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Abstract

In the traditional method of predicting runoff values, because the runoff sequence has very com-
plex nonlinear characteristics, it is impossible to fully extract and predict the runoff values. In this
paper, a model based on LSTM (Long Short-Term Memory Network) and attention mechanism is
proposed to predict runoff values. The model takes into account the effects of rainfall and upstream
hydrological station runoff values on the runoff values in the target area, and adds distance effects
to each influencing factor by adding attention mechanisms. Taking the runoff value data of
Wutonggiao District in Leshan City, Sichuan Province as an example, the predicted and true values
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of the runoff value in 2015 are compared. The verification results show that the LSTM model with
the addition of attention mechanism has the characteristics of small error and high accuracy,
which can significantly improve the ability to predict runoff values.
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Figure 1. Lstm cell diagram
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Figure 2. Process diagram
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Figure 3. Attention mechanism module
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Table 1. Rainfall station
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Table 2. Hydrometric station
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Figure 4. Loss curve, in which the network gets the optimal parameters 300 rounds ago
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Table 3. NSE evaluation form
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Table 4. NSE value comparison before and after adding attention mechanism
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Figure 5. Comparison chart of predicted value and real value
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Table 5. NSE value comparison between the model and other models
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