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Rolling bearing fault diagnosis based on smoothness priors
approach and fuzzy entropy

DAI Shaowu', CHEN Qianggiang', DAI Hongde', NIE Zijian®

(1. Naval Aviation University, Yantai Shandong 264000, China;
2. Naval 92781, The Chinese People’s Liberation Army, Sanya Hainan 572000, China)

Abstract: Due to the complexity of mechanical systems, the randomicity of the vibration
signal on different scales, it’s necessary to analyze the vibration signal with fuzzy entropy
(FE) in a multi-scale way. Based on multi-scale fuzzy entropy analysis of vibration signals, a
method of rolling bearing fault diagnosis based on FE and the smoothness priors approach
(SPA) was put forward. The SPA algorithm was used to decompose the vibration signal,
and the trend with de-trend was obtained. Secondly. the FE of the trend and de-trend was
calculated. The FE entropies were accordingly seen as the characteristic vectors, then inpu-
ted to the optimized support vector machine (OSVM). Finally, the proposed method was ap-
plied to the experimental data. The analysis results show that the proposed approach can a-
chieve 100% fault diagnosis accuracy when only two component features are extracted, so it

can effectively achieve fault diagnosis of rolling bearings.

Key words: smoothness priors approach (SPA); fuzzy entropy (FE); rolling bearing;
fault diagnosis; optimized support vector machine (OSVM)
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A ST 100 0. 426322
" 2 TiAH S Mk IMF 95 0. 464250
B 3 AR M K IMF 98. 75 0.614167
B 4 AR R M B K IMF 100 0. 876350

1 T 2 1 2 AU — SRR A AT O
fiff It 5 FE (BT 22 (9 15 ] 5 a0 2R e A /9 320
AFEAPEAT R M - EMDFE SR BUCH: AiE [ 5 7 2248
B A ] s B T3 R vp SRR AH S R iz B
T FRB g fT AL TR I 35 R R AL 5 AR 0 A O R Bl
RIEVEFE IMF Rk (g a] . i3 1m0, IMF
IR RO 4L RS WS A S AR SR E
— B ML 4 A>3 SR B FE B I E] R F A
SOTER) 2 A8, MHZ N A SCRIE AT SR
T[] LA R AR AIE 1] s BBy T S LA I 3

T EE OSVM g8 45 303 & SVM 12
~IRE ) M B PE L X B SCHY T A R SVML
OSVMEEAT XF LE - i f3 4 R I K 2 R . K 2 vh

%2 SVM 5 OSVM Hyxttt 447
Table 2 Comparative analysis of SVM and OSVM

FEAR LB B
; i
Bk E® O ONE ®Z sE %
WA R EoEE o

PE-SVM 40 39 35 21 84. 375
PE-OSVM 40 37 38 25 87.500
FE-SVM 40 13 27 40 75. 000
FE-OSVM 39 23 34 40 85. 000
EMD-SVM 40 40 36 40 97. 500
EMD-OSVM 40 40 40 40 100. 000
SPA-SVM 40 40 26 40 91. 250
SPA-OSVM 40 40 40 40 100. 000
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SR A VB B 0 TE BRI 0 8 T Ak
FeMs %5 A6 FE EMD 4t J5 4 6 R Kk K 1)
i 4 390 IMF 3774 G 40

i 2 BTk 2 LIS B SVM 2% 5T 8y
W, RUE T 55 T SVM Bt
{4 B L AR SC i FE OSVM A 4 e B 8 5 19 T
BB T SR L 65

4 & i

-

ARICHEH T SPAFE-OSVM ¥ gl il 7K i fie
LW B SR SPA 5 FE AHEE A 1 J5 %)
RN RIR S0 5 5 HE AT 2 )OERRAE ) 3 $2 0 38
i SPA J5 K15 5 0 i 0 AR AR S 22 5 T 8 19
A I 25 8 B, 23 50 3 L FE AR OS-
VM IR RRAE ) 5, A7 R0 BT R 92 30 5030 114 W B
LW, SCEETREM .
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