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Power transformer fault classifying model based on deep belief network

SHI Xin', ZHU Yongli', SA Churila', WANG Liuwang', SUN Gang’
(1. School of Control and Computer Engineering, North China Electric Power University, Baoding 071003, China;
2. State Grid Corporation of China, Beijing 100031, China)

Abstract: Based on deep belief network (DBN), a deep belief network classifier (DBNC) model is built. Analysis and
typical data set validate the classification performance of it. Combining power transformer dissolved gas-in-oil analysis
(DGA) data, a new transformer fault classification method, which is based on DBNC, is proposed initially. The approach
uses the results of DGA as the necessary attributes to classify power transformer’s fault types. The proposed method is
tested, which shows that it is suitable for power transformer fault classification. It has strong ability to extract features
from samples, and has error-tolerance capability. Test results also show that the performance of the proposed approach

prevails that of back propagation neural network (BPNN) and support vector machine (SVM) methods.
This work is supported by Natural Science Foundation of Hebei Province (No. E2009001392).
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Table 2 Transformer status codes
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Fig. 3 Transformer fault classification model based on DBNC
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Table 3 Transformer fault classification case on the

different pre-training sets

5 Tl g GRS Pl IEHI%/%
1 100 240 60 78.35
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Table 4 Transformer fault classification case based on BPNN
and SVM on the different training sets
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