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Transformer fault diagnosis based on hybrid feature selection and IOMA-CNN

MIN Yongzhi, LING Shiwen, WANG Guo
(School of Automation and Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: There are problems of insufficient types of dissolved gas fault features in transformer oil and a low accuracy of
diagnosis. Thus a hybrid feature selection method is proposed. The improved optical microscope algorithm (IOMA) is
used to optimize convolutional neural networks (CNN) to realize transformer fault diagnosis. First, a 30 dimensional
transformer fault candidate feature set is constructed based on the correlation ratio method, and the hybrid feature
selection method is used to determine the feature dimension of the input set through two feature selections. Secondly, a
Tent chaotic mapping, adaptive t-distribution mutation and dynamic selection strategy are introduced to improve the
optical microscope algorithm (OMA) and enhance its optimization performance. Then, the learning rate, the size and
number of convolution kernels of the CNN model are optimized using the IOMA algorithm. Finally, the IOMA-CNN
transformer fault diagnosis model is constructed and its performance is evaluated by numerical example analysis.
Experiments show that the fault diagnosis accuracy of the proposed method is 98.5%. Compared with the conventional
feature selection method, the fault diagnosis accuracy can be effectively improved by using the input features selected by
the hybrid feature selection method. Compared with other optimized diagnosis models, IOMA-CNN has higher accuracy
and better stability.
This work is supported by the National Natural Science Foundation of China (No. 62066024).
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Table 1 Fault feature candidate set

FEIE S iz FEE w5 EizLan
1 H, 16 Hy/X,
2 CH, 17 CHy/X,
3 CoH, 18 CHyX,
4 CoHs 19 CoHe/X,
5 C,H, 20 CHo/X,
6 CHy/H, 21 Ha/X,
7 CH/C,H, 2 CH4/X,
8 CH,/C,Hs 23 CHy/X,
9 C,H,/CH, 24 C,He/X:
10 C,Hy/H, 25 CHy/Xs
11 C,H/CoHg 26 Hy/X;
12 C,Hy/CoH, 27 CH./X;
13 C,Hy/H, 28 CHYX;
14 C,Hy/CoH 29 CHy/X;
15 C,Hy/H, 30 CHy/X;
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Fig. 2 Structure of transformer fault diagnosis model
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Table 2 Fault sample distribution and coding

[t e FEASH
EH 1 167
IR A 2 167
rh R A 3 164
fenli I 4 154
AR 5 162
R G 6 122
LI 7 149

WRIEEE 1 WA, B LightGBM
1 XGBoost HIE T HATRRHE AL S EE M, 4R
WK 3 Frn, BEEMIFHEOR, RS HERE 2
B FRIAE S bk s SR 145 7R o B S P & SR g
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Table 3 Importance score of fault candidate feature set

0.010
0.008
0.014
0.028
0.003
0.001
0.041
0.007
0.025
0.148
0.014
0.001
0.125
0.052

FFE  LightGBM  XGBoost [ ##fE LightGBM  XGBoost
5 EEVEPS EEMTS | RS EEMITS EEMITS

1 215 0.049 16 191

2 126 0.005 17 88

3 121 0.028 18 91

4 123 0.018 19 159

5 128 0.010 20 52

6 132 0.024 21 18

7 113 0.005 22 83

8 114 0.029 23 96

9 48 0.015 24 86

10 103 0.015 25 50

11 81 0.030 26 92

12 122 0.053 27 14

13 129 0.124 28 120

14 125 0.083 29 78

15 49 0.025 30 52

0.007
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Fig. 3 Characteristic variable importance results
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Fig. 4 Accuracy of fault diagnosis model based on

different feature dimensions
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Fig. 5 Confusion matrix of transformer fault diagnosis results
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Fig. 6 Transformer fault diagnosis results
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Table 4 Evaluation index results of LightGBM-
ICOA-CNN method
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Fig. 7 Comparison of diagnostic results of different

feature selection methods
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Table 5 Diagnostic results of different diagnostic models

[ESE HER /% Kappa R
RF 92.5 091
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CNN 94.7 0.93
GWO-CNN 95.7 0.95
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