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Power Transformer Fault Diagnose Based on Supervised Adaptive Kernel Entropy
Component Analysis Feature Extraction

PENG Liwei, ZHANG Bide, KONG Lingyu, MEI Ting
(School of Electrical and Electronic Information, Xihua University, Chengdu 610039, China)

Abstract: Kernel entropy component analysis (KECA) method have shown unique advantages for removing redundant
information and adjusting nonlinear structure of input data. In view of the difficulty of effective feature extraction in
power transformer fault diagnosis, the tedious selection of core parameters in KECA and the neglect of sample type in-
formation, etc, a novel feature extraction method base on the optimization learning of feature extraction is proposed in
this paper, it is used to extract sensitive feature of power transformer. Firstly, various state samples are collected, and
then a data-dependent kernel function is build by considering sample class information. Secondly, based on cosine simi-
larity, the parameters representing the class information in kernel function are optimized to minimize the similarity be-
tween classes and maximize the similarity within classes; Then the optimized kernel function and kernel entropy com-
ponent analysis are combined to form a supervised adaptive kernel entropy component analysis (SAKECA )feature ex-
traction method, and the sensitive features which can effectively represent the state of power transformer are extracted
from the original feature quantity by using this method; Finally, the extracted features are taken as the input of KELM
to set up transformer fault diagnosis model. Compared with common feature extraction methods, the results show that
the proposed method has good feature extraction effect and can effectively improve the accuracy of fault diagnosis.
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Table 2 Input features of traditional DGA methods
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Table 3 Feature set of power transformer
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Fig. 1 Flow chart of fault diagnosis
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Table 5 Number of principals and cumulative

contribution rate
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Table 6 Divisible parameter case on different feature
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