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Fig.2 Connection mode of traditional BP neural network
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Fig.3 Module of residual BP neural network
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Fig.4 Model of residual BP neural network
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Table 2 Diagnostic accuracy rates of different models
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Table 3 Diagnostic accuracy rate of different models

under small data set
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Fig.6 Diagnosis results of transformer fault types
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Fault diagnosis of transformer based on residual BP neural network
ZHAO Wenqing, YAN Hai,ZHOU Zhendong,SHAO Xugqiang
(School of Control and Computer Engineering,North China Electric Power University, Baoding 071003, China)

Abstract: The diagnostic performance of the transformer fault diagnosis method based on traditional BP
neural network tends to be saturated when the network model reaches a certain depth,so it cannot further
improve the diagnostic performance of the network model. In this case,deepening the depth of the network
model will lead to a decline in the diagnostic performance. In addition,under the condition of small sample
data, the traditional BP neural network still cannot achieve a better diagnostic accuracy. Therefore,in order
to improve the diagnostic accuracy of transformer fault diagnosis and the diagnostic performance under
small sample data,a transformer fault diagnosis method based on residual BP neural network is proposed.
The depth of BP neural network is deepened by stacking multiple residual network modules,and the identity
mapping learning of traditional BP neural network is converted into the residual learning of BP neural net-
work. At the same time,in each residual network module,the input information of the module can be trans-
mitted across layers within the module,so that the input information of each module can be better transmit-
ted to the deep network, and then a better diagnosis model can be trained under the condition of small
sample data. Experimental results show that,compared with the traditional deep BP neural network and the
traditional shallow BP neural network,the proposed method has higher diagnostic accuracy and better diag-
nostic performance under small sample data.

Key words: power transformers; fault diagnosis; residual BP neural network;identity mapping; residual net-

work module



