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Intelligent simulation method of runoff process based on spatiotemporal feature mining

ZHU Yuelong, ZHAO Qun, YU Yufeng, WAN Dingsheng
( College of Computer and Information, Hohai University, Nanjing 211100, China)

Abstract: To reduce the serious consequences of flood disaster events, the river discharge should be predicted timely and accurately to
provide decision support for the flood forecasting. In this study, an intelligent simulation method of runoff process based on the
spatiotemporal feature mining was proposed. Firstly, the topological diagram of hydrological stations was established from the spatial
point of view. Then, this study proposed a novel framework that incorporated the graph convolutional networks (GCN) for mining the
spatial feature. The gated recurrent unit was adopted to capture temporal features for the hydrological prediction. The experimental
results show that the intelligent hydrological forecasting model based on the spatiotemporal feature mining is better than other models
with single feature.
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Fig.2 Spatial feature extraction
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Fig.5 Runoff prediction results of Waizhou Station in 3-hour forecast period with different models
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Table 1 Comparison of prediction results of different models

WEME R ¥R
LI/ h
SVM LSTM GRU GS-Hydro SVM LSTM GRU GS-Hydro
1 0.86 0.92 0.93 0.96 128. 45 92.66 92.73 72.34
2 0.83 0.92 0.91 0.95 135.49 101.23 98.54 81.67
3 0.82 0.90 0.92 0.95 161.04 104.76 103.71 87.71
4 0.80 0.89 0.90 0.93 176.47 112.23 105.85 103.72
5 0.78 0.88 0.88 0.91 192.31 128.72 126. 84 117.13
6 0.76 0.82 0.84 0.89 199.83 132.66 130.98 121.32
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