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Electrical and Thermal Fault Diagnosis of Transformer Based on KPCA -
IPOA-LSSVM
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(1. School of Electrical and Control Engineering, Liaoning Technical University, Huludao, LiaoNing 125105 China;
2. Kailuan ( Group) Co. , Ltd. , Tangshan, Hebei 063000 China)

Abstract: In order to solve the problem of low accuracy of fault diagnosis of oil-immersed transformers, a transformer fault diagnosis
method of kernel principal component analysis (KPCA) with improved pelican optimization algorithm (IPOA) optimized least squares
support vector machine (LSSVM) is proposed. Firstly, KPCA is used to extract features from multidimensional transformer fault
data, reducing computational complexity. Secondly, logistic chaotic mapping, adaptive weight strategy, and lens imaging reverse
learning strategy are introduced to improve the pelican optimization algorithm (POA). Finally, the KPCA-IPOA-LSSVM fault
diagnostic model is established, and the diagnostic accuracy is 94. 24%. Compared with the PCA-IPOA-SVM, KPCA-IPOA-SVM,
KPCA-WOA-LSSVM, and KPCA-POA-LSSVM fault diagnostic models, the accuracy is improved respectively by 18.31%,
11.53%, 11.87%, 7.46%. The results show that the transformer fault diagnosis model proposed in this paper effectively improves
the accuracy of fault diagnosis, proving that the diagnostic model has certain significance in theoretical research and practical
engineering application.
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Tab. 1 Ratio of dissolved gas data in oil

G R G FHE&E
1 H, 12 CH,/CH,
2 CH, 13 CH,/C,H,
3 C,H6 14 C,H,C,H,
4 C2H, 15 C,H,/C,H,
5 C,H, 16 C,H,/C,H,
6 TH 17 H,/TH
7 H,/CH, 18 CH,/TH
8 H,/C2H, 19 C,H,/TH
9 H,/CH, 20 C,H,/TH
10 H,/C,H, 21 C,H/TH
11 CH,/C,H,
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Fig. 1 Cumulative contributions of major components
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Fig. 2 Comparison of chaotic states
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Fig. 9 PCA-IPOA-SVM diagnostic results
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