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Fig. 1

General situation of the Tangnaihai station
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Fig. 2 Technical roadmap of this study
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Fig. 3  Time series of simulated river flow from different statistical methods and in—situ measurements during 2013—2024
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Fig. 4 Fitting plots of simulated and observed river flow based on four statistical methods during the testing period May 2023 to April 2024
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Fig. 5 Radar charts of performance metrics based on four statistical models
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Fig. 6 Time series graph of simulated river flow from different machine learning methods and in-situ measurements during 2013—2024
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Abstract: River discharge is a pivotal variable within the hydrological cycle, holding significant importance for flood warning, water
resource allocation, and eco-environmental management. Traditional ground-based methods are limited by the sparse distribution of stations
and the high cost of data acquisition, particularly in areas with complex terrains or remote regions, making it difficult to meet the demands of
precise water resource management. Satellite remote sensing technology offers extensive coverage and high spatiotemporal resolution,
providing new data sources and methodologies for river discharge monitoring. Machine Learning (ML) approaches can accurately simulate
complex relationships between river discharge and multiple driving factors, offering novel avenues for processing intricate hydrological data
and optimizing models. Integrating ML algorithms with remote sensing and in-situ river discharge can provide an innovative measure for
efficient and reliable river discharge monitoring.

This study selected the Tangnaihai Hydrometry Station as the research area and proposed a river discharge monitoring method by
integrating satellite remote sensing and ML methods. Sentinel-2 imagery was utilized to extract river water surface width on the basis of the
Google Earth Engine cloud platform. Five GLDAS v2.2 model-simulated variables, namely, evapotranspiration, soil moisture, temperature,
terrestrial water storage, and runoff, served as predictor variables. Discharge monitoring models were subsequently developed on the basis of
four statistical methods (linear, power, exponential, and polynomial functions) and four ML algorithms (XGBoost, random forest,
LightGBM, and CatBoost). The discrepancies among different models were assessed, and the shapley additive explanation (SHAP) method
was employed to quantify the importance of different input variables.

Results indicated that the polynomial function model demonstrated superior performance over the other three statistical models during
the testing period, with a coefficient of determination (R*) of 0.67, and its error metrics (mean absolute error [MAE]: 319.01 m%/s, root-mean-
square error [RMSE]: 393.14 m*/s) were lower than those of the other three models. Compared with the traditional statistical approaches, the
ML models exhibited significant improvements overall in simulation accuracy and stability; the R increased by 46.15%, while the RMSE
and MAE decreased by 54.61% and 55.65, respectively. Notably, the random forest model achieved the optimal performance in the testing
phase, with an R? of 0.96, a Nash-Sutcliffe efficiency coefficient of 0.89, an RMSE of 172.81 m®/s, and a MAE of 147.33 m’/s, reflecting
robust generalization capability and stability. SHAP analysis revealed that water surface width contributed most significantly to the
discharge monitoring model (189.02), followed by soil moisture (145.11) and temperature (97.41). The runoff variable exhibited the
minimum degree of influence on the river discharge monitoring model with a value of 14.14%.

This study confirms the feasibility and superiority of integrating satellite remote sensing and ML approaches for high-accuracy
discharge estimation in regions characterized by complex topography and data scarcity. Future work could be optimized by integrating
higher-resolution satellite imagery and mechanistic models with physical processes.

Key words: satellite remote sensing, machine learning, statistical models, SHAP method, discharge monitoring, Tangnaihai Hydrometry
Station
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