-TSS model was applied to the monthly 
Sentinel-2 composites from 2016 to 2025 for long-term reconstruction. Considering the bal-
ance between spatial detail and computational efficiency, the monthly Sentinel-2 reflectance 
composites were resampled to a spatial resolution of 60 m before model inference. The 
resulting predictions were used to obtain the decadal-scale reconstructed TSS dataset.

2.4. Model Framework
A spatiotemporal graph neural network (STGNN) framework was developed to retrieve 

TSS across China’s coastal waters (Figure 2). The model integrates temporal modeling to 
capture sequential dependencies and seasonal variability and spatial modeling to represent 
interactions among neighboring water bodies. This unified framework enables continuous 
reconstruction of TSS over large spatial and temporal scales.

Figure 2. Technical process flowchart of the STGNN-TSS framework. Long-term spatiotemporal 
sequences consisting of geographic information and TSS observations are input into the STGNN 
model. Spatial dependencies are captured by a graph attention network (GAT), while temporal 
dynamics are modeled using an LSTM module. The extracted spatiotemporal features are transformed 
into TSS estimates through an MLP, and the trained model is further applied to Sentinel-2 imagery 
for long-term TSS remote sensing inversion.

(1) Multitemporal input construction

Multitemporal satellite observations from 2016 to 2025 were collected to cover China’s 
coastal waters. For each spatial unit, spectral reflectance and derived features were organized 
into chronological sequences, forming the input sequences for spatiotemporal modeling.
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(2) Temporal modeling using LSTM

Long Short-Term Memory (LSTM) networks were employed to capture temporal 
dependencies in the input sequences. Through its gating mechanisms (input, forget, and 
output gates), LSTM effectively mitigates the gradient vanishing problem in long sequence 
modeling [43]. The state update process is formulated as:

ft  = 𝜎(Wf  [ht −1 , xt  ] + bf  ) (1)

it  = 𝜎(Wi [ht −1 , xt ] + bi ) (2)

ct  = ft ⊙ ct −1  + it ⊙ tanh(Wc  [ht −1 , xt  ] + bc  ) (3)

ot  = 𝜎(Wo [ht −1 , xt ] + bo ) (4)

ht  = ot ⊙ tanh(ct  ) (5)

where xt  denotes the input at time step t, while ht  and ct  represent the hidden state and 
cell state, respectively. ft , it , and ot  denote the forget, input, and output gates. Wf , Wi , 
Wc , Wo  are learnable weight matrices, and bf , bi , bc , bo  are bias vectors. 𝜎(⋅) and tanh(⋅) 
denote the sigmoid and hyperbolic tangent activation functions, respectively, and ⊙ denotes 
element-wise multiplication. This module represents temporal dependencies within the 
input sequences, thereby enhancing the model’s ability to represent temporal heterogeneity.

(3) Spatial graph construction

In the spatial domain, the study area is represented as a graph, where each spatial unit 
corresponds to a node. The adjacency relationships are defined based on geographic proximity, 
using a k-nearest neighbor (KNN) graph, forming a graph that encodes spatial continuity.

(4) Spatial feature learning using GAT

A Graph Attention Network (GAT) was applied to learn spatial dependencies. For a 
node i with feature vector hi , the unnormalized attention coefficient with its neighbor j is 
defined as:

eij  = LeakyReLU(aT [Whi ||Whj ]) (6)

where W is a learnable weight matrix, a is the attention vector, and || denotes concatena-
tion. The normalized attention coefficient is computed via a softmax function over the 
neighborhood Ni : 

𝛼ij =
exp(𝑒ij)

∑𝑘∈𝑁𝑖
exp(𝑒ik)

(7)

where 𝛼ij  represents the normalized attention weight indicating the importance of node j to 
node i. The node features are updated as:

ℎ’
𝑖 = 𝜎∑

𝑗∈𝑁𝑖
(𝛼ijWh𝑗) (8)

By adaptively learning attention weights over neighboring nodes, GAT captures spa-
tially heterogeneous dependencies within local graph structures, thereby improving feature 
representation in coastal water environments. Multi-head attention is employed to fur-
ther enhance model stability and representation capacity, enabling the model to capture 
heterogeneous spatial dependencies in coastal environments.

(5) Model training and experiment configuration

The applicability and effectiveness of the proposed STGNN-TSS model for remote 
sensing-based TSS retrieval were evaluated through a series of training and comparative 
experiments using the constructed multitemporal remote sensing dataset.
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The study area was first divided into spatial blocks, and these blocks were assigned to 
the training (70%), validation (20%), and testing (10%) subsets. All temporal observations 
from sampling nodes within the same block were exclusively assigned to the corresponding 
subset. Therefore, observations from the same location at different months were not dis-
tributed across different subsets, thereby reducing potential spatial and temporal leakage 
caused by spatial autocorrelation.

For spatial feature learning, a Graph Attention Network (GAT) with a hidden dimen-
sion of 64 and two attention heads was adopted. The ELU activation function and a dropout 
rate of 0.3 were applied to improve model generalization and reduce overfitting. Temporal 
dependencies were modeled using a single-layer Long Short-Term Memory (LSTM) net-
work with a hidden dimension of 32, followed by a fully connected layer to generate the 
final TSS predictions.

Model optimization was performed using the Adam optimizer with an initial learning 
rate of 0.005. The mean squared error (MSE) was used as the loss function, and the model 
was trained for 500 epochs.

(6) All experiments were implemented using PyTorch (version 2.5.1) and PyTorch Geo-
metric (version 2.6.1) and conducted on an NVIDIA GeForce RTX 3060 Laptop GPU 
with CUDA 11.8.Comparative experiments and evaluation metrics

To evaluate the performance of the proposed STGNN-TSS model, comparative exper-
iments were conducted against five representative baseline models, including Random 
Forest (RF), Support Vector Regression (SVR), Multilayer Perceptron (MLP), the Spatiotem-
poral Graph Convolutional Network (STGCN), and the Adaptive Spatiotemporal Graph 
Convolutional Network (ASTGCN).

All models were trained and evaluated using the same dataset, data partitioning 
strategy, and evaluation protocol. Hyperparameters were optimized through grid search or 
cross-validation to ensure a fair comparison.

Model performance was assessed using three widely adopted regression metrics: the 
coefficient of determination (R2 ), root mean square error (RMSE), and mean absolute 
error (MAE). These metrics collectively quantify the agreement between the predicted and 
reference TSS values. Their mathematical formulations are given as follows:

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦𝑖)
2

∑𝑛
𝑖=1(𝑦𝑖 − 𝑦)2 (9)

RMSE = √ 1
𝑛∑

𝑛

𝑖=1
(𝑦𝑖 − 𝑦𝑖)

2 (10)

MAE =
1
𝑛∑

𝑛

𝑖=1
|𝑦𝑖 − 𝑦𝑖| (11)

where yi  and ŷi  denote the observed and predicted TSS values, respectively, ȳ represents 
the mean of the observed samples, and n is the total number of samples. Higher R2  values 
and lower RMSE and MAE values indicate better model prediction performance.

In addition to the conventional regression metrics, the Spearman rank correlation 
coefficient (Spearman ρ) was employed to evaluate the spatial consistency between STGNN-
TSS and independent suspended particulate matter products. Unlike error-based metrics, 
Spearman correlation measures the monotonic agreement between two datasets based on 
their ranked values, providing an effective assessment of whether the spatial variation 
patterns are consistently represented. The coefficient is calculated as follows:

𝜌 = 1 −
6∑𝑛

𝑖=1 𝑑2
𝑖

𝑛(𝑛2 − 1)
(12)
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where di  represents the difference between the ranks of the STGNN-TSS and reference 
product values at the i-th spatial location, and n denotes the total number of matched 
samples. The value of 𝜌 ranges from −1 to 1, with values closer to 1 indicating stronger 
spatial consistency between the two products.

3. Results
3.1. Model Performance
3.1.1. Overall Model Performance

To comprehensively evaluate the predictive performance and temporal generalization 
capability of the proposed STGNN-TSS model across representative months, comparative 
experiments are conducted using three representative monthly datasets (July, October, 
and December). The proposed STGNN-TSS model is compared with three conventional 
machine learning models, including Support Vector Regression (SVR), Random Forest 
(RF), and Multilayer Perceptron (MLP), as well as two advanced spatiotemporal deep 
learning models, namely the Spatiotemporal Graph Convolutional Network (STGCN) and 
the Adaptive Spatiotemporal Graph Convolutional Network (ASTGCN). The corresponding 
results are shown in Figures 3–5, and model performance is quantitatively evaluated using 
three metrics: R2 , RMSE, and MAE.

The experimental results demonstrate that the proposed STGNN-TSS model consistently 
achieves superior predictive performance across all three testing scenarios, including two 
seasonally contrasting months and one transitional month. Among all comparative models, 
STGNN-TSS achieves the highest R2  values together with the lowest RMSE and MAE values. 
Compared with the conventional machine learning models (RF, SVR, and MLP), the proposed 
model exhibits substantially higher predictive accuracy, indicating that the integration of 
spatial and temporal information significantly enhances TSS retrieval performance.

Compared with the advanced spatiotemporal deep learning models, STGCN and 
ASTGCN, the proposed STGNN-TSS model continues to achieve superior performance, 
further demonstrating the effectiveness of jointly learning spatial dependencies and tem-
poral dynamics. These results confirm that the proposed framework provides a more 
effective representation of the complex spatiotemporal characteristics of coastal suspended 
sediments, leading to more accurate and robust large-scale TSS estimation.

Figure 3. Model performance comparison for July test.
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Figure 4. Model performance comparison for October test.

Figure 5. Model performance comparison for December test.

3.1.2. Ablation Analysis of STGNN-TSS Components
A systematic ablation study is conducted to quantify the contribution of each com-

ponent in the proposed STGNN-TSS framework. All experiments are performed under 
identical settings, including the same data partitioning strategy, input features, and training 
epochs, ensuring a fair comparison among different model variants. Four model configura-
tions are evaluated: GAT-MLP, which performs spatial feature learning only; LSTM-MLP, 
which focuses exclusively on temporal dependency modeling; GAT-LSTM-Linear, which 
combines spatial and temporal representations using a linear prediction layer; and the 
complete STGNN-TSS model. Model performance is evaluated using the coefficient of 
determination (R2 ), root mean square error (RMSE), and mean absolute error (MAE). The 
corresponding results are presented in Figure 6 and Table 1.
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Figure 6. Ablation study of STGNN-TSS.

Table 1. Ablation study of STGNN-TSS.

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

GAT-MLP Without temporal 
modeling 0.526 5.292 3.309

LSTM-MLP Without spatial 
graph attention 0.206 6.847 3.773

GAT-LSTM-Linear
Without the 

nonlinear MLP 
prediction head

0.726 4.019 2.059

STGNN-TSS Full model 0.739 3.924 1.907

As summarized in Table 1, the complete STGNN-TSS model achieves the best overall 
performance among all model variants, demonstrating the effectiveness of jointly learning 
spatial dependencies and temporal dynamics. Compared with GAT-MLP, the LSTM-MLP 
model exhibits lower predictive performance, indicating that temporal features alone are 
less informative than spatial features in this experiment. Both single-component models 
perform worse than models combining spatial and temporal information.

The comparison between GAT-LSTM-Linear and STGNN-TSS further highlights the 
contribution of the nonlinear prediction module. Although GAT-LSTM-Linear benefits 
from the joint representation of spatial and temporal information, its performance remains 
slightly lower than that of STGNN-TSS. This result indicates that the nonlinear prediction 
layer enhances the mapping between multispectral observations and TSS concentrations, 
thereby improving the representation of complex nonlinear relationships.

Furthermore, both GAT-MLP and LSTM-MLP consistently perform worse than the 
hybrid models that jointly exploit spatial and temporal information, confirming the com-
plementary roles of spatial and temporal feature learning in TSS retrieval. The consistent 
improvements achieved by STGNN-TSS across all evaluation metrics demonstrate that the 
proposed framework effectively captures both spatial heterogeneity and temporal dynamics, 
leading to more accurate and robust large-scale coastal TSS estimation.
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3.1.3. Temporal Prediction Performance and Dynamic Response Characteristics
To evaluate the temporal fitting performance and dynamic response capability of the 

proposed STGNN-TSS model, two representative coastal sites are selected: one located in 
Bohai Bay (Figure 7a) and the other along the southern Fujian coast (Figure 7b). These 
sites represent contrasting hydrodynamic and sedimentary environments in northern and 
southern China. At each site, the reference and predicted TSS time series produced by both 
the STGNN-TSS and RF models are compared, with fitted trend lines included to illustrate 
temporal variation over the comparison period.

Figure 7. Comparison of observed and predicted TSS time series at representative coastal sites, with 
blue and gray shaded areas indicating the ±RMSE ranges for the Improved-STGNN and RF models, 
respectively. (a) Bohai Bay station; (b) southern Fujian coastal station.

At both sites, the STGNN-TSS predictions broadly followed the temporal variation 
in the reference series, although discrepancies remained in individual months. Minor 
discrepancies are observed in December for both models, which are likely associated with 
localized uncertainties in the remote sensing data. Nevertheless, the STGNN-TSS model 
exhibits lower sensitivity to these disturbances than the RF model, indicating stronger 
temporal stability and greater robustness to observational noise.

3.1.4. Spatial Generalization Performance
The spatial generalization capability of the proposed STGNN-TSS model is evaluated 

by dividing China’s coastal waters into three latitudinal zones (Lat > 36°, 29° ≤ Lat ≤ 36°, 
and Lat < 29°). Within each zone, the predicted TSS values are compared with the corre-
sponding reference values (Figure 8a–c). The model consistently achieves strong predictive 
performance across all three regions, with R2  ranging from 0.827 to 0.909 and RMSE varying 
between 1.58 and 2.61 mg L−1 . These results demonstrate the ability of the proposed model 
to capture spatial variability under diverse environmental conditions.

To further evaluate the model performance across different coastal environments, the 
study area was divided into inshore and offshore waters (Figure 9). Sampling points were 
categorized into two groups representing regions with different levels of coastal sediment 
influence. In inshore waters, the model achieved an R2  of 0.869 and an RMSE of 2.425 mg L−1 . 
In offshore waters, the model achieved an R2  of 0.678 and an RMSE of 0.772 mg L−1 . The 
relatively lower R2  in offshore waters is associated with the low TSS concentration range and 
limited variability typically observed in clearer waters. In these regions, many observations 
are close to 0–1 mg L−1 , and the small variance of reference values makes R2  more sensitive 
to small absolute deviations between predictions and observations. A small number of 
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low-concentration pixels may also exhibit slight deviations due to uncertainties in satellite 
observations and model prediction under near-zero concentration conditions, which can 
further influence statistical metrics.

Figure 8. Comparison of observed and predicted TSS across different latitude zones: (a) Lat > 36°, 
(b) 29° ≤ Lat ≤ 36°, (c) Lat < 29°. The inset shows R2 , RMSE, and sample size (N) for each zone.

Figure 9. Comparison of observed and predicted TSS in inshore waters and offshore waters. Insets 
show R2  and RMSE for inshore waters, offshore waters, and the total dataset.

When all samples are considered together, the proposed model achieves an overall R2 
of 0.894 and an RMSE of 1.853 mg L−1 , demonstrating its ability to capture TSS variations 
across heterogeneous coastal environments.

3.1.5. Interpretation of Spectral Contributions in STGNN-TSS Using SHAP Analysis
SHAP analysis was conducted to quantify the contribution of Sentinel-2 spectral bands 

to TSS estimation and to characterize the spectral information utilized by the STGNN-TSS 
model. October was selected as the representative period because of its relatively stable 
seasonal conditions and sufficient valid observations. The SHAP values of each spectral 
band were calculated to evaluate its relative contribution to the model predictions.

The results demonstrate that STGNN-TSS relies on the combined information from 
multiple spectral bands rather than a single spectral feature (Figure 10a). Among all input 
bands, B4 (red), B2 (blue), and B5 (red-edge) exhibited larger SHAP values, indicating their 
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greater influence on TSS estimation. These bands are closely related to the optical response 
of suspended materials in coastal waters and provide important spectral information for 
distinguishing TSS variations. The near-infrared and shortwave infrared bands showed 
relatively lower contributions but remained complementary to the prediction process.

Figure 10. Spectral contribution analysis of Sentinel-2 bands in STGNN-TSS based on SHAP values. 
(a) Overall contribution of Sentinel-2 spectral bands; (b) regional variations in spectral contributions 
across different coastal zones.

The spatial variability of spectral contributions was further examined using latitude-
based SHAP analysis, with the coastal zone divided into three regions (Lat > 36°, 
29° ≤ Lat ≤ 36°, and Lat < 29°) (Figure 10b). The contribution patterns of Sentinel-2 
bands differed among the three regions. Northern, central, and southern coastal waters 
showed distinct spectral importance characteristics, reflecting differences in regional optical 
conditions. This variation suggests that STGNN-TSS can utilize region-specific spectral 
information and maintain a flexible spectral response relationship across heterogeneous 
coastal environments.

3.1.6. Spatial Consistency Assessment with Independent Satellite-Derived Products
The spatial patterns of the reconstructed STGNN-TSS dataset were further compared 

with two independent satellite-derived suspended particulate matter (SPM) products, 
including the NOAA VIIRS+OLCI SPM product and the GlobColour SPM-OC5 product. 
Although total suspended solids (TSS) and suspended particulate matter (SPM) differ 
in their measurement definitions and retrieval approaches, both parameters characterize 
the abundance and spatial distribution of suspended materials in aquatic environments, 
making the external SPM products suitable for evaluating the spatial consistency of the 
reconstructed TSS dataset.

The NOAA MSL12 multi-sensor SPM product is a global ocean color dataset generated 
from observations of multiple satellite sensors, including VIIRS onboard the Suomi-NPP 
and NOAA-20 satellites and the Sentinel-3A OLCI sensor. The product applies the MSL12 
ocean color processing system to retrieve suspended particulate matter concentration and 
further incorporates the Data Interpolating Empirical Orthogonal Function (DINEOF) 
method to reconstruct spatial gaps caused by missing observations. Consequently, the 
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product provides spatially continuous SPM estimates at an approximate spatial resolution 
of 2 km [44].

In this study, daily NOAA MSL12 SPM observations were aggregated into monthly 
composites to match the temporal resolution of the STGNN-TSS dataset. Monthly SPM 
values were calculated from valid daily observations after quality control, and pixels with 
insufficient observations were excluded. The resulting monthly NOAA SPM products were 
subsequently reprojected to the geographic coordinate system of the STGNN-TSS dataset.

The GlobColour SPM-OC5 product is a Level-3 ocean color composite dataset generated 
by the ACRI-ST GlobColour project and distributed through the Copernicus Marine Service. 
It provides mapped SPM concentrations derived from multi-sensor ocean color observations, 
including MODIS-Aqua, VIIRS, Sentinel-3A OLCI, NOAA-20 VIIRS, and Sentinel-3B OLCI. 
The SPM retrieval is based on the OC5 algorithm proposed by Gohin [45], which estimates 
suspended particulate matter concentrations from ocean reflectance characteristics. The 
original GlobColour SPM-OC5 product has a spatial resolution of approximately 4 km. 
Daily observations were aggregated into monthly composites for comparison with STGNN-
TSS, and all datasets were transformed into a common geographic coordinate system. 
Considering the resolution difference between datasets, the 60 m STGNN-TSS maps were 
aggregated to the spatial resolution of the external products using area-weighted averaging 
before pixel-wise comparison.

The spatial distributions of the reconstructed STGNN-TSS product, the NMDIS GOCI-
derived TSS product, the NOAA VIIRS+OLCI SPM product, and the GlobColour SPM-OC5 
product are compared in Figure 11 for January and July 2020. The reconstructed STGNN-
TSS product reproduced the major spatial patterns observed in the original NMDIS GOCI-
derived TSS product and showed consistent spatial distributions with the independent 
satellite-derived SPM products.

Figure 11. Spatial comparison of the reconstructed STGNN-TSS product with the original GOCI-
derived TSS product and independent satellite-derived SPM products in 2020.
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Figure 12 presents the seasonal spatial distributions of the reconstructed STGNN-TSS 
product and the two independent satellite-derived SPM products in winter and summer 
2024. High suspended sediment concentrations were consistently observed in the Bohai 
Sea, the Yangtze River Estuary, and other nearshore regions, whereas offshore waters 
generally exhibited lower concentrations. Similar spatial gradients were captured by the 
reconstructed STGNN-TSS product and the independent SPM products, with consistent 
high-concentration regions identified in major estuaries and coastal zones.

Figure 12. Spatial comparison of the reconstructed STGNN-TSS product and independent satellite-
derived SPM products in 2024.

Pixel-wise comparisons were conducted between the reconstructed STGNN-TSS prod-
uct and two independent SPM products to evaluate their spatial consistency (Figure 13). 
Given the differences in sensor characteristics, retrieval algorithms, spatial resolutions, 
and parameter definitions among satellite-derived products, the comparison focused on 
the consistency of spatial distribution patterns rather than the equivalence of absolute 
concentration values. The Spearman rank correlation coefficient (ρ) was used to quantify 
the agreement in spatial variations.

The density scatter plots show positive monotonic relationships between the STGNN-
TSS product and both independent SPM products during winter and summer 2024. In Jan-
uary 2024, the STGNN-TSS product showed strong agreement with the NOAA VIIRS+OLCI 
SPM and GlobColour SPM-OC5 products, with Spearman correlation coefficients of 0.891 
and 0.860, respectively. In July 2024, the corresponding ρ values were 0.738 and 0.741. 
These results indicate that the STGNN-TSS product maintained consistent spatial varia-
tion characteristics with independent satellite-derived SPM products under contrasting 
seasonal conditions.
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Figure 13. Pixel-wise comparison between the reconstructed STGNN-TSS product and independent 
satellite-derived SPM products in winter and summer 2024.

3.2. Overall Spatial Distribution Pattern of TSS Along the China Coast
Monthly mean TSS distributions for the period 2016–2025 are reconstructed using 

the proposed STGNN-TSS model, from which annual mean distribution maps are derived 
(Figure 14). The reconstructed TSS fields exhibit a pronounced “high-inshore, low-offshore” 
spatial pattern along the Chinese coast. Elevated TSS concentrations are primarily dis-
tributed in estuaries, shallow tidal flats, and semi-enclosed bays, whereas offshore waters 
remain characterized by relatively low concentrations and high spatial homogeneity. This 
large-scale spatial pattern reflects the combined influence of hydrodynamic conditions, 
sediment availability, and terrestrial sediment inputs, resulting in distinct regional gradients 
in TSS distribution.

To further characterize regional differences, the study area is divided into four represen-
tative coastal regions: the Bohai Sea, Yellow Sea, East China Sea, and northern South China 
Sea (Figure 14). The multi-year mean TSS distributions for these regions are summarized 
using violin plots (Figure 15). Among the four regions, the Bohai Sea exhibits the highest 
mean TSS concentration (approximately 1.41 mg L−1 ) together with the largest variability, 
indicating pronounced spatial heterogeneity. The Yellow Sea ranks second (approximately 
1.20 mg L−1 ), with elevated concentrations occurring mainly near the Yellow River estuary 
and along the southern Jiangsu coast. The East China Sea exhibits a lower regional mean (ap-
proximately 1.00 mg L−1 ), with peak TSS concentrations concentrated around the Yangtze 
River estuary and gradually decreasing toward offshore waters. In contrast, the northern 
South China Sea exhibits the lowest mean TSS concentration (approximately 0.26 mg L−1 ), 
with elevated values largely confined to localized estuarine and nearshore areas. 
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Figure 14. Overall spatial distribution map of TSS along the coast of China. 12 regions from north to 
south were selected for zooming in to show the detailed distribution of TSS: (1) northern Bohai Sea; 
(2) western Bohai Sea; (3) southern Bohai Sea; (4) northern Yellow Sea coast; (5) northern Yellow 
Sea coast; (6) central Yellow Sea coast; (7) southern Yellow Sea coast; (8) northern East China Sea 
coast; (9) central East China Sea coast; (10) southern East China Sea coast; (11) Pearl River Estuary; 
and (12) coastal waters of the Guangxi Zhuang Autonomous Region.Yellow lines indicate sea area 
boundaries according to the “China Sea Area Division Standard”.

Figure 15. Violin plots of long-term mean total suspended solids (TSS) distributions across four 
coastal regions of China (Bohai Sea, Yellow Sea, East China Sea, and the northern South China Sea) 
during 2016–2025.

3.3. Seasonal Variability of TSS in China’s Coastal Waters
Monthly TSS retrievals for the period 2016–2025 are averaged to generate multi-year 

monthly mean distribution maps (Figure 16) and statistical boxplots (Figure 17), providing 
an overview of the seasonal variability of suspended sediments along the Chinese coast. The 
reconstructed TSS dataset reveals a pronounced seasonal cycle, characterized by elevated 
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concentrations in winter, reduced concentrations in summer, and intermediate levels during 
spring and autumn.

Figure 16. Multi-year mean monthly distributions of TSS along the coast of China ((a–l): 
January–December).

Figure 17. Monthly boxplots of total suspended solids (TSS) along the coast of China based on 
multi-year (2016–2025) mean statistics. The number next to each box represents the corresponding 
monthly mean TSS.

During spring, TSS concentrations remain at moderate levels, with high-value regions 
primarily distributed around major estuaries and shallow tidal flats. Compared with 
winter, these high-concentration areas contract slightly. In summer, TSS concentrations 
reach their annual minimum, and elevated values are largely confined to a few localized 
nearshore regions. During autumn, TSS concentrations increase gradually, with high-
concentration zones expanding along the southern Jiangsu coast and around the Yangtze 
River estuary. In winter, TSS concentrations reach their annual maximum, accompanied 
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by higher median and mean values, larger upper quartiles, and greater spatial variability, 
especially in nearshore and shallow-water environments.

The seasonal differences between summer and winter (Figure 18) further illustrate the 
spatial characteristics of TSS variability. In winter, TSS concentrations increase markedly 
throughout most nearshore waters, particularly in Bohai Bay, the Yellow River estuary, and 
along the Jiangsu coast, where continuous high-concentration belts are formed. In contrast, 
offshore waters exhibit relatively small seasonal changes, with TSS differences remaining 
close to zero over large areas. Within the Yangtze River estuary, TSS remains relatively 
stable or decreases slightly in the inner estuary, whereas pronounced increases are observed 
in the outer estuary and adjacent coastal waters.

Figure 18. Multi-year average seasonal variation in TSS along the coast of China from summer to 
winter. Five representative coastal regions were selected from north to south to illustrate the detailed 
spatial variations: (1) northern Bohai Sea; (2) southern Bohai Sea; (3) Jiangsu coastal waters; (4) 
Yangtze River Estuary; and (5) Pearl River Estuary.

The Pearl River estuary and its adjacent waters (Figure 18(5)) exhibit a distinctly 
different seasonal pattern. TSS variability within the core estuarine region remains relatively 
weak, while localized areas exhibit higher concentrations during summer owing to enhanced 
river runoff. This pattern reflects the dominant influence of riverine sediment discharge. 
During the summer flood season, abundant sediment inputs, together with freshwater 
plume expansion and water-column stratification, maintain relatively high surface TSS 
concentrations. In winter, reduced river discharge substantially limits sediment supply, and 
wind-wave-induced resuspension alone is insufficient to sustain similarly high TSS levels.

Overall, the seasonal variability of TSS exhibits pronounced regional differences that 
are generally consistent with previous studies [46–49]. Although most coastal regions 
follow a typical winter-high, summer-low pattern, regional deviations occur because of the 
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combined influences of riverine sediment input, seabed characteristics, water depth, and 
monsoon-driven hydrodynamic processes.

3.4. Interannual Variability and Long-Term Trends
3.4.1. Interannual Variability of TSS Along the Coast of China

Based on reconstructed monthly TSS data during 2016–2025, interannual variability 
and long-term evolution of suspended sediments along the Chinese coast are analyzed 
(Figure 19). To better characterize temporal changes, the study period is divided into two 
phases: 2016–2020 and 2020–2025.

Figure 19. Interannual variation patterns of TSS along the coast of China: (a) 2016–2020 and 
(b) 2020–2025. Five representative coastal regions were selected from north to south to illustrate the 
detailed spatial variations: (1) northern Bohai Sea; (2) southern Bohai Sea; (3) Jiangsu coastal waters; 
(4) Yangtze River Estuary; and (5) Pearl River Estuary.

During 2016–2020, TSS concentrations in the nearshore waters of northern China gen-
erally exhibit an increasing trend (Figure 19a), particularly in Laizhou Bay, the Yellow River 
Estuary, and the shallow coastal waters of Jiangsu Province. These regions, characterized 
by shallow bathymetry and abundant fine-grained sediments, are highly responsive to hy-
drodynamic forcing and sediment resuspension. In the Yangtze River estuary, TSS exhibits 
pronounced interannual variability with a slight increasing trend, whereas the adjacent 
offshore waters display a fan-shaped pattern of decreasing TSS extending seaward.

During 2020–2025 (Figure 19b), TSS concentrations generally exhibit a decreasing trend 
along most sections of the Chinese coast, with the most pronounced reductions occurring 
near major estuaries. Meanwhile, the regions exhibiting strong interannual variability 
gradually expand from the northern shallow seas toward the mid-latitude coastal zone, 
indicating increasing regional differences in sediment dynamics.

3.4.2. Long-Term TSS Time Series at Representative Bays and Estuaries
To investigate long-term variability under different hydrodynamic conditions, five 

representative coastal regions are selected: Laizhou Bay, the eastern Jiangsu coast, the 
Yangtze River estuary, Ningde Bay, and the Pearl River estuary (Figure 1). These regions 
represent a range of coastal environments, including semi-enclosed shallow seas, muddy 
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tidal flats, river-dominated estuaries, and subtropical coastal waters. Monthly TSS time 
series for the period 2016–2025 are reconstructed for each region (Figure 20).

Figure 20. Long-term monthly TSS time series at five representative coastal and estuarine sites along 
the Chinese coast during 2016–2025.

Laizhou Bay exhibits the largest temporal variability, characterized by pronounced sea-
sonal fluctuations and substantial interannual differences, reflecting its shallow bathymetry 
and abundant fine-grained sediments. The eastern Jiangsu coast exhibits comparatively 
stable temporal variations with distinct seasonal cycles and persistent wet–dry seasonal 
contrasts. The Yangtze River estuary displays more complex temporal behavior, driven 
by the combined influences of river discharge, tidal processes, extreme weather events, 
and human activities. Ningde Bay maintains relatively low TSS concentrations and limited 
temporal variability because of its deeper water, coarser seabed sediments, and relatively 
weak terrestrial sediment inputs, although occasional short-term increases are associated 
with typhoon events and intense precipitation. The Pearl River estuary consistently ex-
hibits low and relatively stable TSS concentrations, reflecting limited sediment supply and 
comparatively clear coastal waters.

4. Discussion
4.1. Physical and Environmental Drivers of TSS Variability

The spatiotemporal variability of total suspended solids (TSS) along the Chinese 
coast reflects the combined influence of hydrodynamic forcing, sediment characteristics, 
terrestrial sediment inputs, and anthropogenic activities operating across multiple spatial 
and temporal scales. The reconstructed TSS dataset reveals a persistent “high-inshore, 
low-offshore” spatial pattern, pronounced seasonal variability, and distinct interannual 
evolution, collectively highlighting the dominant role of coupled physical and environmental 
processes in regulating suspended sediment dynamics.

At the spatial scale, TSS distribution is primarily controlled by water depth, sediment 
properties, and local hydrodynamic conditions. Shallow nearshore waters characterized by 
fine-grained sediments exhibit relatively low critical shear stress for sediment resuspension 
and are therefore highly sensitive to wind, wave, and tidal forcing, resulting in persistently 
elevated and spatially heterogeneous TSS concentrations. In contrast, deeper offshore waters 
with coarser seabed sediments experience weaker resuspension and reduced terrestrial 
influence, leading to comparatively low and stable TSS concentrations. Regional differences 
further reflect distinct dominant forcing mechanisms. Northern shallow seas, including 
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Bohai Bay and the Jiangsu coast, are mainly influenced by wind-wave-induced sediment 
resuspension, whereas the Yangtze River estuary is primarily controlled by the interaction 
between river discharge and tidal mixing. In contrast, the southern coastal region is more 
strongly affected by seasonal precipitation, typhoon activity, and coastal circulation.

At the seasonal scale, TSS variability exhibits pronounced regional differences. In 
northern coastal waters, seasonal fluctuations are dominated by the East Asian winter mon-
soon, which enhances wind-wave resuspension during winter and produces a characteristic 
winter-high, summer-low pattern. In contrast, seasonal variability in southern estuarine 
and coastal waters is more strongly regulated by river discharge, with increased sediment 
inputs during the wet season and comparatively stable conditions during the dry season.

At the interannual scale, the transition from increasing TSS during 2016–2020 to a 
generally decreasing trend during 2020–2025 suggests the combined influence of changing 
sediment supply, hydrodynamic conditions, and human activities. Although the relative 
contributions of these factors are not explicitly quantified in this study, the coherent spatial 
patterns indicate that large-scale environmental regulation, river basin management, and 
coastal engineering projects may have contributed to the observed long-term evolution.

Beyond natural forcing, anthropogenic activities further modify suspended sediment 
dynamics. River regulation, sediment retention by reservoirs, port construction, land recla-
mation, and ecological restoration projects alter sediment supply, hydrodynamic conditions, 
and sediment transport pathways. The interaction between natural and human-induced 
processes enhances regional heterogeneity, resulting in highly dynamic TSS conditions in 
nearshore waters while maintaining comparatively stable conditions in offshore regions.

4.2. Applicability and Limitations for Large-Scale TSS Retrieval
Accurate retrieval of TSS over large spatial and temporal domains requires models 

capable of simultaneously representing spatial heterogeneity and temporal dynamics. Con-
ventional machine learning approaches based on pixel-wise assumptions or empirical 
relationships often exhibit limited transferability across regions and time, making it difficult 
to generate spatially and temporally consistent long-term TSS products.

The proposed STGNN-TSS framework addresses this limitation by jointly learning 
spatial dependencies and temporal dynamics from multitemporal satellite observations. 
The consistently high prediction accuracy achieved across different coastal regions, together 
with the coherent spatial distribution and temporal evolution of the reconstructed TSS 
dataset, demonstrates the effectiveness of the proposed framework for large-scale coastal TSS 
retrieval. More importantly, the capability to reconstruct continuous monthly TSS products 
over a ten-year period provides valuable support for long-term coastal environmental 
monitoring and change analysis.

Nevertheless, several limitations remain. First, spatial relationships are represented 
using a static graph structure based on spatial proximity and therefore do not explicitly 
incorporate dynamic hydrodynamic processes, such as tidal currents, residual circulation, 
or sediment transport pathways. Second, temporal variations in image quality and data 
availability may affect local prediction accuracy, particularly in regions frequently affected 
by cloud contamination. Finally, although the proposed framework effectively captures 
spatiotemporal patterns in TSS, it remains a data-driven model and does not explicitly 
resolve the underlying physical mechanisms governing sediment transport.

Future research will focus on integrating physical process information, such as hy-
drodynamic simulations and environmental forcing variables, into the graph learning 
framework to further improve model interpretability and prediction accuracy.

https://doi.org/10.3390/rs18213661

https://doi.org/10.3390/rs18213661


Remote Sens. 2026, 18, 3661 23 of 26

4.3. Uncertainty and Limitations
Despite the encouraging performance of the proposed framework, uncertainties remain 

in large-scale, long-term TSS reconstruction. These uncertainties primarily originate from 
satellite observations, data processing procedures, and the inherent complexity of coastal 
environments. Although the reconstructed dataset captures the major spatial patterns and 
long-term variability characteristics supported by internal evaluation and comparisons with 
independent satellite-derived products, uncertainty inevitably increases when interpreting 
localized or short-term variations. Performance is limited at high TSS concentrations, and 
estimates in this range should be interpreted cautiously.

Satellite image quality is affected by cloud contamination, atmospheric correction, 
observation geometry, and sensor noise, all of which introduce spatiotemporal inconsis-
tencies into the input data. These effects are particularly evident in low-latitude regions 
where cloud cover is persistent. In addition, large-scale image processing procedures, in-
cluding image tiling and mosaicking, may introduce minor discontinuities in regions with 
strong spatial gradients, although their influence on long-term average TSS distributions is 
generally limited.

Environmental variability also contributes to retrieval uncertainty. Episodic events, 
such as typhoons, storm surges, extreme river discharge, and short-term sediment re-
suspension, may not be fully represented by monthly composite products or multi-year 
averages. Consequently, the reconstructed dataset is more suitable for investigating regional-
scale spatial patterns and long-term temporal evolution than for interpreting individual 
short-term events.

5. Conclusions
This study proposes a Spatiotemporal Graph Neural Network for Total Suspended 

Solids (STGNN-TSS) by integrating graph attention networks with temporal sequence 
modeling. Using Sentinel-2 imagery, the proposed framework reconstructs monthly TSS 
dynamics in China’s coastal waters during 2016–2025. The main conclusions are summarized 
as follows.

(1) Model performance and capability.

The proposed STGNN-TSS framework effectively captures both spatial dependencies 
and temporal dynamics of TSS, supporting TSS retrieval across heterogeneous coastal 
environments. By jointly learning graph-based spatial representations and temporal fea-
tures, the model demonstrates the ability to capture TSS variability across the spatially 
heterogeneous coastal environments evaluated in this study.

(2) Spatiotemporal patterns of TSS.

The reconstructed TSS dataset reveals a persistent “high-inshore, low-offshore” spatial 
pattern along China’s coast, with pronounced regional differences among northern shallow 
seas, major estuarine systems, and southern coastal waters. A distinct seasonal cycle is 
identified, characterized by elevated TSS concentrations in winter and reduced concentra-
tions in summer, reflecting the combined influences of hydrodynamic forcing and riverine 
sediment inputs.

(3) Interannual variability and regional evolution.

The reconstructed TSS dataset exhibits pronounced interannual variability during 
2016–2025, with an increasing trend during 2016–2020 followed by a general decline after 
2020. The magnitude of these changes varies considerably among different coastal regions, 
with stronger variability occurring in northern shallow seas and major estuaries, whereas 
the southern offshore waters remain comparatively stable.
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Overall, the proposed STGNN-TSS framework provides an effective approach for 
large-scale, long-term TSS retrieval from satellite observations. The reconstructed TSS 
dataset offers valuable support for coastal environmental monitoring, suspended sediment 
dynamics analysis, and the sustainable management of China’s coastal ecosystems.
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