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Fault Diagnosis of Rolling Bearings Based on Feature Mode
Decomposition and Multiscale Fuzzy Dispersion Entropy
LIANG Xiang-yu, HU Ye-lin* , MA Xiang-yang, SONG Xiao

(Electrical and Information Engineering College, Anhui University of Science and Technology, Huainan 232000, China)

[ Abstract] Aiming at the problem of effective extraction and identification of rolling bearing fault information in complex environ-
ments, a fault diagnosis method for rolling bearings based on feature mode decomposition (FMD) combined with multiscale fuzzy dis-
persion entropy (MFDE) and zebra optimization algorithm (ZOA) optimization support vector machine was proposed. In order to solve
the problem that the key parameters in FMD are not adaptive, the minimum envelope entropy was used as the objective function, and
the beluga whale optimization (BWO) was used to optimize FMD to find the optimal parameter combination to achieve the optimal de-
composition of fault signals. Multiscale fuzzy dispersion entropy was introduced to construct the eigenvectors under different modes after
decomposition. Finally, the feature vectors were input into the support vector machine for training and recognition. The effectiveness of
the proposed method was verified by the public dataset and the self-made experimental platform dataset.
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characteristics of bearing vibration signals under four states
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Table 1 Comparison of diagnosis results
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Fig. 12 Optimum fitness curve
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Table 5 Introduction to bearing failure under complex faults

AN
s ‘ S
Rk (TS HAA/ mm x HE/mm) e
1EH 0 5
PO + S 0.8x0.3 6
A + R Bl 0.8 x0.3( B x KE) 7
S + TR B R 0.8 x0.3 8
4.0
* IEFRE
+ (0.8 mmx0.3 mm) Py B +4h B i
350 A (0.8 mmx0.3 mm)p B+ 2 A
¢ (0.8 mmx0.3 mm)F R+ Zh A i
30+ 00000
&
e
= 25}
*K
20F S o o
15+
1.0 L L n .
0 20 40 60 80 100 120
DUTRER 43 FE A
(2)ZOA-SVMTH 45 5
100.0%
100.0%
@ 100.0%
&
#

100.0% 100.0% 100.0%

6.3%

2 51
(b)ZOA-SVMIE ¥ 48 K% %]

€13 ZOA-SVM Z i 3 S A Ui 45 SR AR 15 40 e 5]
Fig. 13 ZOA-SVM multi-fault classifier

identification results and confusion matrix
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Fig. 14 Identification results and confusion matrix of

SVM multi-fault classifier

®6 FEEETHISHERITLL
Table 6 Comparison of diagnosis results
under different models

pSteSil RBIAR(MAF120)  EWR/ %
ZOA-SVM 118 98.33
FOA-SVM 118 98.33
PSO-SVM 117 97.50
SVM 107 89.17
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