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Abstract: Aiming at the problem that the transformer fault diagnosis method of a single sensor cannot fully extract the feature information,
which leads to low fault diagnosis accuracy, this paper proposes a transformer fault diagnosis method MDF-BSRNet based on the
combination of multi-sensor data fusion (MDF) and bi-scalar residual network ( BSRNet). First, an MDF method is constructed to fuse the
acoustic signals collected from multiple sensors and generate a 3D pixel matrix to capture the contained low-dimensional features from the
high-dimensional features of the nonlinear data and improve the feature extraction capability. Second, an intelligent fault diagnosis method
for BSRNet is proposed to improve the fault diagnosis capability by learning the deep and shallow features in the 3D matrix and capturing the
fault features in different spatial dimensions. Finally, the effectiveness of the proposed method is verified by the actual collected data of
transformer vowels. The results show that the fault identification accuracy of the proposed method is 97. 75% , which is superior to other
deep learning methods, and has important significance for the research of multi-sensor vowels data fusion in the fault diagnosis of
transformers in practical engineering.
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Fig. 1 Residual block structure diagram
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Fig. 5 Training accuracy rates of each method
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