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Abstract

The results of medium and long-term runoff forecast are very important for medium and long-term
power generation planning. In order to improve the accuracy of medium and long-term runoff forecast, a
forecast method combining meteorological factors with BP neural network is proposed. Firstly, the key
factors affecting the medium and long-term inflow are obtained by partial mutual information method,
and the related factors affecting runoff are analyzed by fuzzy clustering method. Finally, the BP neural
network is used to predict the medium and long-term daily average runoff with the clustering factors as
input. Taking Fengtan reservoir in Hunan Province as an example, the prediction results show that: 1)
The prediction effect of BP neural network prediction model is better than that of support vector basis
and time series prediction model; 2) The runoff prediction considering meteorological factors is better
than that without meteorological similarity; 3) The runoff prediction effect of combining meteorological
similarity and BP neural network is better, and the prediction accuracy is in the third above grade.
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Table 1. Candidate factors affecting long-term runoff process change
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Table 2. Final selection results of input variables by partial mutual information method in this calculation
2. REBREMNMATENREHEER

B B 7 Lot B4R iR ¥ Lo it E 4
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Table 3. Optimal weight of each eigenvalue
= 3. S LERNE

e p Pe t R
FIKI 0.32 0.27 0.22 0.19
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Table 4. Comparison between the prediction results of each model and the actual situation
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Figure 1. (a) Forecast results of wet season; (b) Forecast results of
normal water period; (c) Forecast results in low water period
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Table 5. Prediction results of A;, A;, A; BP before and after clustering
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A, 8.24% 2.12% 16.79% 5.72% 1.47% 11.63%
As 1.78% 0.45% 9.71% 1.48% 0.38% 7.76%
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Table 6. Qualified rate and certainty coefficient of BP prediction results before and after clustering
2 6. BAHIE BP MNEREBEEWERRY

i FKH AR Hi K39
iR L e S LS ey T sE 1k R H
T BP 80% 0.86 86.67% 0.89 86.67% 0.90
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