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A transformer fault diagnosis method based on multiscale 1IDCNN
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Abstract: In order to improve the diagnostic accuracy of transformer fault, a transformer fault diagnosis method based on
the multi-scale convolutional neural network model is proposed. Firstly, two multi-scale convolutional modules are
designed on the basis of the IDCNN structure, and the overall structure of the transformer fault identification model is
constructed. Secondly, to handle the problem of less sample features, the feature expansion method based on the ratio
method is adopted to enhance the sample features from 5 dimensions to 25 dimensions. To solve the small sample size of
faults and uneven distribution of sample numbers between faults, a sample number enhancement method based on
adversarial generation network is adopted, and a large number of simulated samples are generated. Finally, the modified
dataset was used to train and test the designed model. The results show that the average accuracy of the model is 93.24%,
and the model performs well compared with the relevant mainstream methods under different datasets.
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Table 1 Parameters of the multi-scale IDCNN
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Table 3 Coding information of fault types
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Figure 7 Recognition accuracy of the four models
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