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Bearing compound fault classification method based
on wavelet kernel diffusion and two-stage SVM
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Abstract: The problems of strong linear indistinguishability of different fault features and insufficient labeling of fault data exist in bearing
compound fault classification, which seriously affect the classification accuracy. This paper proposes a semi-supervised compound fault
classification method based on the two-stage SVM with wavelet kernel diffusion. To address the strong linear inseparability of fault
features, the wavelet kernel function is used to transform them in high-dimensional space, and the maximal overlap discrete wavelet
packet transform is applied to obtain the energy distribution of the signal in different frequency bands as the fault features. Aiming at the
insufficiency of the fault data labeling, a two-stage SVM classification model with incremental kernel space label diffusion is proposed.
Based on the kernel difference distance in the wavelet kerel space, we expand the neighboring samples and boundary samples in the
coarse partition stage using incremental kernel space label diffusion, and the training of models is completed based on expanded samples
at the segmentation phase. Three sets of bearing composite fault data validate the effectiveness of the proposed method, and the
experimental study shows that under the condition of a single class of training samples of 5, the proposed method improves the
classification accuracy by 7. 5% on average than SVM, and outperforms other popular algorithms.
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TARAS , IR FRAT B 500 45 SR A v 55T S 80T 2R AT 1
or2¢ I B PIR BN 2 AR A O R AR, B G 26
BRI R 0 He— A T AR B HOF A 280 1, 3
ARG 2, Y BUS MR SRR 28 C, F
SERCMIR AR TIO , ARAF TR ¥, 4353 Y1, s

Yls= D yaK(x' +x") +b (12)
i, j=1

K, o, BRI H R T ;b lw S, RS VS
MHALESE R SVM 48  TEm ARSI S8 C, TXTA S
PEATFOM KA V2. s, BSR4 5 25 (6 fe KW b S HE
AAE R 1A R FREA 234 b x G AR
BEAR I )5 DAl BERE AR S 45 8 HIORE AR 22 8] 4% 22 57 B
5 f /N SN R T 20 AR PR 2

2) 453 B

FE—XF—gfity 5 2T, 3 HORE AR LR 43 B Bt
R FE P IERI B ¢, T HINK RS, 1E G 2K
TR R RS G(G - 1) /2 LU Es A | i at 2 2445 kAT
e AT 4

3 SRIGTONIE
3.1 LIRHIEHK

KWL S5 6 560 T 42 07 9 A 8ot SR T 4
1 IR BRI 2K SKF 6205, 1% B A1 el i | Py Pl i i 7

Incremental kernel space label diffusion method

SRR | PN RSP I | P R e SR TR Tl
PARIEFARES B RR 7 K121 PIRES . SRS 1 aniEl 4
N ERBEANE 1 PR,

K4 S8 1 RvRERSER &
Fig.4 Test rig 1 Faulty bearing test rig

R1 XA 1:RGIKEAK SKF 6205 TIESH
Table 1 Test rig 1: Deep groove ball bearings SKF 6205

operating parameters

SRR SEL HifH TR RRS L Bl

HhE B A/ mm 52 P 42/ mm 25
e/ () 0 RFHEF/mm 7.938

BFE 9 3/ (romin") 500
ARG /KN 4.5 KA/ kHz 51.2

A AR AE o] i S B SR 5 2 MODWPT
O3 FRFEARAT XS /N A R B I A

SEE TG 2 N R HEVR il K FGA 30206, % & 4 B
TR | PN RS e VR Bl AT | P L S L B | P BBV i
B AMER TR LA S OE # RS 7 KBRS, A2
WA S PR S 2800k 2 Bios.,

SE A 2 1Y B 41, Hl AR ) R S S 14 S
BURHIE, SEE A 2 1Y C AL, H R AE 1) T AR
i 5 /2 MODWPT 53 - 3R 15%5 i /N R L RE 1



5510 1]

3 HEFEWER 3 IR, 3 IR 1 400 4FAE ) =, 700

FtF BN ZRAE 700 S INAE

K5 Sese s 2. R sl &
Fig.5 Test rig 2: Bearing gear fault test rig

F2 FWA2:EHERTFHMAE FGA 30206 TESH
Table 2 Test rig 2: Tapered roller bearings FGA 30206

operating parameters

SRS Bl SRS Hfl
HMEE A%/ mm 62 P AR 30
Hefsas () 14. 036 RFHEAE/mm 7.92
RPN 17 34/ (romin™") 1477.2
S 2/ kN 0 KBRS/ kHz 51.2

®3 ZHAIBHIFERESA

Table 3 Three sets of experimental data illustrate
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Table 4 Incremental kernel diffusion accuracy
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Table 5 Data classification results for Group A

EwS Fik AR I 2 HERRR/ %
35 SVM e A% 5 000 89. 42
70 SVM [ty 5 000 96. 10
35 SSVM TN A% 500 94. 00
70 SSVM TN A% 500 97.57
35 TWD-SVM NI 500 98.70
70 TWD-SVM AN 500 98.90
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Table 6 Data classification results for Group B
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35 SVM =2 1 87.70
70 SVM T 1 91.70
35 SSVM NIZ 1 89. 00
70 SSVM NIz 1 93.20
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70 TWD-SVM NI 1 96. 30
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Fig. 10 TWD-SVM classification results of Group A of

10 training samples
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Fig. 11 TWD-SVM classification results of Group B of

10 training samples
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Fig. 12 TWD-SVM classification results of Group C of
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Table 7 Comparison of various algorithms in Group B data

SAEFR VL Mk B8 BN BO BI BR BIO BIR BOR  “PHyfEiR ARz
35 700 RBF G =1 0.779 0.988 0.790 0.898 0.760 0.964  0.996 0.882 1 0.020 0
- 70 700 RBF G =1 0.897 0.988 0.804 0.925 0.824 0.986 1.000 0.917 7 0.016 4
175 700 RBF G =1 0.979 0.999 0.888 0.966 0.890 0.994  1.000 0.9594  0.007
350 700 RBF G = 1 0.999 1.000 0.936 0.993 0.940 0.992  1.000 0.9800  0.006 9
35 700 Ns =20 0.971 0.978 0.994 0.720 0.935 0.976 0.524 0.871 1 0.028 7
- 70 700 Ns = 20 0.979  0.999 0.999 0.824 0.939 0.990 0.797 0.9324  0.0142
175 700 Ns =20 0.996 0.998 0.999 0.939 0.987 0.949 0.932 0.971 3 0.0100
350 700 Ns =20 0.998 0.999 0.999 0.955 0.978 0.960 0.946 0.976 4 0.006 0
35 700  Adam/r = 0.0001 0.892 0.995 0.883 0.311 0.764 1.000 0.496 0.7630  0.0039
70 700 Adam/r = 0.0001  0.980 0.999 0.998 0.784 0.957 0.984 0.764 0.923 7 0.021 3
e 175 700 Adam /r = 0.0001  0.988 1.000 0.998 0.857 0.966 0.990 0.841 0.9486  0.009 3
350 700  Adam/r = 0.0001 0.994 1.000 0.998 0.937 0.988 0.995 0.937 0.9784  0.008 2
35 700 ksvd_iter = 20 0.597 0.925 0.982 0.665 0.849 0.901  1.000 0.8456  0.007 9
R 70 700 ksvd_iter = 20 0.792  0.982 0.848 0.794 0.950 0.942  1.000 0.901 1 0.003 4
175 700 ksvd_iter = 20 0.987 0.924 0.969 0.866 0.991 0.918 1.000 0.950 7 0.008 1
350 700 ksvd_iter = 20 0.984 0.948 0.971  0.990 0.993 0.990 1.000 0.9823  0.0012
35 700 WKG =1 0.958 0.983 0.839 0.935 0.906 0.955 1.000 0.9394  0.0173
70 700 WKG =1 0.967 0.996 0.900 0.933 0.909 0.993  0.998 0.956 6 0.014 8
TWD-SVM
175 700 WKG =1 0.997 1.000 0.941 0.979 0.952  0.993  1.000 0.9803  0.007 4
350 700 WKG =1 1.000  1.000 0.969 0.983 0.969 0.992  1.000 0.9876  0.0062
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