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Bearing fault diagnosis based on attention for multi—scale

convolutional neural network

ZHANG Xi—jun, SHANG lJi-yang, YU Guang-jie, HAO Jun
(School of Computer and Communication ,Lanzhou University of Technology, Lanzhou 730050, China)

Abstract: Aiming at the problem of low accuracy of bearing fault diagnosis based on convolution neural
network in noisy environment, a multi-scale convolution neural network anti-noise model (MACNN)
with channel attention was proposed. When extracting features of different scales, the model adaptively
selected channels containing fault features by using channel attention to improve the anti—noise ability of the
model and suppressed the influence of noise; In addition, the one—dimensional convolution of adaptive size
was used to adjust the channel weights of features of different scales, and the features of different scales
were adaptively fused; Finally, feature classification is carried out through full connection layer.
Experimental results on two bearing datasets show that MACNN has better fault diagnosis ability than
other methods under noise interference with different signal-to—noise ratios.
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Fig. 6 Visualization of model training process
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Table 3 Comparison of different methods under noise

Wik —5dB —3dB —1dB 1dB
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