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Rolling bearing fault diagnosis method based on MSK-SVM

Jiao Jing Yue Jianhai Pei Di

(School of Mechanical, Electronic and Control Engineering, Beijing Jiaotong University, Beijng 100044, China)

Abstract: Aiming at the problem that the classification accuracy of nonlinear support vector machine is susceptible to kernel function, a
multi-scale kernel support vector machine (MSK-SVM) classification model is proposed and applied to rolling bearing fault diagnosis. In
this model, Morlet, Marr and DOG wavelet kernel functions are introduced on the basis of Polynomial, Gaussian and Sigmoid kernels.
Using the global and local characteristics of various kernel functions, as well as the characteristics that kernel functions with different
scale parameters have distinct influence range, kernel functions with different characteristics and scale parameters are combined as multi-
scale kernel. Based on the gradient descent method, the weights of multi-scale kernel function are adaptively determined, and the
MSK-SVM rolling bearing fault diagnosis models are obtained. In order to illustrate the effectiveness of the algorithm, the rolling bearing
fault data set and life cycle data set are selected for experimental verification, respectively. The classification performance of MSK-
SVM models based on different characteristic kernel functions and the same characteristic kernel function are analyzed. The results
show that the proposed algorithm can achieve higher classification accuracy and better generalization ability than the traditional single
kernel SVM.

Keywords : multi-scale kernel; support vector machine; fault diagnosis; rolling bearing
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ZAZ R, X A% R B 2 BRI AU 2R 4T A A AL
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PILRAEINEL, BRI X652 241 40 28 1, (S 3 B — 4%
PR L 5 3] 55 23 2RSSR AR R AT AE
K VLN 28 R AL AT TS, M T
PEPEA I8 A% R, Z %SRRI B HLES & AR A% R4k
BEATAE 2] T ELA TR B RIS A2 AR fE ) A
SR AR A BRRE T

TELZ R ST HESR R K (x,, ) Je— A AR I 25
A,

K(x,,x;) = idml{m(xi,xj) ,
std,=0,Yd =1 (3)
Aed, 25 m MEHRE K, (x,, x) FIEUE,

X 2 4% % 2 2 80 € 19 1) 8, Rakotomamonjy
SRR T SimpleMKL 544 2] A o+ AL d,
IZIT IR R R B R i MKL [R]85 0 31930 H AR sREOE
T d,, BB EEAS B B LA X Y H AR R EE TN T .

1 . s ,
J(d) =- B 2 @ aj“ YiY; 2 d.K, (xi 9xj) + 2 a;
i m ;

(4)
PR o A (2) 130 07 AR 24
SRR LIPS PR
flx) = Sign( Z] a yi( Z] dem(x,v,xj) ) +b" ) (5)
1.2 ZEHRESESHT
B eR R R A e % . il iz R
B R ] R AR T B R AT ARLIN | A2 XA R Bl
(ELP AR RS2 5 4 Jmy A% R KR (B TG 18 2 70 BR8] 1)
BRI SRR AEAR DL | 40 S B B AR E sl R AR 22 AR K 5
REXT A% oA B (7= A AR K B B2 i) AT 1 A% o AR
K(x,, x;) WULAW )& x, Flx, (022 x, — x; 508 P ) 1Y
PR ", iy S o) e ) 2 AT LR O B T A AR



513

HF MSK-SVM A9 TR Shiil AR S 12 W ik 111 -

DT 75 T 5 TR A AR

1) 25158 ( Polynomial ) %%

XFAERIERE d, H >0, W —4> 2 I A% R 40T
PIFRAR A

K(x,,x)=(x/x, +c)’ (6)
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B 1(c) H260=0.2,8=[12345]F Y Sigmoid &A%,
ATBITR 1 x,x, T8 R B N, Sigmoid B oS
232 BRI, o MR B 42 A% R

4) /N

/NI PR BCRAT i B A AN 22 RUBEVE B,

INBERERREANE

v, (%) ifﬁ(’“ - b) (9)

KA ca AMATIHT 50 R PR T AR RGN A%
PREAT AN N

wd=1->d=2 d=3-=d=4+d=5 —+0=0.1->0=0.2+ 6=0.3-> 0=0.4-6=0.5
(a) LA (b) Hiit%

(a) Polynomial kernel (b) Gaussian kernel

1.0

[l
wa=l-oa=2+ a=3-a=4-+a=5
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Fig. 1 Kernel with different parameters
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Marr /NI B PRECH
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Fig. 2 Algorithm flowchart of MSK-SVM
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Table 1 Experiment data information

5 RS HIRCRES AR FRIFR

1 99 IEH N

2 171 K B vty P P e I-D

3 120 K Byt v 5 e B-D

4 198 RBImAMES L (6 s BT ) 06-D

5 276 DR B i A i LF

6 292 TR it R - B-F
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3) XA BRI IMF 4 51T [ AH SRR

4) I FHCFEME S IMFs B4 Rényi W ERAE | 45 20 52
AR5 100x2 HEFREAEH R
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Fig.3 Feature distribution of CWRU experiment data
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G BE EET BEAAT A R R B BUE, B i 2 R A%
PRI, IR LN F T SVM 43287 ) BERLKE 8 2 SEgm Y
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33 14,

3) &5 & JRFA% REL, Morlet 1 Marr /NEAZ , RUE o
Pl 11.522.5 3], BFPERUNERZ A S DIAFEIR
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2R WA Z R EZRBAGER (£
Ja+lRER R+ R & R 2R+ 2R & R

MWFE2 ATLLEH, & JF+ R4l & 1) 3 41 MSK-
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Table 2 Classification results of MSK models

with different characteristics
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LI [123] (237/240) 124. 03
5 =y [0.010.11] 98.75% 45/
Sigmoid [3579] (237/240) 208. 37
; =i [0.010.11] 98.75% 10/
DOG  [11.522.53] (237/240) 77.86
JRER+ AR & R
A =t [0.010.11] 98.33% 16/
Morlet [11.522.53]  (236/240) 82.59
s =i [0.010.11] 98.75% 45/
Marr  [11.522.53]  (237/240) 240.79
R+ & R
. Morlet  [11.522.53] 86. 67% 11/
Z I [123] (208/240) 13.84
. Marr  [11.522.53] 87.92% 78/
E2SE:N [123] (211/240) 128.76
2 JRy+ )R
Morlet [11.522.53] 85.42% 9/
8 DOG  [11.522.53]  (205/240) 33.00
0 Marr  [11.522.53] 81.67% 500/
DOG  [11.522.53]  (196/240) 6224.13
0 Morlet [11.522.53] 95.42% 500/
Sigmoid [3579] (229/240) 4515.51
" Marr  [11.522.53] 95.83% 42/
Sigmoid [3579] (230/240) 206. 37
LI SR+ AR & R
i [0.010.11] 98.75% 56/
12 Z5i [123] (237/240) 243.15
Marr [11.522.53]
¥l SVM
3 =L 0.01 83.33% 0.11
(200/240)
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W BB A OB 12, IR 495 T 98. 75% B JEERf %

M2 GRS R+ R R R+ R &
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A TELFI 5 SR R

FEVHRERCR T, BAL G i = Wiz 2 o i 4 &
(BPE 2 YRR 1) 124. 03 s AU YIZRINtE] , & 2% A1 DOG
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Fig. 5 Kernel weight of model 1, 2, 3, 5 and 12
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VR 22 KBS 1% R Bt MSK-SVM B4 | 5 T ] 45 e 114 A%
BRI A (14 43 FE U R AR, I EAS IS SR S A 45 o oy
R, HEEF 2 ROBE & i sR B S8 4 05y 28
WR R B 98. 75% , 1 HH = A% ok B80T b 7 B 12 W
SyZERE 1R (A A AU SR B] 3 2 (AL 3 (i
M DOG /NIER%) 2 42.33 s,

R3 HERFEEREZRESEER

Table 3 Classification results of MSK models with same characteristics

. T B RN BRESE aXmms R
ISR L s ISR L s
pSE o &
S [123] 87.92% 500/ S Morlet  [11.522.53] 87.50% 5/
DOG [11.522.53] (211/240) 8131.91 (210/240) 9.09
5 A [123] 55. 00% 500/ 6 Marr [11.522.53] 90. 83% 10/
Sigmoid [3 57 9} (132/240) 134028. 36 (218/240) 37.97
3 Sigmoid [3579] 83.33% 500/ 7 Morlet [11.522.53] 87.5% 9/
DOG [11.522.53] (200/240) 4008. 50 Marr [11.522.53] (210/240) 19. 51
B
A mr [0.010.11] 98.75% 18/
(237/240) 120. 19

3 FHHMAEEGLRERSHN

3.1 SRR
ARFHES AR &= F LR EEFEE

NSFI/UCRC % #E 4k $ P 0> ( intelligent maintenance
systems , IMS ) & 2l il 75k 4= 75 iy J&] 300 Jon o 3 60 500 4
S — MU E 2 T 4 ANRlR e 2 000 r/min SR
FESFR 20 kHz, 55B% 10 min 2R4E 1 s EHE, Skt
G303 A AR SRR 2 . BESEAE 4 R 1Y
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