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Recognition of unknown partial discharge signals based on sample-weighted FCM clustering
JIA Yafei'? ZHU Yongli' ,GAO Jiacheng' , YUAN Bo’
(1. State Key Laboratory of Alternate Electrical Power System with Renewable Energy Sources,
North China Electric Power University , Baoding 071003 China;2. Xiongan New Area
Electric Power Supply Company, State Grid Hebei Electric Power Supply Co., Ltd. ,Xiongan New Area 071800, China;

3. Economic and Technology Research Institute, State Grid Hebei Electric Power Company , Shijiazhuang 050000, China)
Abstract : In the power transformers’ PD ( Partial Discharge) signals to be identified , there may be samples belonging
to unknown types, to solve this problem,a recognition method of unknown PD signals based on sample-weighted FCM
(Fuzzy C-Means) clustering is proposed. The PD signals of known types are clustered by FCM clustering to deter-
mine the clustering centers of known types. The PD signal sample weights of known types and the signals to be iden-
tified are calculated respectively, and the adaptive thresholds of sample weights are determined by Otsu criterion.
Then , the weights of the PD signals to be identified are compared with the determined thresholds to judge whether
they belong to known PD types. The PD signals which belong to known types are classified by SVM ( Support Vector
Machine ) and the PD signals of unknown types are artificially analyzed and judged. The PD signals under laboratory
conditions are analyzed by the proposed method and experimental results show that the proposed method can effec-
tively recognize the PD signals with unknown types from the PD signals to be identified.

Key words : power transformers ; partial discharge ; pattern recognition ;unknown sample ; sample-weighted ; FCM clus-
tering ; Otsu criterion ; support vector machines
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Fig.A1 Flowchart of recognition method for unknown partial discharge signal types based on sample weighting FCM clustering
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Fig.A2 Four types of partial discharge model
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