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A Machinery Fault Feature Extraction Approach Integrating
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Abstract : The machinery fault features are generally periodic,sparse and corrupted by heavy background noise. Most feature
extraction methods like locally linear embedding ( LLE) ,local tangent space alignment (LTSA)and etc.,are susceptible to
noise. Therefore,signal denoising and faulty feature enhancement are critical for machinery fault detection. To address the
issue,a reweighted singular value decomposition integrating with periodic overlapping group sparsity ( RSVD-POGS) -based
feature extraction approach is developed for machinery fault detection in this study. Firstly, RSVD is introduced to decom-
pose multiple-component vibration signal into a set of singular components and periodic modulation intensity (PMI) criterion
is utilized to select salient singular components. POGS is then conducted to enhance sparse and periodic impulse features
hidden in the remained singular components, and the original signal can be constructed by the denoised singular compo-
nents. The comparison between RSVD-POGS and POGS is carried out on low SNR simulated sparse periodic signal and
RSVD-POGS is utilized to extract features rom normal and fault vibration signals collected from experimental platform. The
experimental results demonstrate that the proposed method can effectively enhance the periodic and sparse fault features for
machinery fault diagnosis.

Key words: reweighted singular value decomposition (RSVD) , periodic overlapping group sparsity ( POGS) , machinery

fault diagnosis,sparse feature extraction, periodic modulation intensity ( PMI)
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MM) KL POGS HRAL S AL, HAEBRANE

B M PE y LS E A AR i b DL M R(E o, B 4R 4R K

i BEAES x
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While ne S
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End

End
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2 DiETh
2.1 NiEHiE
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S BB 5 o3 SR et i 0 A R e 3 R s A R, HOE =X R s
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XH A, =Ajcos (2mf,t+¢,) o NG T WAL, Horf £ F Ay 43500 Sy i (6 98 ) 09 0 % 5 00 iR A8, S (¢) =
ePsin(2nf, 1+, ) WG, T SRMKE S I, o, MRS S AN w (¢) BMES KR o BTk Fg
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Fig.8 POGS denoising on high SNR signal
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Table 1 Comparisons of POGS and RSVD-POGS

XTI 9 F1 10 #EATXF LS E 1, i POGS =4
B LM (S5 5AE S 22 3R, HEMRAUR A RES
N ; i RSVD-POGS 7= A FE {5 5 ELA W 5 1 &)

denoising methods

W1 BRI A AL o Ay KRR R R S AT
RMSE SNR/dB RMSE SNR/dB

GO AR URHIE , BRI AR I M BR T s TR, &
WACRBIIET POGS S0k, % 1 BHAIRIELE o0 i ome ae oos se
233 POGS 5 RSVD-POGS £ M {55 ) RMSE 5 SNR o 0957  -17.75 0287  -1.32
E*;R{E }J\il% 1 rlﬂ}i)fZT—\wa& SNR %‘ﬁi&:ﬂ}%ﬁﬁ‘}ﬁ E{Jfé% RSVD-POGS 0.957 -17.75 0.118 2.36
FRPREW T LUIE ), POGS ARLIHBR S SNR 7 M {55 A MRS e 9 A5 5 RRAE , (ER X o M s {55 1) 2 R SR
ANBEA NI 1 RSVD-POGS J5 XT3 e 75 {5 S5 A HLUS 19 A M5 {55 SNR (HAR &, BSR4 Nl s
22 RIBESERHBE

PETHE R A 77 B 2%, o 2 PR s A7 L I 2 T Ak i . 25 TR BN 5 1Y I 2% 1 ik
B2 T LR B Z R R FHDLIRAE 5, 10 52 bt AR ME O FH B B A IR S B i A TSR E F 5T, A AR St
S T —EREE LR BRI AR SN F 5 PR TG L85 7T DRE ST AR FRRE T i 48 7K
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Fig. 12 Platform and its component layout
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TR E AU AR G H IO L S LS (AL B i Kl I e v e A 2, R BIL i g5 AT ) S0 e 2
o PP A T P 3 L, ) P o S e AU S . v ooy ) sl s St o 91 Pl e 9 R/ o
X AEAE OCHEA TR, A e R S &R J2Q200 BUHE FERTZARIF S AR 2 PR,

AR SLG 5 F AT IR BE AL FE 5 b WA 448k
TR N BB A4t R A B B 2. L 13 43 o W 1A
PR e s | SB[ ESRFEAR %N 4 kHz, 553800
1 420 v/min [Z0F T, BEMLLEBCE 5 | Bk | 4l &
PEL s R AN 4 FOIRS R IR S5 5. e
FEAS PR A 1 % BN A5 5 B AR 3007 2 25 W A SR

F2 JZQ200 HiEREFHESH
Table 2 Specification of components in JZQ200 gearbox

RS BERAVS BRI /mm RIS /mm RBRACH

14,24 3#F 4 6305 25 62 7
SH#A 64 6209 45 85 10
v s a b c d
ikl 20 79 16 83

Bl 14 PR, e 14 o BT R L B IR SRS, B T B SRR AR SORE 1 R RCR. A
HR] LA AR ST IR BES £ B IR S 5 Ok e s R, 38 213 R A CR.

(b) IR
B 13 4#ghREE
Fig. 13 44 gear faults
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