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Rolling bearing fault diagnosis based on ICNN-BiGRU
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Abstract: Deep learning-based rolling bearing fault diagnosis methods were vulnerable to environmental noise in actual use. To solve this
problem, a model ( method ) based on improved convolutional neural network-bi-directional gated recurrent unit ( ICNN-BiGRU) was
proposed. Firstly, the collected rolling bearing signals were denoised by Laplace wavelet correlation filtering method and then the filtered
vibration signals were transformed to power spectral domain. Secondly, the ICNN-BiGRU model was employed to extract the power spectrum
characteristics during the rolling bearing failure, and the dynamic selection layer (DS) and self-attention layer (SA) were introduced on the
basis of convolutional neural network to realize accurate and effective fault feature extraction and fault identification based on relevant feature
information of different bearing fault states. Finally, the effectiveness of the proposed ICNN-BiGRU model and other deep learning models
were compared with the Xi’an Jiaotong University-Changxing Sumyoung Technology ( XJTU-SY) rolling bearing accelerating life testing data
set, to verify the superiority of the ICNN-BiGRU model. The results show that the fault identification accuracy of the proposed ICNN-BiGRU
model is higher compared to other deep learning models, and the accuracy can reach 99.65% . Under the interference of different background
noises, compared with other deep learning models, the feature learning ability of the ICNN-BiGRU model is stronger, and have a certain
engineering reference value.

Key words: deep learning model; feature learning ability; improved convolutional neural network (ICNN) ; bi-directional gated recurrent

unit ( BiGRU) ; Laplace wavelet; dynamic selection(DS) ; self-attention( SA)
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