@ 36% &4 Vol. 36 No. 4 Journal of Shandong University of Science and Technology

2017 £ 8 A Aug. 2017 ‘ 1

TR0 K SRR R S RlR s b2

SEE HER AR
(l.F®EXR¥ B ALK 100084;2. LWARAR XY oA 5 a0 BFE, LA F8 266590)

 EADMAKOEESTH A THRIURESE I ZETERAAE T TR ENL, ALRABRXRA 5 &%,
BB B AE AT R B A ARBATRE S Y, AT REKAME LR GBARFREBOFE L ARNETHLES K
HEFFRATRERE R T —HAEATAEEETHY KYALE CEARUR IV ALERFIBTHRESF
FEAMN THAEGRERES E. RRAFHRKEDGE T 0 28 Mo RA BRI, R A £ R L 24 F Fi# 7%
BRI, F R FR A REFEAT R AREATEESW, HARA AT OERET A KM R RSN
BRKAMAZHITRED , TRAREFLAREGREA LS H T MR ERIZF - S,

KR AR MESW; R 2K EAF BT AHLE

hE 4SR5 TP277 XHERERG A XEHE:1672-3767(2017)04-0001-08
DOI:10. 16452/j. cnki. sdkjzk. 2017. 04. 001

Fault Diagnosis of Rolling Bearing Based on Improved K-means Algorithm
WU Dehao' , CHEN Maoyin', ZHOU Donghua'**
(1. Department of Automation, Tsinghua University, Beijing 10084, China;
2. College of Electrical Engineering and Automation, Shandong University

of Science and Technology, Qingdao, Shandong 266590, China)

Abstract: Fault diagnosis of rolling bearings is significant to the safety and reliability of mechanical equipment. In
this paper, the pattern recognition method is used to diagnose faults of the rolling bearing based on its vibration da-
ta. Since the K-means algorithm easily falls into the local optimal solution, we design the adaptive PSO-K-means al-
gorithm by combining particle swarm optimization (PSO) with the K-means algorithm, which is different from the
traditional hybrid-clustering algorithm in inertia weight and learning factor. We extract twenty-eight characteristics
of the vibration signal in time domain and frequency domain, adopt principle component analysis (PCA) to reduce
the dimension of the characteristics, and then use three clustering algorithms to diagnose faults of the rolling bear-
ing. Simulations show that the adaptive PSO-K-means algorithm can improve the searching capability of the K-
means algorithm. Compared with the traditional hybrid-clustering algorithm, the adaptive PSO-K-means algorithm
can partly overcome the shortcomings of premature convergence and slow convergence.
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Fig. 1 Flow chart of the K-means algorithm
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PSO-K-means algorithm
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