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Runoff simulation using spatio-temporal graph neural networks incorporating rain gauge
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Abstract: Runoff simulation and forecasting play a critical role in watershed flood hazard mitigation and the optimal allocation of
regional water resources. The structural heterogeneity of precipitation inputs is a core factor governing the accuracy and reliability of
these hydrological processes. As the primary ground-based source of precipitation observations, rain gauges can substantially improve
the accuracy of rainfall-runoff modeling when deployed with reasonable density and spatial distribution. This study develops a
spatiotemporal graph neural network framework that integrates Long Short-Term Memory (LSTM) and Graph Neural Network (GNN)
algorithms, enabling the joint capture of temporal dynamics of hydrological variables and spatial topological relationships among

monitoring stations for watershed runoff simulation. In addition, multiple mean areal precipitation (MAP) estimation methods are
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employed to systematically evaluate the effects of rain gauge density and spatial distribution on model performance. The results
indicate that: (1) Four density distribution scenarios are established based on clustered rain gauge samples, corresponding to 100%,
72.22%, 50%, and 27.78% of the full monitoring network, respectively. All four scenarios achieve average Nash-Sutcliffe efficiency
(NSE) values greater than 0.93. Specifically, Distribution 3 exhibits the optimal runoff simulation performance under both hi gh-flow
and low-flow conditions, with NSE = 0.967, mean absolute error (MAE) = 175.5 m?/s, relative bias (BIAS) = 0.01, and coefficient of
determination (R?) = 0.98. (2) Among all adopted MAP estimation methods, the clustering weight method delivers the most robust
simulation results, yielding the highest NSE value, a relatively low MAE, and a BIAS value closest to zero. Moreover, Distribution 3
maintains the best performance with minimum simulation errors and biases. The collaborative optimization of rain gauge network
configuration and MAP estimation methods can effectively improve the efficiency, adaptability, and simulation accuracy of runoff
simulation models, providing a reliable scientific basis for operational hydrological forecasting.
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Fig.1 Flowchart of catchment runoff simulation using the spatio-temporal graph neural networks
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Fig. 2 Distribution map of the hydrological and rain gauge stations in the Ganjiang River Basin
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Tab.2 Runoff simulation performances under different rain gauge distributions
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