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Tab.2 Ratio of characteristic gas

®3 HEXATESRAFERLE
Tab.3 DGA sample data
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Fig.1 Fault classification accuracy under different feature set
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Feature selection for transformer fault diagnosis based on maximal
relevance and minimal redundancy criterion

GU Chao', YANG Yi', ZHANG Xiao-xing”, JIN Miao>, ZHOU Si-yuan
(1. Electric Power Research Institute of Shandong Power Supply Company of State Grid, Ji’ nan 250002, China;
2. School of Electrical Engineering, Wuhan University, Wuhan 430072, China)

Abstract: The power transformer oil dissolved gas analysis (DGA) is widely applied in the transformer fault diag-
nosis, and the artificial intelligent diagnosis method based on DGA has high data recognition rate in the field of
transformer fault diagnosis. However this intelligent method has no unified standard in transformer fault selection.
This paper tries to introduce the maximal relevance and minimal redundancy (mRMR) algorithm on the basis of the
principle of mutual information. Based on the DGA on-line monitoring data, the mRMR get the optimal features set
through analyzing the relationship between the features and the relationship between the features and the fault types.
The SVM classifier is employed to compare the fault diagnostic effect with original feature set and the optimized fea-
ture set. Finally, compared with the SVM classification and the IEC recommended three ratio classification meth-
ods, the proposed fault diagnosis accuracy is superior to the traditional fault diagnosis method and recognition speed
is faster than the intelligent diagnosis method, and this method is more suitable for engineering application on site.
Key words: power transformer; fault diagnosis; dissolved gas analysis ( DGA ) ; maximal relevance and minimal

redundancy (mRMR)





