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Fig.1 AE structure
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Table 1 Transformer operation status code
RELEK 5 RE Y
EH N (1,0,0,0,0,0,0)
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o i B4 13
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Fig.2 The basic structure of transformer
fault diagnosis model
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Fig.3 Transformer fault diagnosis process
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Table 2 Fault sample statistics
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Fig.4 Influence of the number of hidden layer
neurons on network performance
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Fig.5 Influence of Gaussian white
noise on model accuracy
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Table 3 Diagnostic results of different methods
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Fig.6 Confusion matrix of each model
on transformer data set
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prostate cancer grade groups from MRI images using texture

Transformer fault diagnosis method based on Focal loss SSDAE
WU Tianfu, LIU Zheng, WANG Zhiqiang, LI Jinsong, LI Guofeng
(School of Electrical Engineering, Dalian University of Technology , Dalian 116024, China)

Abstract: It is of great practical significance to study the fault diagnosis of transformers for safe and stable operation in power
systems. The traditional transformer fault diagnosis method with dissolved gas characteristics in oil as input has a large limitation
in dealing with sample imbalance data. To address this problem, a transformer fault diagnosis method based on Focal loss-
stacked sparse denosiing auto-encoder (SSDAE) is proposed. The method is used to determine hyperparameters by category
weights and adds Gaussian white noise as the original input,which facilitates the self-encoder to fully extract effective features,
and thus obtaining an effective deep feature extraction model. The Focal loss function is used to optimize the model and a
Softmax classifier is used to output the diagnosis results. The results of the case study show that compared with traditional
transformer fault diagnosis methods such as three-ratio method, back propagation neural network ( BPNN) and support vector
machine (SVM) method,the method in this paper further improves the diagnosis accuracy.

Keywords : transformer; fault diagnosis; stack sparse denoising auto-encoder ( SSDAE ) ; Sofimax classifier; Focal loss; cate-

gory weight
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