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Fig.10 Final classification effect
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Fault diagnosis of power transformer based on SE-DenseNet

GUO Ru-yan, PENG Min-fang, CAO Zhen-qi
(College of Electrical and Information Engineering,Hunan University, Changsha 410082, China)

Abstract: Due to the limited failure data of transformer, using neural network diagnosis is prone to overfitting. In
this paper, by data enhancement of WGAN ( Wasserstein Generative Adversarial Networks) , the dissolved gas in
the transformer oil is used as the fault diagnosis parameter and the SE-DenseNet neural network model was pro-
posed. The model uses non-encoding ratio method combining with data fusion of DenseNet, feature reuse and fea-
ture map weight value calibration advantages of SE ( Squeeze-and-Excitation) module, and using exponential decay
learning rate, dropout, L, regularization, loss function Adam convergence algorithm and other optimization methods.
This paper analyzed the performance of CNN ( Convolutional Neural Network ), DenseNet and SE-DenseNet under
the same data set. The experimental results show that among the three kinds of neural networks, the SE-DenseNet
model proposed in this paper has faster convergence speed, highest accuracy and strongest generalization ability.

Key words; data enhancement; non-encoding ratio method; DenseNet; feature reuse; squeeze-and-excitation;

weight value calibration; exponential decay learning rate



