ww‘ww@nﬁww GRS I G N AT 514

ELECTRONIC MEASUREMENT TECHNOLOGY 2024 7 H

DOI:10. 19651/j. cnki. emt. 2416272

E T IESOA-BP B35 Bhi & 4 fE 15 b -

ER @EH EHE
(FpM K E IR FRM 450001)

W OE: 7ENUR RS W i ACRRE 0] 45 Y 25 5 S R IS WORG BE L O T 3RS A e A 2T VR Bl il R B 12
B9 R T 1 R T B R — T AR B A i (VMDY RIS AT A 1) I R R B B G R Y 1 R SRS (TESOA)
Ak BP #4244 0SB i2 W 7 0k o B e A B AR A3 AN A3, B iR D ASE VR A 1 (] A 5 RGO L 4R A S A R
353 T 4 0 AR AT AT A R 3 WO R AIE 1, R A TR 2 TR TR A A 5 TR TR R 5 ) A Ak 1 R R, 25
RO 0 4 R SRR A o 0 R R L f ik BP ?EF?XI_JQ%(IFS()/\—BP),%Fmiﬁgﬂlﬁﬁﬁ{%ﬁi
R BN S TEAT 0 B s WF ST 45 SR B . VIMID i i 450 358 4 2 A1 50 B R A1 AR B w ; ¥ T 1% 48 BP.PSO-BP,SSA-BP,
ESOA-BP,SCESOA-BP %75 #: , IESOA-BP J7 ¥ 75 & 3l 1 /K ik b i2 Iﬂ?ﬁﬁi’%ﬂtﬂﬁm B 3 2 W i 5 R TR AT 9 AR
.

KB WFIS W VRS s AR S S A A s R R U B 5 VR Bl il K

FE4S %S, THI33. 3;TNIS XHERARIRED: A ERRAEZRSERG: 460

Fault diagnosis of rolling bearing based on IESOA-BP

Zhang Yanliang Hui Yanjing Wang Yandi
(School of Management, Zhengzhou University,Zhengzhou 450001, China)

Abstract: In order to improve the accuracy and reliability of rolling bearing fault diagnosis in intelligent manufacturing
mode, a fault diagnosis method based on Variational Mode Decomposition (VMD) and time-frequency domain entropy
combined with improved Egret Swarm Algorithm (IESOA) to optimize BP neural network was proposed. Firstly, with
the help of variational mode decomposition, the problem of pattern aliasing was successfully solved. Secondly. the
time-domain Shannon entropy and frequency-domain spectral entropy of each modal component were extracted to
construct fault feature vectors as input to the fault diagnosis model. Thirdly, the Halton sequence was introduced to
initialize the egret population, the global optimization ability of the egret population optimization algorithm was
enhanced, and the improved egret population algorithm was constructed to optimize the BP neural network (IESOA-
BP) . and finally the bearing dataset of Case Western Reserve University in United States was used for simulation. The
results show that the entropy in the frequency domain of VMD time-added is more abundant in the characterization of
fault characteristics. Compared with the traditional methods such as BP, PSO-BP., SSA-BP, ESOA-BP and SCESOA-
BP, the IESOA-BP method shows higher classification accuracy and better stability in the fault diagnosis of rolling
bearings.

Keywords: fault diagnosis; egret swarm optimization algorithm; variational mode decomposition; Halton sequence;

rolling bearing
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