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Fault diagnosis of motor bearings based on SVM and PSO

LI Yuanyuan, YUAN Mei, WANG Yao., CHENG Anyu
(School of Automation, Chongqing University of Posts and Telecommunications,
Chongqing 400065, P.R.China)

Abstract: A fault diagnosis method for motor bearings based on support vector machine (SVM) and particle
swarm optimization (PSO) is proposed. The characteristic of the vibration signal is characterized by the
time-domain and the wavelet packet energy characteristics, which makes the characteristic of the vibration
signal has good reliability and sensitivity and improves the accuracy of fault diagnosis. The PSO algorithm
is used to optimize the parameters of the penalty parameter and the radial basis kernel function of SVM,
and compared with other parameter-optimization algorithms. Experimental results show that the proposed
bearing fault diagnosis method has a very good effect not only on the recognition of motor bearing outer
race fault, inner race fault and ball fault, but also on the severity differentiation of every kind of fault. It
has strong practicability.
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Fig.1 Energy distribution for the same severity of different faults
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Table 1 SVM fault diagnosis based on time-domain features
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Table 2 SVM fault diagnosis based on time-domain features
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Table 3 PSO-SVM fault diagnosis combining time-domain and wavelet packet energy features
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Table 4 Comparison of algorithm optimization performance
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Table 5 Classification index of different classifiers
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BP 44.62 93.33
DBN 241.32 85.00
SVM 32.34 80.33
PSO-SVM 47.83 99.67
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