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Fig.1 Hidden layer unit structure of GRU
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Fig.2 Network architecture
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Fig.3 Monthly failure statistics trend
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Fig.5 Conditional entropy under different days
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Tab.2 The distance correlation of meteorological factors
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A Method for Predicting the Number of Faults in Distribution Network
Based on GRU Neural Network

GAO Jinfeng', PANG Hao', DU Yaoheng’

(1.Industrial Technology Research Institute, Zhengzhou University, Zhengzhou 450001, China; 2. State Grid Yantai Power
Supply Company, Yantai 264000, China)

Abstract; The number of faults in distribution network was a direct impact on the operation and maintenance
of distribution network and the user’s power consumption experience. At present, there were few stadies on the
prediction of the number of faults in distribution network. To measure the historical dependence of distribution
network fault magnitude, the optimal feature subset was selected by using the distance correlation coefficient to
investigate the correlation of many meteorological features. Finally, the GRU neural network was trained to pre-
dict the fault magnitude of distribution network accurately. The results proved the feasibility of this method.

Key words: number of faults in distribution network; RNN; GRU neural network ; historical dependence; rel-

evance



