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Research on feature extraction method of bearing fault diagnosis
LI Zhiwei, CAO Le

( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] Aiming at the problem that it is difficult to extract and classify bearing fault features, a fault diagnosis and classification
method based on empirical mode decomposition (EMD) and support vector machine (SVM) is proposed. Firstly, EMD is used to
decompose the original signal to obtain several intrinsic modal function (IMF) components, and the energy values of the first six
intrinsic modal functions are selected as input eigenvectors. SVM multi fault classifier is used to diagnose and identify four states of
rolling bearing: normal, ball fault, inner ring fault and outer ring fault, The fault diagnosis method based on EMD and SVM can

extract the features of bearing faults and effectively identify the typical fault types of bearings, thus realizing the classification of

bearing fault diagnosis.

[ Key words] empirical mode decomposition; feature extraction; support vector machine; fault diagnosis

0 51 &

BEFE DL & HOB A ik otk B REfL, =
R RE B A R 22 6] Y S S U, ¥R sl R
VERDUBBE 8 b R 80 0F , i TRl K AL T
TARRZS BT MRS, B AR ISR e 5 5
BB TR 2 — . — EUROR L B R
BUEA IR, BB T A il N B
TS AR R o PRI T R S T A i B
KR 2 0 SRRt A T2 W BT B

R R AR S Has s R MRS 55 23k
2Pk ARFRRE (Y, W AR BRI 2 B 5 I s
ORI NIAE S A2 2R T P L AR S
T A BT 1k Y ROCR AR AR AN BIAR /)N A2 8 /N
e HE VIR M | I3 H B AR X BEAL 1 SRR RR A s 22

BEL£WH.: BRARR2EH4(61703270)

EEE A M (1995-) 8 WS A: , FEMTFE 7 ] F i) T

S8 A7 K% AT G fe 5 Tl BB,
BEIFEE. & K
s B HA: 2022-09-01

Email ; caole00012@ 163.com

DR 28 7 1k T SR B R AR AT I 25, AR MEFE VR A
T IS, 2 RS S A R — R A
SRLEGT L ALK AR LR (S S o0 i B — R B AR
{55 FRAE B[] RUBE 1 i1 A 55 25 R B, HE B A T B4
IMF 434 (G BRI 4R AE X1 @1 A 452 32 F A EMD
F1 BP M2 W 25 25 5 R AT O S0 B RS W, PT A AR
RN ZRiR 22 9 i AR B, 0 2524 52 R A
EMD B R GRS 024~ IMF 435, 88
J& R A5 S 3 8 (SVD) 15 B RFAE ) 5, 38 15 /)N
B4 75 Hibert —Huang 28 #4875 A5 [6] A FRAE 15 =
PEATXT G, S B L T EMD—-SVD A8 #e () e e 4
TEHR B 7 92 B A fe A R I R R . B =2 E A 2
H U RHRF R AL BP M4 K EMD 43R
IMF 434 5 i A AE S 80048 &, LR 24 R IE 240
FRRE 32 FH 25 0043 B B0 UE R AIE F B A R0t , S

SR(1986-) 53 -t BB, A0t A 0, SR BTG5 1)« (B

Y LR RN o7 4% 4] N5 5 A




210 OB OIT B M5 M OH 13 &
BAJEF EMD 1 PSO 11k BP M2 M 2% 1) 7 A :
# f L4 (1) = X imfi(1) +r,(1) (4)

AR T il RSB A SRR L

TERUBEI FREA2 W b o 22 00 2 005 7 Xl e 1 73
PR B I R R A R R,
TESEPR AT T R BAEARMESRI, S HLEE
Je— M T RS R HLE = > 07 ik, R B
ZACRE IR/ INVEEAS 1) A0 FRAE 3, B2 10 T B
WU,

1 EMD EixEAREE

SHRSIE IMF J3i2 HLAS YBR[ MRS R 4R
HUAIRAIE 2 A AHAR I S Z A B A — e
SR AEARE SR A BRI AR AR T 0, 1%
i S 3 A A5 [ A B2 bR B A A S B A 5
MR T AN R SRR AW )
IMF A2 2 2 PB4

(1) PREICLE 3> ) (8]0 [ P, Ry 3 AR it it
TR H LA SR 22—

(2) TEAE B ZI wi, JR 38 e KAE 2 T 1
YR (L) 5 R e/ IME R TR BRI A 45 46
(FALEKER) ST B [R5 m) BT R .

EMD 7l B F

FEB1 EFEGRES (), K« (1) 4
PR A A, 38 S XA KA AR/ ME AT = IR SR A (E
B3 gk,

F$R2 LR TR LRI, v
BEFIGRE S (1) WEMERS m(e), ¥ m(r) N
JRURAES x () WP, BR T 45 28 155 A, (1) o
AR I A T

h (1) =x(1) = m(t) (1)

HBI WEHENT b (1) 2 IMF 405, I
AR TR 1 B2, HE b () 2 IMF 435
FE S BVHHE 5 AN T B A AR A 2% e sl o BIE (R
m(t) BT 0, mBHERMARXIT .

hi(t) =h,_(t) —m(t) (2)

K R (1) RS —A IMF 4304 imf, .

F$BA (1) WE () AR r(0)
AR X F

r(t) =x(t) — h(1) (3)

FBRS R () EEEARPE1~4 HER
i r,(t) B,

e SN G ERE g SUN et (ol Y G =R
M T A IMF 43 540 2 fgeoR B,

i=1

2 SVM EixHEE

SCRET AL (SVM) S — il KU /I 14 e £
(EPT R RL T R R o 2 P R A
KA1 2] 2 FEAEAAR A B 2 A A, By
KU KA . SR I LA & 2tk AR LAk P A
AN XL MR R AR G 2 B 5 e M 23 i Zons B
FEARHEAT 235, DRUE R 22 fog/ NI ELA Y1 B A /N,
LA FEA T2 B0 105 1) RSB PR R, o 2 AN ] )
ILEAL AL e T 2y ), LSRN 1 B
P

o

4 FREA DX Ik

B XEEmENFEEE

Fig. 1 Schematic diagram of support vector machine
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Fig. 2 Flow chart of rolling bearing fault diagnosis
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Fig. 3 Four typical faults

3.2 EMD 45£F$REX
FIF 2B BAS A i IR H A5 5 TRER IR | N el
R SRR AR S A T A i, AR B IMF 435
WS JE B M IE (55 IMF 208 WA 4 B,
TRERHE A5 IMF S0 e 5 frs , i Rl 5
IMF 43 W& 6 iR, Fh Bl (5 5 IMF 43t 40 &
7 s

B4 EEESIMFH=E

Fig. 4 IMF component diagram of normal signal
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Fig. 5 IMF component diagram of ball fault signal
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Fig. 6 IMF component diagram of inner ring fault signal
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Fig. 7 IMF component diagram of outer ring fault signal
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Tab. 1 Fault identification rate of each diagnosis method %
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