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Abstract A fault diagnosis approach based on intrinsic mode singular value decomposition
and support vector machines is put forward. Firstly, the EMD method is used to decompose
the rotating machinery vibration signals into a number of intrinsic mode functions by which
the initial feature vector matrixes are formed automatically. Secondly, by applying the
singular value decomposition technique to the initial feature vector matrixes, the singular
values are obtained. Finally, the singular values serve as the fault characteristic vectors to be
input to the support vector machine classifier and the work conditions and fault patterns are
identified by the output of the classifier. The analysis results from gear vibration signals show
that the fault diagnosis method based on intrinsic mode singular value decomposition and
support vector machines can extract fault features effectively and classify working conditions
and fault patterns of gears accurately even when the number of samples is small.
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Fig. 2 The vibration acceleration signal of the gear with broken teeth

C1

c3

Cq

% 0.1 0.2 03 0.1 05 0.6 0.7 0.8 0.9 1
i i £/
Bl 3 BA Wl 558 SR IR 305 5 /9 EMD 20l R

Fig. 3 The EMD decomposition results of the vibration signal of the gear with broken teeth
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o = [0.0040,0,0.0076,0,0,0,0,0,0.0116,0]T, ||lw| = 0.1523, b = —8.1416, HTHRIER (4) 715
FIRMIRFEA M R, R 1A T 6 ANAFEA FELHERE 3 HIEFH RS, 3 AR
SUREREA) HYIRBIZER.
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Table 1  The identified results of gear fault based on intrinsic mode singular value decomposition and support

vector machines

FRAE 17 B FEAE H R

Il 3P 42 2 N >
BRES SOURS FRHoa 0 BERE o AR D
@R kR 57.7139  29.6136  25.4805 2.0577 1.7603 +1
QALK kR 65.9089  34.9811  19.3663 3.1017 2.7193 +1
QR L kE 54.0604  30.3268  23.4564 1.4636 1.3412 +1
@EFHRS 33.3163  19.3193 9.9242 —2.4079 —1.6712 -1
OEHRSES 33.2064  19.2429 9.6941 —2.4360 —1.6916 -1
@ EHRE 43.2514  23.2916  15.4972 —0.6295 —0.3004 -1

BR, HRERGELRBREE K, AT LB SVM FE/NEA TR F i
TS0, B GEEA/E 6 H (BREHES 3 4H), R kR L, WE SVM 2 2K884 35
H a = [0.0070,0,0,0,0.0070,0]T, [|w|| = 0.1183, b = —6.2941. X4 [F MR EEA g 43 2 2 HLoR
e 1.

MNEFTH, WOIGREARRT, SVM 20228475 5% BEAL MR H X 5 48 7 Fioik S 4T
A, XFEATUER] SVM 432888 FI A 2 B A T /NEEAS RSB . BB ZR A A BEOAS [A] Bt il 3K
FEARZ RN RE H WEEEER, BRI INGHEARRE, SVM R EEX 7 #1777
%, EREARF AT A ERR/NT, ULHT IR 4> JERR A R 4 et RE A BT 4.

WR B 4 2RO (. 280, Wik 4SE) #7028, B RmE, N RAY R
B 7 340 2 2K 1) ST A R M 2 AL, SRS SVM s AT ZE. Bl BRI BB i IR R . B8
FIWT i = FloR S, it 3 4 SVM 43388, B E X y = +1 RRWiikkhe, vy=—-1%
REACRE, B SVMIL K 14 8B X 43 Hi 3fe; B SVM2 SRR gekiRs, that y = +1
FRFEGHE, y= -1 FRHARS; REM SVM3 K IEF RS Rk, Aty = +1
HREFRS, v= -1 BFREARS. B THRZBRRNETAN LA ZIORE, NEE
SEVIFCRES, BrUl R AB A J T s SRR AT 5. SeR ik AT, 78 =2 50E
o A BEALE 4 HINGHEAR, HRERMNAEAR, WHRMNERIE 2. ERFEHT
6 HMRFEA (FEVLIHECAY 2 HIEH . 2 AL, 2 AW Fe4) BB 4
O 2 WA, FET PN SRS A S E S AT SR 1 AL A R 12 U T 1k R MR LA 1

2 HTHEBESARESBME SVM YRR BRI 4R

Table 2  The identified results of gear fault based on intrinsic mode singular value decomposition and

multi-support vector machines

SVM 7 K%

WARSIIRE g s ARG BA GV ARER
@ b 14 g it 1.1692(+1) 07
@ W 147 i Bt 1.0531(+1) DT A
[OF 2354543 —0.9828(—1) 2.7193(+1) RO R
@ L R —1.0428(—1) 1.3412(+1) RO R

(_
O IEH RS —1.1905(—1) —1.6916(—1) EHERE
@ EHRS —1.1243(—1) —0.3004(—1) EH RS
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