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Application of convolutional neural network and kurtosis
in fault diagnosis of rolling bearing

LI Jun, LIU Yongbao, YU Youhong

(College of Power Engineering.,
Naval University of Engineering, Wuhan 430032, China)

Abstract: Traditional intelligent diagnosis method relying much on expert knowledge
and manual extraction data features takes a lot of work. Based on the advantages of deep
learning in feature extraction and processing of big data, a method of rolling bearing fault di-
agnosis based on convolution neural network and kurtosis was studied. This method was
used to analyse four kinds of vibration signal of the normal state, the inner race fault, the
outer race fault and the ball fault. The vibration signal was processed in segments to obtain
kurtosis, which was converted into gray images by data-to-image method. Finally, these
were fed into convolution neural network model to complete rolling bearing fault classifica-
tion. In the case of rolling bearing fault diagnosis, the improved model had a diagnostic accu-
racy of 99.5%, which was higher than 95.8% of the traditional support vector machine
(SVM) algorithm.
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Fig. 2 Convolutional neural network structure
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in different convolutional layers
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Table 3 Select model experiment results for

different optimizers
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Table 4 Experimental results for different batches

of samples
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Table 5 Convolutional neural network model parameters
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and loss function value curve
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Table 6 Comparative experimental results of
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