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Research on fault classification of high ratio new energy access distribution network
based on deep convolutional gated neural network

XU Yu, YANG Pengjie, LI Lei
(Kunming Power Supply Bureau of Yunnan Power Grid Co., Ltd., Kunming 650011, China)

Abstract: A high proportion new energy access distribution network fault classification method based on deep
convolutional gated neural networks is proposed. Firstly, the time-frequency energy spectrum of zero sequence
current in the distribution network is extracted through wavelet packet transform features, and the sequence is
normalized as input data for the model; Secondly, deep convolutional gated neural networks are applied to fault
classification in distribution networks, integrating convolutional neural networks and gated recurrent networks to
extract fault feature data of new energy distribution networks. Attention mechanisms are introduced to improve
network training efficiency and accuracy. Softmax classifiers are used for fault classification, forming a high
proportion new energy access distribution network fault classification model, mapping the relationship between
input zero sequence current and output fault categories; Finally, simulation results show that the proposed method
has the advantages of fast classification speed and high accuracy for different fault locations and transition resistors,

and has good application prospects in distribution networks with high proportion of new energy access.
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Fig. 2 Gate control loop unit structure
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Fig. 6 Distribution network model
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Tab. 3 Classification accuracy of different fault points
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ABC 99.59 99.39 99.73
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Tab. 4 Accuracy of fault classification using different methods
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Tab. 7 Comparison of results of different methods under high

resistance ground fault
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50 98.56 90.72 86.47
60 99.03 90.11 86.78
70 98.99 89.73 85.52
80 98.67 89.67 86.98
90 99.15 90.34 86.74
100 99.25 89.79 86.48
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