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Fig.1 Structure of RBM
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Fig.3 Flowchart of DBN training
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Fig.4 Model of BR-DBN
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Fig.5 Flowchart of two training stages of BR-DBN model
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Table 1 Fault types and corresponding outputs
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Fig.6 Power transformer fault diagnosis model

based on BR-DBN
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Fig.7 Average error rate for different BR-DBN
levels and different iterations per layers
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Table 5 Comparison of average error rate among methods based
on BPNN,DBN and BR-DBN under different data sets
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Fig.8 Training time of methods based on BR-DBN
and DBN under different network layers
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Fault diagnosis of power transformer based on BR-DBN
WANG Dewen, LEI Qian
(School of Control and Computer Engineering, North China Electric Power University , Baoding 071003, China)

Abstract : The traditional DBN( Deep Belief Network) has large scale, great difficulty and long training time, which

leads to the long time of fault diagnosis. Aiming at this problem,a fault diagnosis method for power transformer based

on BR-DBN( Bayesian Regularization-Deep Belief Network ) is proposed. The Bayesian regularization is used to im-

prove the function training performance of traditional DBN, which not only maintains the network accuracy but also

quickly improves the calculation speed,so as to improve the convergence speed of the network. The experimental re-

sults show that,the generalization ability of the whole DBN enhanced by Bayesian regularization is improved , mean-

while its fault diagnosis accuracy is guaranteed.

Key words : power transformers ;fault diagnosis;deep belief network ; Bayesian regularization



