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Distribution Network Line Fault Diagnosis Based
on Improved Graph Convolutional Neural Network

HUANG Wendong', ZHANG Yu, RUAN Qiyang, XU Zhuojia, YANG Yiru
(Guangzhou Power Supply Bureau., Guangdong Power Grid Co. , Ltd. , Guangzhou, Guangdong 510000, China)

Abstract; With the continuous expansion of power grid, the system structure becomes more and more complex, and
multiple faults occur frequently, which is the key and difficult point of fault diagnosis. In order to solve the problem of the
large amount of fault processing data and the need for fast and accurate fault diagnosis of power grid, a fault diagnosis model
of distribution network based on fuzzy optimized graph convolution neural network is proposed in this paper. Firstly, the
collected characteristic data of distribution network fault lines are processed. Secondly, a fault diagnosis model based on
graph convolutional neural network is built, and the membership function of distribution network faults is established by
fuzzy theory. Finally, the trained model is used to diagnose the distribution network faults. The simulation results show that
the accuracy of fuzzy optimized graph convolutional neural network for multi-fault diagnosis is higher than that of convolu-
tional neural network and other methods. The diagnosis results of the proposed method are more accurate and the compre-
hensive diagnosis effect is the best.
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