o 36 % 6 H . B L 1= Vol. 36 No.6
2019 6 A Journal of Mechanical & Electrical Engineering Jun. 2019

DOI;10.3969/j. issn. 1001 —4551.2019.06.013

EF EEMD #1 CS-SVM
EO A EIZ R

gap el ELE R KT
(1AL L TR (5 B S5 H TR 24, 107 $E0T 113001 5
2 WA A LR K 2F A shiksfbe , i T TREH 110136)

FEE X IR 3 AR SRl AR SR W K 22 SR T SRR WL T 43028 AR 48 SR Im LI 4025 05 45 5 B N\ Ry i e A, To vk 1
B HEATHBIZ BT 00 ) R SR SRR IR S5 5 B RRIEIE B AN SRR ml WL DAL T AT TRFSE . 200 TR R BRI A S 4 1)
HURB SRR AL SRR I B HLA AN 5 B T34l AT A B REL  FIA T — Rt SCRen AL S 8GHE T SRR i, T 42
15 VR IR IZ T R TR I 2 5 325 B el AR B BN A X5 S B AT T A 38 AR5 THEE AR NIEASE S PR AU 35 R
VR FRIE ) B AT A 48 BB B SCRF 0L R S AT T UNZRAI, Foe s R R a2 0 vt S A5 -5 2047 43 B
FZ W, AT LR A PR 3 5 4 A B0 ¥ A R ™ S AR B 5l AR G A 7 i AT 00 LE , 8E 1 i Bk R 0B

FKHEIR A LIS A SR SRR AL SR

th 4> 2S . TH133. 33; TP29 XHERFRERD A XEHES 1001 —4551(2019)06 - 0622 - 06

Fault diagnosis of rolling bearing based on EEMD and CS-SVM

LIANG Zhi-hua', CAO Jiang-tao' , JI Xiao-fei’

(1. School of Information and Control Engineering, Liaoning Shihua University, Fushun 113001, China;
2. School of Automation, Shenyang Aerospace University, Shenyang 110136, China)

Abstract: Aiming at the problem that in the optimization of support vector machines, data-driven rolling bearing fault diagnosis, most of
them are classified by support vector machine, however, the traditional support vector machine classification method is easy to fall into local
optimum, and it is impossible to carry out fault diagnosis accurately, the feature selection of rolling bearing vibration signal and the optimiza-
tion method of support vector machine were studied. The disadvantages of the support vector machine optimization by using genetic algorithm
and particle swarm optimization were pointed out. In order to improve the accuracy of rolling bearing fault diagnosis, a cuckoo search algo-
rithm based on Levy flight was introduced to find the optimal parameters of support vector machine. First, ensemble empirical mode decom-
position was used to process signal data, and then the root mean square of the intrinsic mode function was put into the support vector machine
optimized by cuckoo search algorithm to train and test this model. The results indicate that the proposed method can be used to analyze and
diagnose the measured signals, and the location and severity of the faults can be accurately identified. The superiority of the algorithm is veri-
fied by comparison with traditional optimization methods.
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