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Transformer Fault Diagnosis Method Based on the Fusion of Improved Neural
Network and Ratio Method

LI Ping, HU Genming

(School of Electrical and Information Engineering, Anhui University of Science and Technology, Huainan 232001, China)

Abstract: In order to improve the accuracy of transformer fault diagnosis with single neural network method, a
transformer fault diagnosis method based on the fusion of improved neural network and ratio method is proposed. To
solve the problem of adaptation between the deep one-dimensional convolution neural network (1D-CNN) and
transformer dissolved gas data, an improved 1D-CNN is built as the basic classifier of fusion classification method. A
fusion classification module (FCM) is suggested to identify in advance the samples that can potentially be misclassified
by the network and switch to the traditional ratio method for individual data analysis. This aims to enhance the application
performance of neural networks in transformer fault diagnosis. The simulation study is given to verify the operability and
adaptability of the proposed method. The results show that, compared with conventional one-dimensional convolutional
neural network and recurrent neural network, the improved 1D-CNN performs better as a basic classifier. FCM can
improve the performance of basic classifiers under different data sets, and the improvement effect is more stable for basic
classifiers with initial accuracy higher than 95%.

Key words: one-dimensional convolutional neural network; fusion classification method; ratio method; transformer fault
diagnosis; dissolved gas
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Fig.1 Schematic diagram of traditional 1D-CNN
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Fig.2 Structure of improved 1D-CNN
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Fig.3 Training process of improved 1D-CNN
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Fig.4 Schematic diagram of Softmax function
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Fig.5 The concrete structure of FCM
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Fig.7 The overall process of the proposed method
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Table 2 Fault diagnosis results of different basic classifiers

Vg ITE S Pt A% EUN!
RNN 0.8968 0.5971

%S 1D-CNN 0.9365 0.3596
ik 1D-CNN 0.9603 0.2210

RNN 0.8571 0.6032

WAE 1D-CNN 0.8730 0.4782
ik 1D-CNN 0.9286 0.3226

# 3 FCM fEA[FIBEA 73 e85 Hh 1 ML RER I

Table 3 Performance of FCM in basic classifiers

o S -
JE A H B hEveiay

RNN 0.8571 0.8889

Rl oy H AR 1D-CNN 0.8730 0.9127
Bk 1D-CNN 0.9286 0.9524

RNN 0.8968 0.9126

44y FCM 1D-CNN 0.8754 0.9286
ik 1D-CNN 0.9444 0.9682

R4 FCM XA 7 KR AR

Table 4 Optimization effect of FCM on each classifier
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o Wi R
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RNN 22 18 13 08571 00397
ey IDCNN 23 16 16 08730 00024
R 12 9 7 09286 00158
1D-CNN
RNN 21 17 12 08651 00397
ID-CNN 22 15 11 08809 00318
1008 T
- 9 7 5 09444 00158
1D-CNN
RNN 19 16 12 08730 00318
ID-CNN 15 11 10 09127 00079
1s12
- 7 6 4 09524 00158
1D-CNN
RNN 18 14 11 08889 00237
ID-CNN 14 11 9 09127 00158
o6
- 6 4 09524 00158
1D-CNN
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Fig.8 The optimization results of FCM under various

conditions
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