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Fault Diagnosis Method of Rolling Bearing Based on Dropout-CNN
ZHANG Wenfeng,ZHOU Jun

(School of Mechanical and Automotive Engineering,Shanghai University of Engineering Science, shanghai 201620, China)

Abstract; Aiming at the difficulty of the rolling bearing fault feature extraction and the low accuracy of the traditional
fault diagnosis method, an improved convolution neural network ( Dropout-CNN) structure based on Dropout was
proposed to realize the fault diagnosis of rolling bearing directly from end to end without extracting the fault features of
rolling bearing vibration signals in advance. The vibration signal was used as the monitoring signal and the frequency
spectrum of the vibration signal was generated by Fourier transform. The fault feature and fault identification can be
automatically completed by using the powerful feature extraction capability of the convolutional neural network. The
experimental results show that the average diagnostic accuracy of this method is as high as 99.5% . It realizes adaptive
fault feature extraction and fault state identification of different fault types of rolling bearings under a great quantity of
samples.
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neural network
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