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Fault diagnosis method for rolling bearing of shearer based on HGWO-MSVM

SUN Mingbo, MA Qiuli, ZHANG Yanliang, LEI Junhui
(School of Management Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: In view of problems of difficult extracting of fault feature vector and unsatisfactory multi-
classification effect of shearer rolling bearing, a fault diagnosis method for rolling bearing of shearer based
on HGWO-MSVM was proposed. The bearing fault signal is denoised by wavelet and decomposed by
empirical mode decomposition algorithm, then energy characteristic value is extracted and used as training
set and test set of MSVM. The MSVM is used to identify fault status and parameters of MSVM are
optimized by HGWO algorithm. The experimental results show that the fault diagnosis model of shearer
bearing based on HGWO-MSVM can obviously improve accuracy and efficiency of fault identification
compared with GWO, GA and PSO optimization MSVM model.

Key words: coal mining; shearer; rolling bearing; fault diagnosis; empirical mode decomposition;
hybrid grey wolf optimization algorithm; multi-class support vector machine
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Table 1 Partial test samples of energy characteristic values of each state of bearing
P E, E, E; E, E; Es Ez Es L ERNAN
1 0.653 6 0.657 3 0.317 4 0.173 3 0.059 9 0.044 9 0.038 4 0.054 4 1
2 0.618 9 0.577 4 0.493 0 0.127 0 0.097 0 0.028 2 0.079 3 0.089 3 1
3 0.049 5 0.100 6 0.078 5 0.030 6 0.016 9 0.035 6 0.489 7 0.859 6 1
4 0.5111 0.394 2 0.259 8 0.493 9 0.146 0 0.104 3 0.104 5 0.478 0 2
5 0.096 4 0.234 6 0.850 9 0.458 8 0.032 5 0.006 9 0.001 4 0.002 8 2
6 0.149 5 0.297 5 0.375 4 0.768 9 0.394 3 0.017 4 0.008 5 0.0331 2
7 0.344 8 0.678 6 0.489 9 0.370 8 0.201 8 0.046 9 0.014 8 0. 006 5 3
8 0.808 8 0.492 3 0.202 2 0.232 1 0.092 6 0.013 5 0.003 7 0. 000 2 3
9 0.444 4 0.472 1 0.354 2 0.584 9 0.314 1 0.101 4 0.048 4 0.026 6 3
10 0.152 8 0.916 1 0.312 8 0.176 3 0.0919 0.005 9 0.005 5 0.003 7 4
11 0.483 0 0.701 5 0.2355 0.388 6 0.244 6 0.060 2 0.045 7 0.051 1 4
12 0.153 8 0.315 4 0.104 6 0.929 2 0.047 2 0.012 5 0.011 2 0.005 8 4
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Table 2 Test results of four models

(B S UIERE N W RE A
T (cy o) WEH R HER R
HGWO- (17.205 0, 100% 100%
MSVM 15.188 2) (60/60) (20/20)
GWO- (67.800 5, 100% 95%
MSVM 15.292 6) (60/60) (19/20)
GA- (51.318 1, 93.333 3% 85%
MSVM 0.625 6) (56/60) (17/20)
PSO- (16.579 1, 93.333 3% 70%
MSVM 1.229 0) (56/60) (14/20)
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