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Research on IGWO-SVM in Bearing Fault Classification and Prediction
ZHANG Waufei, LI Shuaishuai, LI Jiacheng

(School of Mechanical Engineering, University of Shanghai for Science and Technology , Shanghai 200093 , China)

Abstract ; With the continuous improvement of the degree of integration of rotating machinery equipment, the probability
of bearing failures and the difficulty of fault diagnosis are increasing. In order to solve the problem such as
misrepresentation and omission in conventional fault diagnosis, a new classification prediction algorithm based on the
collecting the cleaned bearing data was put forward. The improved grey wolf algorithm was used to converge the
parameters of support vector machine and train the dataset for optimization to achieve the precise judgment and
projections for bearing fault. The results show that the accuracy can be as high as 99.49% , and the superiority of the
optimization method is further validated by comparing it with other existing mainstream classification prediction model.
The optimization scheme can be well applied to SCADA system and other real-time status monitoring systems for accurate

fault classification and prediction.
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Figure 1
grey wolf algorithm
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Table 1  Average fitness of benchmark function
PRELA TR h f S Ja fs Je
kR 7.460 0 x 10 =% 0.022 6 1.630 0 x10°% 1.3489 0.050 7 1.290 0 x10 "
=/ € 2. 4.880 0 x10 % 0.014 0 2.350 0 x10 % 1.0811 0.047 5 8.230 0 x10~ 1
TR B 1.630 0 x10 ™ 0.013 0 4.920 0 x10 % 0.771 9 0.037 0 1.220 0 x 10~
TES R AL 2.700 0 x 10 =% 0.014 0 1.920 0 x 10 ~*® 0.7459 0.009 8 7.780 0 x 10 ™1




- 88 - B THI# Light Industry Machinery 2022 FFE2 HR
A MR B /IMET N O, B A P I - 238 4 i BRI A R v A5 i BB 43l B v 16,10 A 37

JO7JE BRI O R WA HARAL RO By . e 1 Al AL,
FRAAN A N AL RCR A A T Akl A 7. —
IR 2 I3 S0 R BORDRH B30k 50 i TR 7% DR F

A
T ] M T e 4 o
FrifEZE

oo ARZMERR X HAd A [F) BEME s XA 2
2 2 I Ry v pR RS D

A2 REJIKERFEAFEE
Table 2  Fitness standard deviation of reference function
PR A4 R h f S Ja fs Jo
LRk R 2.0100x10~% 0.088 8 1.6300 x10 7 3.6457 0.153 7 2.730 0 x10°1
TREIR 1.880 0 x10~% 0.087 0 4.840 0 x 1073 8.045 8 0.078 2 1.740 0 x 1071
TRER S 2.790 0 x 10~ 0.079 5 3.560 0 x 10 % 1.998 2 0.161 3 7.640 0 x10 %
XTEPREL 7.120 0 x 10 -3¢ 0.074 0 9.570 0 x10~* 4.616 4 0.1258 1.160 0 x10 1
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Table 3 Average fitness results of each algorithm

Bk h f J3 Ja S5 Jo
GA 1.860 0 x10 77 4.440 0 x 1077 1.620 0 x10~* 1.360 0 0.086 0 3.070 0 x10 73
PSO 1.420 0 x10 % 1.360 0 x10 78 8.290 0 x10~* 7.064 2 0.109 8 1.220 0 x 107
GWO 6.480 0 x 10~ 0.023 6 x10° 1.650 0 x 10 =% 1.350 9 0.050 6 2.360 0 x 10~
IGWO 2.710 0 x 10 =% 0.021 0 x10° 1.870 0 x10 =% 0.746 5 0.009 8 8.890 0 x 1013
4 PR RSN EIEIEE R B AE D BEARE IR IGWO X f, Bl £ A I BE An o 22 58 GA 43 3]
g, TERZEUEIL, IGWO AL B ey, GWO 4557 82 il 44 DM 2%
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Table 4  Standard deviation fitness of each algorithm
RPN h f S5 Ja fs Je
GA 1.200 0 x10~* 2.180 0 x107* 1.870 0 x10 3 1.650 0 5.319 4 6.850 0 x10~°
PSO 5.730 0 x10~° 1.020 0 x10 3 8.430 0 x10~° 0.6525 6.052 4 2.620 0 x10 8
GWO 2.000 0 x 10 ~* 0.089 5 x10° 1.610 0 x10 =% 3.646 3 0.154 0 2.730 0 x10 %%
IGWO 6.890 0 x 10 ~3¢ 0.072 0 x10° 8.560 0 x 10~ 4.586 6 0.1312 2.1200x10°1
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Figure 2 EWT decomposition of two signals
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Table 5 FSN values of each component of

measured signal after EWT decomposition

¥ f R A W
1 6.24 6.56
2 5.94 6.76
3 8.41 6.79
4 7.80 6.95
5 4.64 5.20
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Figure 3 Health signal reconstruction
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Figure 4 Time domain diagram of

fault signal reconstruction

3 ETF IGWO-SVM Ry FEiR 5l
3.1 MHMIREEMA L FEEN

45 1n] H AL (support vector machines, SVM) 42 B,
B e e T ae vt 2 B Pt i L g2 > ik =
i3 3B Chervonenkis ZE Y, 5K — N iff 12 25 44 XU
S/ IMEFN 9 23 SR 10 o K AR SRR S B
REAEARZS & , ] AR G b ik R 52 A BRI T XU R e AL
WA R B2 I

TEST R ¢ MIZZEL o TR FHAR ] B A% pR B0
SVM Hxf Hodpe 28 1) PR RS B HAT B35 i, X 2 4
SR BEIGE R F R 2R3, M58 A R FIW i L 2R
732 BR T4~ N2 30 A3 K, AETEME LA 2 e 46
R, BRSO ITERE] . Dyt , T AW A
REFL LA B R AT, A AL A% |
M2 28 T TR R AR B 5 LR BN Tk 2
B, RKRSER T SVM 2R 2 . o R RE DL AL 0%
BT LE VIR T S VERLRI T AT AR ) DL — 2803k

PRAZR A AL 2 N TS O I, $2 1 2
it SVM i H IGWO-SVM, [ 5 fs i IGWO-SVM
R . FAARERAEDIRAE .

1) SRS RRAAE DL ST FEACRAE S , I 1B IR 73
C I BRREA I 5

2) WAL IGWO 24, Horp JRAEAL B AL AR RN
TS BAEN R c IS o;

3) RN GRAETFUNPHG B A1 DA 7 2 PR



el

.90 - B THI# Light Industry Machinery

2022 FFEE2 B

4) T B R RO BT o AR B AR & TR E

5) BTSRRI R ROR
(A

6) WRIEHE PG MBS, EEAE3) ~5), HE
T RSB R i IR R

7) MRAEAAT R G RE c IS o, ¥
YIGREA SR A SVM S8 LS T

8) BT S BN G R TR A A 7 3 ) A AR
AR, R R ARG

v2Y
< ECE R
—%»| BB R IRFERE
. 1
MARAMSH | BRI R T ‘
i YIZ5t-SNE
| j |
] THERBEMAE S, !
: Eﬁ%ﬁﬁﬂ\f\ﬁiiﬁfﬁli ;
smen | || [ wwwmrwam | |
EEEHRAERR |

MR G EREL

ES5 IGWO-SVM i#A2H

Figure 5 IGWO-SVM flow chart
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Figure 6 IGWO-SVM model classification

results of different training samples
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Table 6  Calculation accuracy of each SVM model
o KGR %
LA SL
GA-SVM PSO-SVM GWO-SVM  IGWO-SVM
100 89.5 92.0 96.0 98.0
200 87.5 98.0 98.0 99.0
300 84.0 98.0 97.7 100.0
T 86.5 96.0 97.9 99.4

SVM 2 WG B 3k 100% , 8 HoAth 3 Fh 3540 ) 2 5
16.0% ,2.0% ,2.3% . TEARIIZREEAR T IGWO-SVM
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