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[ Abstract] Considering that the single —source input of bearing fault diagnosis models and poor diagnostic performance under
variable load and noise conditions, a new model is proposed by combining the multi—scale Convolutional Neural Network and self—
attention feature fusion mechanism ( SA—MCNN) for bearing fault diagnosis. In SA-MCNN, the multi—scale information of
vibration signals is first extracted by using different convolution kernels in parallel. Then, the multi-scale features are weighted and
fused by self —attention feature fusion mechanism. Finally, the health states of bearings are distinguished according to the fused
features. The experimental results verify that compared with other fault diagnosis models, the SA-MCNN model can effectively
capture high—quality state features based on multi—scale information, and SA-MCNN can stay robust against cross—load or noise
conditions.
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Fig. 1 Self-attention mechanism
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Fig. 2 The architecture of the proposed SA-MCNN
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Fig. 3 Self-attention multi—scale feature fusion mechanism
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