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Abstract: Due to the complexity of mechanical systems, the feature information of the rolling bearing vibra-
tion signals behave on different scales, making it necessary to analyze the vibration signal in a multi-scale way.
Therefore, an approach for the fault diagnosis of rolling bearings using the permutation entropy (PE) and SPA
(Smoothness Priors Approach) is proposed. Firstly, the SPA is used to decompose the rolling bearings vibration
signal instead of the traditional time series decomposition method, trend component and de-trend component
spanning different scales are obtained. Secondly, the permutation entropy of the trend component and de—trend
component, which contain the main fault information is calculated. The permutation entropies are accordingly
seen as the characteristic vector, then input to the Particle Swarm Optimization and support vector machine based
classifier. Finally, the proposed method is applied to the experimental data. The analysis results show that, com-
paring to PE and Empirical Mode Decompose—PE, the diagnosis accuracies of the current approach increase by
12.5% and 3.125%, respectively, as the training sample size is 50% per class.
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Fig. 1 Simulated signal and SPA results

22 HEFURSHFETREY
€ 2.1 75 58 o 4R sh il R IR 215 5 iE 4T SPA
O fife A5 B R AE AR B DX S5 G A e S OTUR 5 e 4
3 3k XoF 3T T 43 e E AT R AR 2 B, DA A S R R
LW B BERRAE ] &
HEF 08 Bk SR B Ry < B K BE S NV B[R] A
{x(i),i=1,2,..., N, Xt (i) BEAT AR 23 1) A 22 A
X, ={x()x(1+7),....x[1+(m - 1)z ]}
X, ={x(j)x(j+ 7). .. x[j+(m - D]} (13)
X, = {x(k),x(k +7),. ..
o m AR ALEE, o HIER I A] k=N~ (m - 1)
Shy E R 1) R A S B
¥ X, rh i oC R 4 T S S
x[i+(j - Dr]< - (14)
NS PO NNRPRY M < S VS < ¢ o £ 5 a1 A < KA L]
FRAEESI RG] .
XA T T E A S D SR A U HE S . G
b X AH 23 8] H A S5 8 IR S 3 A, X AR R A

[k +(m - 1)z

<x[i+(j, - Dr]

X, S EVRTOOAE BIEALS, = o} SR
=1,2, -k, Hk<m! . 0 & XHA R

H, (m) = —Zlen(Pj)

o~

(15)
Sft PR BRI LY P, = 1.

N 1 .
# Py = —— W H,(m) = In(m!), BE K. A
m:

H, (m) b AL 7T 75
g dm) (16)
" In(m!)

PRI, H R EUE R0, 1], AT S e s 15 i) ) 371 14 52
FRRRE L H BT 5 5 2 R B

HE 30 8 5 05 e 06 A RO = I Ry B g A 2 AR
B, A I B 8] Py 80 Bl BL M RN Bl ) 2 28 AR | [A]  RE %
TR B ) 400 ) A 55 A8 Ak 3 A 4 SRy R 12 W 1
fiE o AR F HE 30 905 5 0 48 K 3 Bande S A I, FETT 5
HE B A5 1], i A ZEE m AS B B K R i A4
Hom b /0N B EE A A 1) A RS R D AN
A RN S R) B 0 3 1 2R g A R R R X
SR A B m s A, AR 2 ) % =R et 2 38 50 4k
18] 7y 371, PR Ot — 5 B 3~7 5 1717 B[] B 3R 7 % 55 1) 5
M /N, — M B = 1,
23 ETFPSOSVM BRI W /%

SVM VA& it 2% ) o B SE a3 oo JE 26 1t w5,
W V5L 22 ) AR A 3B W S ) v 0 R AE 45 TR] AT S5
PLHFRIS /0 M2 o FH SVM X i 45 BUCH A9 45 1 15 8,
PEAT BB 12 W ), 95 I B S B R AR ST I Rk B
(B % i — [R) R, SR F] PSO Pk J7 25 K S 30 o

PSO i Ak 54 v 2 %80 Al 45 8 54 vk b il — Fh 3 T B
TR R 1Y O Ak 5 2k, AT 3 ok ok 1 A fit 2 0] 38 B B A
K7 HEAT R FIH PSO 7 k4L SVM 2 804 K]
WE 2 fis .

Set fitness function

Initiation particle
swarm
Calculate fitness
function

Fitness

End condition

judge

N

Position and
velocity refresh

Determine
optimal

Output optimal

Fig.2 PSO-SVM algorithm



WAk sl

B B S 8 40 A HE S 90 B VR Sl iR 2 W 1845

L5 L TR AR SO 4 ) SPA-PE-PSOSVM #li 7K
HFE2 W r

T 58, R SPA 7 1 AR % G i sk 8] T 91 i 7
i, IS N MK TR B R IR B0 1E 5 40 il Ry i R
Fo TR, 33X I R) 51 B A B o A R B B A
7] X2 (1 5 e A A o

LYK, I FH 270 i DL 43 S0 e A T 2 s 34
T B8 L HE S A, A S TR Bl il R B A2 8T A R AE
] i F, B

F =[PE,,.PE,,..]| (17)

5 LR PSO SR AL SVM 43 26 2%, I AN [
A S D 1 R AE 1 A S A 58 IR Bl
R A2 T

% F SPA-PE-PSOSVM 4 7& 3 il 7 i i 12 Wi 7
20 AR E A E 3 R

Calculate
the PE

!

Fault diagnosis |«— SVM le— Feature vector

Input Trend and
signal SPA > detrend

T PSO

Fig. 3 Flow chart of rolling bearing fault diagnosis based
on SPA-PE-PSOSVM

3 RKIEAHT

T W UEAS SCHT 4 Y SPA-PE-PSOSVM H. ik
A A50HE R0 A M E B 6205-2RS JEM SKF ¥ 74 Bk
AR ECHE A S B U BCHE o s >k U H Case Western
Reserve University B S, T 72 52 58 % 1R oh il AR 50 B 48
L BIL 7 2% K 735.5W, il 7K 3% 3 Ok 17720/ min 5 B TE
i K AE B R A E L, B AR N 0.3556mm, K B K
0.2794mm , 4 F IR 25 B9 4R 3 5 5 R AL IR N 12kHz;
BOPE FE A K BE O 20485 B GE H AR & (Normal , it 4
NORM) #b, 73 113e = Flilie R PR 285 by 7 3 AR B (Roll-
ing element fault, ic. & REF) . N J& & & (Inner race
fault, 3¢ 2 IRF) F1 Z) B 5 BE (Outer race fault, i 4
ORF),

WUIE HOIRZS VR 3 4 Bl B | 1 Bl i B K% A1 e i e
4FIR S M REAS 45 8041, Lt 320 41 i dis . E LR 2
W 2ok 2 R R 4 FICIRAS TR & 80 41 £ 4 Hh Y 40 41 4E
RN (50%) , 4 F 40 ALAE 9 MK AE (50%) , L5
WAL A RE . 4FIRAS T MR RS B o {5
S 4R

T B IR SPA U7 Bk 545 et 8] ¥ 81 A il T 2

02
~ 01

00}
0.1 N

al(m/s?

200 600 1000 1400 1800
Data points
(a) NORM

200 600 1000 1400 1800
Data points
(b) IRF

-0.5
200 600 1000 1400 1800
Data points
(¢) REF

02
£ 00
N

-0.2

200 600 1000 1400 1800
Data points

(d) ORF
Fig. 4 Signals from the normal and fault bearing

(i) {4 P e, 328 BROCHE v T IR 28 NORM i ], R F EMD
D5 R AT A, B BURT 6 S IMF 43 E N JE R, 45 1
g s frs .

23t EMD 43 i 1 5 RS IR 55 L5 2 104>
IMF 434 5 1A B3I, 76 J5 SR A 4 it 7 v i Al
T —E WG B IUA, X 24 IMF 4 17 HE 1
TEAETHEE 3G T35 . R SPA 3%t WA 1
EHAREAE ST 0 A a5 R 6 iR .

W& 6 it 7 SPA 43 it Jor 45 2 A 43 i, Ho oot #4310
PR B8 T R e 8] 8 0 SRR AE, OB ST 5
I 2 A] 4 22 50 B, R PE HEAT RS I Xk g
T AR AIE ) ek 42 B, BB A% S A A4 15 JE] U B0 4 R A o
kB IE SPA Bk B AT, X IR 4R 4 RO R 320
ASFEAS 1 8 T N 25 A TR AT PE SR fif 5 Horp PE
SV E S IRICHER[19]. 320 MEEA By $ I | 2
I X R A PE B AN & 7 B s o

WK 7R, 2 BIE S 53 il 25 5, SPA 43 il i 145
B R O N SR IR G NI A A
WA R T R &7 Ca) X N 1) 2 8 S Y PE, H
I3 7(b) IS A & IR W B . 7650 2607 1l Xt



s
=
N
=
R

2020 4

al(m/s?)

200 600 1000 1400 1800

Data points
(a) IMF1

al(m/s?)

200 600 1000 1400 1800
Data points
(b) IMF 2

AN T
0.0 MMWWWWWWMWWWW\MMMWMWNWM
0.1 R . . . . . . L L .
200 600 1000 1400 1800
Data points
(¢) IMF 3

0.1 i " " " " " " " i i
0.0 At/ W\t M iy W7 f
0.1 . . . . . . . A A .
200 600 1000 1400 1800
Data points
(d) IMF 4
0.1 i " g i " ] i ! ! \
00t AN AANAN AV
0.1 e L T VR BT
200 600 1000 1400 1800

Data points
(e) IMF 5

al(m/s?)

al(m/s?)

al(m/s?)

al(m/s?)

200 600 1000 1400 1800
Data points
(f) IMF 6

Fig.5 EMD decomposition results
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Fig. 6 SPA decomposition results
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Table 1 Accuracy rate comparison of six algorithm

Methods NORM IRF REF ORF ACC/%
PE-SVM 40 39 35 21 84.375
PE-PSOSVM 40 37 38 25 87.5
EMD-PE-SVM 40 38 40 34 95
EMD-PE-PSOSVM 40 39 40 36 96.875
SPA-PE-SVM 40 40 35 40 96.875
SPA-PE-PSOSVM 40 40 40 40 100
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20 64 62 64 60 97.65
2 EMD
30 56 55 56 52 97.76
40 48 46 48 44 96.87
10 72 66 72 66 95.83
1 20 63 64 64 63 99.22
0 20 40 60 80 100 120 140 160 SPA
it samplis 30 56 56 56 56 100
(a) SVM diagnosis results 40 48 48 48 48 100

oTrue.
* Predict

Label

1
0 20 40 60 80 100 120 140 160
Testing samples
(b) PSOSVM diagnosis results

Fig. 10 SPA-PE diagnosis results
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