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Fault diagnosis model of Transformer network with wide convolution
local feature extension

Zhang Xinliang' Li Zhan' Zhou Yitian®
(1. Henan International Joint Laboratory of Direct Drive and Control of Intelligent Equipment, School of
Electrical Engineering and Automation, Henan Polytechnic University, Jiaozuo 454003, China;

2. Zhoushan Yangwangnaxin Technology Co. Ltd., Zhoushan 316104, China)

Abstract: The high-precision diagnosis performance of the vision Transformer network depends on adequate training
data. Using the advantage of convolutional network in extracting local features construct an extraction layer that can
describe both local and global features of faults, and improve the anti-noise diagnosis capability of the diagnostic model.
First, the convolutional network module is introduced to convert the original vibration signal into a feature vector that
can be directly received by the Transformer network to extract the local features of the fault. Then, the global
information generated by the multi-head self-attention mechanism of Transformer network is combined to construct the
feature vector that can describe both local and global features of the fault. Finally, in the prediction layer of the
Transformer network, the contribution of the feature vectors is automatically filtered using an efficient channel attention
mechanism. The fault diagnosis results on the case western reserve university (CWRU) bearing dataset show that the
improved Transformer network bearing fault diagnosis model achieves an accuracy of 90.21% under the noise
interference with a signal-to-noise ratio of —4 dB, which is a 13. 2% improvement in accuracy compared with the original
Transformer model, and shows excellent diagnostic performance in a noisy environment.

Keywords: bearing fault diagnosis; vision Transformer; wide convolution kernels; self-attention mechanism; local-global

feature; efficient channel attention
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