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Roller Bearing Fault Diagnosis Based on Wavelet Packet and CNN

XU Li", LI Ge", YU Liang", YAO Yi*
(a. School of Automation and Information Engineering; b. School of Physics and Electronic Engineering,

Sichuan University of Science & Engineering, Zigong 643000, China)

Abstract: The vibration signal of rolling bearing has strong non-stationarity, and wavelet packet ( WP) time-frequency
analysis method can effectively extract the time-frequency characteristics of non-stationary signals and have fine time-
frequency resolution. The convolutional neural network (CNN) has a strong feature learning ability which makes it better
than the fault recognition rate of shallow network. In order to diagnose the running state of rolling bearing more accurately, a
fault diagnosis method of rolling bearing based on wavelet packet and CNN is proposed. The time-frequency analysis of the
collected bearing vibration signal iscarried out using wavelet packets to obtain the time-frequency characteristics of various
types of signals. Fine-tune technology is used to fine-tuning the caffeNet model to solve the problem of training a small number
of samples to train the CNN model. Finally, a CNN model that can be used for rolling bearing fault diagnosis is obtained. The
experimental verification shows that the fault diagnosis is achieved using the combination of wavelet packet and CNN, and the
fault recognition rate reaches 99. 1% , which is higher than that of continuous wavelet transform (CWT) and short-time Fou-
rier transform ( STFT) combined with CNN. The combination of principal component analysis ( PCA) and support vector
machine (SVM) has the lowest fault recognition rate, and the recognition effect of composite faults is obviously insufficient.

Key words; rolling bearing; wavelet packet; convolutional neural network ; fault diagnosis; fine-tuning technology





