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Abstract: This paper addresses the problem of poor robustness of existing rolling bearing intelligent fault diagnosis
methods under the background of large noise. Based on chaos theory, it is proposed to use the phase space reconstruction
method to restore and enrich the dynamic characteristics of bearing vibration, to extract the high-level abstract features in
the chaotic sequence through the convolution neural network (CNN), and to consider the long-range correlation of the fault
signal. The low-dimensional abstract fault features are introduced into the long and short-term memory network (LSTM),
and the support vector machine (OSVM) optimized by the gray wolf algorithm is used as the classifier, and the CCNN
(Chaotic CNN)-LSTM-OSVM intelligent fault diagnosis method is proposed. The experimental results show that when
the SNR is —6 dB, the accuracy of this method is still 89.96%, which is 15.36% and 5.21% higher than the CNN-LSTM
and CCNN-LSTM methods with Softmax as the classifier respectively. In addition, the convergence speed also has a great
advantage.
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