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Rainfall-runoff simulation and prediction in middle and upper reaches of
Tingjiang River Basin based on Ia-LSTM model
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Spatial Data Mining and Information Sharing of Ministry of Education, Fuzhou University, Fuzhou 350108, China)

Abstract: [Objective] This study aims to construct a runoff prediction model integrating physical mechanisms
and data-driven advantages to enhance the physical interpretability and simulation robustness of flood prediction,
thereby providing technical references for watershed flood early warning and disaster prevention and mitigation.
[Methods] Taking the middle and upper reaches of the Tingjiang River Basin as the study area, the HEC-HMS
hydrological model was employed to conduct refined simulations of individual heavy rainfall events. The spatial
heterogeneity of the initial loss parameter (Ia) and its regulatory role in runoff generation mechanisms were
systematically analyzed. la was then incorporated as a key physical parameter into the input layer of LSTM,
establishing an Ia-LLSTM coupled prediction model. [Results] (1) HEC-HMS-optimized Ia values effectively
characterized the physical mechanisms of rainfall-runoff in the river basin. Significant spatial differences in Ia were
observed across sub-basins during different individual events, and its values were jointly controlled by multiple

synergistic factors. (2) The HEC-HMS physical hydrological model demonstrated reliable performance in peak
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capture and peak timing synchronization, while the LSTM data-driven model exhibited superior trend fitting

capabilities for the overall runoff process, reflecting complementary strengths between physical and data models

across different dimensions. (3) The Ta-LLSTM model significantly enhanced the robustness of short- to medium-

term rainfall-runoff prediction. Its performance degradation with extended lead times was substantially smaller than
that of the LSTM and BOLSTM models. The NSE for a 12-hour lead time remained at 0.71, with an overall

NSE of 0.849. [ Conclusion] Embedding the physical parameter Ia of runofl generation and concentration into

LSTM effectively enhances the capability of data-driven models to represent rainfall-runoff physical mechanisms.

The Ta-LSTM model improves short- to medium-term prediction robustness while significantly mitigating

performance degradation associated with lead time extension.
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Table 3 Evaluation indicator coefficients of HEC-HMS and LSTM simulation performance
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Fig.4 Comparison of HEC-HMS and LSTM simulation performance for F,,, F,;, and F,; individual heavy rainfall events
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Table 4 Prediction evaluation indicator for each model under different lead times
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Fig. 5 Scatter plots of prediction performance under different lead times for each model
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Fig. 6 Comparison of prediction performance of each model for F,, heavy rainfall event under different lead times
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Table 6 Statistical values of overall evaluation indicators for each model
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BOLSTM 0.828 0.134 169.110 156.016 1.472 1.576 1.036 0.994
la—LSTM 0.849 0.126 136.838 126.033 1.25 1.1301 1.404 1.182
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