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Abstract: The convolutional neural network does not work well in learning the key fault
characteristics affecting the accuracy of bearing fault diagnosis. To address this problem, this
paper proposes an adaptive anti-noise model using the convolutional neural network based on a
multi-attention mechanism (MACNN). The model uses the channel-time composite attention
mechanism to optimize the learning mechanism so as to suppress the influence of noise and
irrelevant signal components from different aspects and adaptively enhance the fault features. In
addition, residual connection is introduced in this module to prevent network performance
degradation. The multi-scale feature extraction method is used to extract the features from
different scales and adaptively fuse them by the channel attention mechanism. Finally, a classifier
is applied for rolling bearing fault diagnosis. According to the experimental results the accuracy
of the proposed model is increased by 22.12% on average compared with the model without an

attention mechanism. The recognition accuracy of the model is above 98.5% in all noise
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backgrounds, which verifies its adaptive anti-noise ability. In the cross-load experiment, the

accuracy of the model is above 88%. Compared with other methods, MACNN has better anti-

noise performance and stability.

Keywords: bearing fault diagnosis; adaptive antinoise; convolutional neural network; attention

mechanism
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Fig. 1 Convolutional neural network
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Fig. 2 Channel attention mechanism
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