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Research on image processing and pattern recognition of
skew defect of antifriction bearing cage
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Abstract : Light series antifriction bearing cages are prone to deformation during the riveting process due to the small diameter of pockets
and the relatively large nail hole distance between the two halves, resulting in the defects of riveting skew. Therefore, this paper proposed
a pattern recognition method based on image texture features for the accurate identification of cage skew defects. Firstly, a bearing
normalization expansion algorithm was improved, which realized the automatic optimization of the starting point of the expansion to avoid
mis-segmentation of the cages, rivets and rolling elements. Secondly, a bearing image cage localization and segmentation algorithm was
designed, and 7 cage regions were accurately separated. Finally, the Hu moment and rotation invariant uniform local binary pattern
( LBP}f‘i, ) were extracted separately as texture features, and the classification model was constructed by combining PCA and SVM. The
results showed that the correct recognition rate of the SVM model based on Hu moment and LBP;?",Z? were 85% and 100% respectively.
Therefore, the LBP;'f; feature combined with the SVM model has a good recognition effect on the bearing cage skew defect. This method
was expected to provide a reference for the automatic identification of the defects in the antifriction bearing cage riveting process.

Keywords ; cage skew defect; image normalization expansion; localization and segmentation; Hu moment; rotation invariant uniform LBP

JREABERN S e e o AT Ok, ] 9 ¥ gl il 7K 10 7 e 4R
75 190 {2 /4R DL b Hf R 8K TR ol il 7R 7 H
MR R R o TR AR TR SR AN A A R A AL
AR AU £ v R DL R SE R R T s> A SRR AR A 5 O R G AR, 5 R R A s AT R0

0 3

il

kg H#1:2019-07-22  Received Date:2019-07-22
* FATH : EK A RFL#E4 (21265006,51665013) 351 H 7 B



559 1]

A B A TR AR DR AL B 1) P (R A B R R T i 5 163

AV A Ao DR AR 4R 2 Bl R 19 2l i 2 —,
YERVR AR FRR SR B AR A B IF 5 | R s K s, &
O PRI AL TE RV ol B 7 AR 1 32 2 DR A 9 e it
T rf Hy T8 TS 18 5 B £ L0 AN A i R 2 T 2o R rp
ZEIREA B R B0 TR 5 Ak . bR PR
UG R AFEIET IS R R IR ER HET
TERE R A B R AN Bk A B, B 1A i i il R
AL R IO IE H 1s 5 , DT BOME 2 B 1 & A
BEAR I S A

FUAT, = AR 2 09 rh /N Bl 7R A 77 Al R D 4 A3
I AR AR SN 155 AR T RMR A SR AR 1 Sl AR B0 5 40
B BE RN A Sh AT 2 S X RS DR R AL 15 A%
PEAT T, 9 b 00 3 45 5 SR RIS T Sy B0 R
TCHRBE , TR TR 37 4218 RHER B il AR AR 2R F T H
s gk ik Ty B2, HFFEAN TR A 3%
AT ELAGE I 245 R 32 o A 1% 28 38 7K P 1) B2 e, 6 000 2 TG
PARIE TR, BIFE — ol 2 %) il R O 4 S B 2 e A
MEARRAHREZ L,

UTAEAR , AL AL 13 A A Al 7 e o G I 538 ) 197 FH
TRENZ ST, MRS A R T — b T G O6 A il
HRIE T FR BRI 75 7%, 87 T IR 2 A AL, 5
A T8I 2 A 7 R it , nl Ul 4 2R DL A gl
RV TRBG . T 2 ) FHLRE LS 77 % il 7R
i I AR B AT T ARG , ] RS VS b X i o AT SIS Nl
RGN, Wen 25" 1) 3 U 28 I 45 4 U h 7R 7 7 ke
BB RFAE , S BB B %) 73288 AT DATH8E L0 e 1y 7 8, O
BT RAF O RE TR R . Ng ™ R 1 T —FoR R
TE 64T HE A A T AR Okl R v ) 31 9 R ip 0 55
4 018 v o i PR, AN A2 Bl 7R SR TR B TET PR B A 52 . Saeed
A5 UVR R e 3 O vk W JR S D 2 e B S A ) ST T
(rotation invariant measure of local variance, RIMLV ) 55 [4]
B E T RAR I Bl B O S R B 1 JL AT RRAE , 2R
BTG AR U BEE Y 2228 SCfRp 1) AL 20 28 A5 U Bk
FEZEAY, [ A Ah 2 2 X il R R T R A i s 2, £
B TR AR S IR TR S 1A A5 43 T 1 B ok R 03 5 e I
HITEOI , B0 R DR A5 22 oy 7 800 T 253 ) TB R
BB R TR

ARSI T —Fh LT EUR SRR 25 B BN 55
AR OR A AR TE Rk 7R TR ) 7 1, BLAARCSR AR A
32 N7 UH — A R T B 1 0 il R R A7 I3 — AL T, JF
XPARFFA D AT 28 6 53 51, B BUBE e AN A28 35 5 Jry 8 —
{E 4% 2, ( rotation invariant uniform local binary pattern,
LBP;I,’; ) RRIE 45 & 32 35 w1 & AL (support vector machine,
SVM) J5¥EXF SR EA A TR, IF 5 2T Hu ZE4FERY SVM
PUNRCRIEAT Lo, W BRI R — LA o ) 5 12, S Ll
RO AR B RHER A I 7E e B B0

1 Bit5H%

PR SCHI AT LS et TR 45 s 1) Jo 00 ek M A A 1Y
JE A, PN ARLAY PR 150 1A FHBL R SCHRLE B, TS [+)
WA ERAL 2/ SCE S B — B, R i S 85
WA AEAEZE R ™Y o SRR AR R AR X A, AR S0
I Hu SEAT LBP, PEFNRFAE BRI 1R R A DX S
BURURHIE , IF25 5 A1 B BHLAR 7 S O ik AT IR AR TR
AHGRBE AU o 0 B — A DR AR DX A7 AR AE S
HEPRFF AR DA o UM REAR , BilR B TT 5 B9 7 A IX a2y
TEH 7 ) A R TG DR AR AR R
1.1 Hu RZEJLA%E

FEAR A R AR 19— PP 1o SRR, ELHR
PR R B PO A D B DX AE , 6k AR TE R AE
[l BA 8% e 5% R LG A A8 1. Hu 22 i Hu 7
1962 AF48 H ) — o [ fHL 45 B AN AL 1 | L BN AE 1 LA
Bl AR VE R RHAERE ™ o Hu BT R -

XFFECTEUR f(x,y)  EUREY prq B ERELEREATE SO -

m, = 21 Zx”y”f(x,y) p,q=0,1,2,- (1)

R p+q B b DR AT E SOR -

Moy = Z Z (x =x)" (y = y)"f(x,y)

p,g=0,1,2, -

Hor, (x,y) BRI O AR, N FM 5350 fr ik
P B A AR v B S

Hu H G f(x,y) IH—A0JE o BE 2 SOR

Moy = My’ (150 (3)

Hrbp=(p+q)/2+1,

Hu S8R T Z B A= 3 —Ae oo ik g 17 7 4
AR M1 ~M7 " 5 SCIT

M1 =n, + 7y

M2 = (my = "702)2 + 4'77112

M3 = (53 = 3m,)" + By = me)”

M4 =(my + )" + (o *+1)°

M5 = (m3 = 3012) (03 + 1) ({3 + 7712)2 -
3(mu *+ 1) ") + By = 1) (o + 708)

(3(my + 7]12)2 - (my + 7703)2)

M6 = (1 = M) ((m30 + 112)2 = (o + 7)) +
4nn(ny + M) (9 + 1)

M7 = (3my = n¢) (039 + i) ((ny + 7712)2 -
3(my + 7703)2) = (M3 = 310) (9 +1m3)
(3(7730+7712)2_(7721 _7703>2> (4)
1.2 BE_EER

JR B —AEA 2 (local binary pattern, LBP) J&—Fh B

(2)



164 %/ L £ ¥ R

F40E

TR AN A R 2 A A5 £ PR B S0 B R A i B
Fo LBP 2 F S5 Ojala 251" F 1994 4E42 A 23K
T BRI S ER SO AE

WA LBP BF HAERT 0 2 i 5 B AR R 2 4
I RMATHGR . I LBP,, 2 A BRARBRAC % T
TR 9 IE 7 AR, I BT 2 AR ek B 3, (ELH:
ARV e ARk LBP),, R7E R
LBP;, , BOSER b oot i, 38 3 AN T e i R R 4R 4 15 31—
ZH )G E S LBP AR, U 5 /N B 7F R 3% 48 18 1
LBP A",

AR SCR ) LBP,, F3AF, AT LLAE R AR BHR A 155
DU, ) I L4 R 3 AR 7 P R B R A L G S
T,

p-1 .
LBP} = 21,:05(&' -g), fUCLBP,;) <2
P+1, otherwise
(x) 1, x=0 (s)
s(x) =
{O, x <0

3ol Al g, 43500 DR RBILAR S p ORI R
WA s P AR AL rind 2R R R )
B U 4 5TRE F T A 25 T 8 (A i )
3.0 1 1 ZIMBEE) . U 5 UF

U(LBP, ;) = [s(g,., —g.) —s(g —g) [+
> lse, — ) ~s(g — )| (6)
1.3 SVM 4325518

Cortes 25" % > 1995 A4 Hifry SVM J&— A~ il % it
YRR T AR L e A . BAELAE SVM 1Y
At Bl T R R, BRI T AR E 2

SVM i ik 3 H—4~ e fL e 1 T 552 90 X6 080 19 23 2%
S A R ) 8 S TR A B R T BB A /N B T
J Iz SVM % bR $iE 22 T X A% R B0FN A [ A% R 4R
(radial basis function, RBF) . FEZMEAT] 43 X ik, RBF 4%
HIRET 25, ATWU AL T 5. < SCHE A RBF {2
SVM pzed k" Hk AR FGAR N (7) BioR .

) Ix, - x, |?
k(xi,m-exp(—) (7)

20
FEAH A RBF A ) SVM #5578 (1) 4% oR R0, 7 % A5 78
HYAET R AL C LL NS EL gamma $EATRAL, MERLRLIRAS
APz AR RE AN . AR SCR IS 8 R 2 DL 3
RIS HUE, A% 15 2 0k 3 2 A 1 52 v B N 2230 A
ARENY C Fl gamma (ALF 833 28 IR, T8 H e
fl. gamma (A2 XL (8) :

1
amma = 8
8 5 (8)

2

2 £ W

2.1 HRRHFREGREEE

K H BAT B R AR 28 AT il R R A R A,
AREMGR AR B I ZEA AN IET 1 s, 3 Bk IR R Allied
Vision Technologies /3 ] 4= 7= i) Manta G-125B T.\k CCD
FABL, B Computar 2% 7] 2E 7 [y M2514-MP2 Tll 5 £
FA 553k o TEARBLT J5 5 6217 LI 2 i 11 €2 1)
BOCUR, R E R RS R 2 A OB IR, REERGIR
TR A 3 A DR R E R R .

o

1= = AHAC T AL s 2 HERL AT 5 3O LR G s 4—fRl IR FL L 5 5— okt
Fefi ;6— LB ;7-U U ;8—CCD TV AEHL ; 9-[Rl4HGIE 5
10-35 U8 5 11— kb E 5 12— Fz iy 5 13- A S B Re 1
K1 ERRERE

Fig.1 Imaging collection device
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Fig.2 The comparison chart of qualified and defective
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Fig.3 Three results of image expansion
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Fig.5 The algorithm flow chart of improved image expansion
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Fig.6  The results of improved expansion algorithm

for bearing image
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Fig.7 The vertical projection of the skew cage image
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Fig.9 Horizontal projection of the bearing image
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Fig.10 The precise positioning of the bearing cage area
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Table 1 Comparison of mean Hu moment invariants between
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components and contribution rate of Hu moment feature
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Fig.12 Statistical histogram of LBP features in four modes

FEARFFALIX S EMG A A 45 384 NRRAE s, RIS 4
BEa s, TR R PCA R4 758 B 2 ab 28, dnf&] 13 Jir
Ro MERIIECH 27 BHER] T 100% Y 5T Ek R, KE A
ICTHIRAEE . SVM A BIBIRIY 240 C F1 gamma [F{H
SIS 55 5. 657 Fi1 2. 83,



168 & L R % K 540 %
[_I&#
s
[92.5% 96.3.% 959 93.8% 95% 100%100%
=2290% 2070
SE
x
EWRIER AARW  WBA A

FE 13 LBP FEAE ) PCA 3o 805 SRR G R
Fig.13  Relationship between the number of PCA principal

components and contribution rate of LBP feature

3 s R e AL 1 51855 LBP AR R SRR
AR E SVM AR Y SR 45 2R . e 21 B A TR i) 3238 31
T 100% , FUIBCRESF o

£3 ET LBP B AKHRSRIRER SRR
Table 3 Test results of qualified sample and cage skew
sample based on LBP feature

LD FEGEL  IEMRUUINEL CRR/% BRIRBIR %
=i 30 30 100
100
ReEER 30 30 100

XL 2 F 3 AT, B Al AR O 3R AR TR AR B 1 R
W, 36 e AN AR5 SR LBP 1 UG ARAE () SVM A
R B ZE LT Hu R
3.3 HERAW

ARSCAE SR8 B LRl b, 7 5l R PR R 235
0T R AOGUR AR BT BTN ik 30 T 22
ARG A0 B[R] R i 1 IR R SERT RS R
ASCHE Rl AR PG 22 2 5 DG TR P i 2 RUGCOR A 2 i HL XV R AR
B R SR 3 FhAb BT . % i SR B Harris
ARSI AN BT i e fe N SRR AL o JRE Tk AR
PR AT PO = AR 2 AN R . iR
PG ASCHR 7 2 RS T AN 1 14 BR, B 14
ALHIASCHR 1 75 e SR TR R FR 2R B RH 7K 1) CRR

Pt o
4 % %

BTl R DR 35 SR AR I A0 ARG D () R, AR SCHR M T
— P T R SRR S A SVM B sk R J5 1% A
F B AT B A P A5 oR B 2 s R Ui 7R PR, o o el Y
RN E PR N R B A RO RES L HENEEE OIS e

Bl 14 A7k 5 AT CRR X I
Fig.14 CRR comparison diagram of the proposed method

and other methods

JEIT RV KRR B A AL bR &, A TIR SR BT R 4r 4

B R 0 ) P il 7 o7 351 5 S I R A R IX S

FROH T S 00 1 5 i B R DR 4 2R DX Y Hu R Rl 2

A SR LBP SO AE IR 45 & SVM A g5 AL, 5

Kb SRR LT Hu SEAY SVM BEELH BISUR A LF , Bk

PUHIFR Ny 85% , i T HE e A A S8 LBP (1) SVM 4%

RN, BUI A5 2] 100% o Rk, P45 4k BER 25 45

LBP}, — SVM A A] -l R O 35 42 78 RHEI B I A6 T

I EPGEA R, B R RS HHEL, A SR IR 858

ARHER BRI B AL T — iR L

S 23k

[ 1] ERU BRI E B, 4. 2T EMD Al SSAE (17K 3)
RECEIZINO T (], R3) TR, 2019,32(2) :
368-376.
WANG F T, DENG G, WANG H T, et al. A rolling
bearing fault diagnosis method based on EMD and
SSAE [J].
32(2) . 368-376.

[ 2] BRZ, ks B0, 5. T EGOL R /Y MR &R 7 3R m
SRFEAI [J]. AR 4L, 2018,39(6) : 198-206.
CHEN H,ZHANG B, LI M, et al. Surface defect detection
of bearing roller based on image optical flow [ J]. Chinese
Journal of Scientific Instrument,2018,39(6) ; 198-206.

(3] Ffryd, 290, byt 45, 45, i i T § B i A0 50 45 0
Jrk [1]. #h7&,2016(3) : 60-63.
WANG H D, LI S, YANG J X, et al. Visual inspection
method for end face defects on bearings [ J]. Bearing,
2016(3) ; 60-63.

[4] WENS P,CHEN Z H,LI C X. Vision-based surface

Journal of Vibration Engineering, 2019,

inspection system for bearing rollers using convolutional
neural networks [ J]. Basel, 2018,

8(12): 25-28.

Applied Science -



559 1]

A B A TR AR DR AL B 1) P (R A B R R T i 5 169

(5]

[6]

(7]

[8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

NG T W. Optical inspection of ball bearing defects|[ J ].
Measurement Science and Technology, 2007, 18 (9)
73-76.

SAEED H H, AHMAD A, FARSHAD B. Automatic
detection and classification of the ceramic tiles’ surface
defects [ J]. Pattern Recognition,2017,66; 174-189.

S R TR, A5 — b 22 B I A SO AR
g2 (] AR 71, 2016,37(10)
2333-2339.

SHI J,ZHU H,XING N, et al. Multi-scale time-frequency

texture  feature  fusion  algorithm  for  scene
classification [ J]. Chinese Journal of Scientific
Instrument ,2016,37(10) : 2333-2339.

YOO S B, CHOI K, JEON Y W, et al. Texture

enhancement for improving single-image super-resolution
performance [ J ]. Signal Processing-Image Commu-
nication, 2016,46; 29-39.
SRR, AT, A AF L R R T X R A JE AR
FORITIE R [T]. T E R K41, 2018,23(8)
1242-1253.

WU S G,NIE W Q,LU L J,et al. Comparative study of
classic region-based shape descriptors [ J]. Journal of
Image and Graphics,2018,23(8) ; 1242-1253.

HU M K. Visual pattern
invariants [ J]. Information Theory, IRE, 1962, 8 (2):
179-187.
OJALA T,

Performance

recognition by moment

HARWOOD  D.

measures  with

PIETIKAINEN M,
evaluation  of
classification based on Kullback
[ C]. Proceedings of the 12th TAPR
International Conference on IEEE, 1994.

OJALA T, PIETIKAINEN M, HARWOOD D. A

comparative study of texture measures with classification

texture
discrimination  of

distributions

based on featured distributions [ J]. Pattern Recognition ;
The Journal of the Pattern Recognition Society, 1996,
29(1): 51-59.

OJALA T, PIETIKAINEN M, MAENPAA T, et al
Multiresolution gray-scale and rotation invariant texture
classification with local binary patterns [ J ]. 2002,
24(7) : 971-987.

KOU Q Q,CHENG D Q,CHEN L L, et al. Principal
curvatures based local binary pattern for rotation invariant
texture classification [ J]. Optik,2019.

CORTES C, VAPNIK V. Support-vector networks [ J].
Machine Learning,1995,20(3) : 273-297.

[16] ABUROMMANb A A, REAZ M B I. A novel weighted
support vector machines multiclass classifier based on
differential evolution for intrusion detection systems [ ] ].
Information Sciences,2017,4(14) . 225-246.

XU, Toof R IE, 45 5L T HL AL E A K FHAE A i
BRBER TN AR B 5 [ )] 700 SRS 2412, 2018,
32(10) . 47-52.

LIU L,WANG CH,ZHAO SH W et al.Research on solar

cells defect detection technology based on machine

[17]

vision [ J]. Journal of Electronic Measurement and
Instrument ,2018,32(10) ; 47-52.

SUN C,JIAO L C,LIU H Y, et al. New classifier based
on compressed dictionary and L[S-SVM [ ] ].
Neurocomputing,2016,216(4) ; 617-626.

AEXJH. T ) B A i 2B TG R B L 2 R 5 AG T v
FELD]. B ARARACH R, 2018.

ZHAO X. Research on machine vision detection method

(18]

[19]

for the assembly defect of deep groove ball hearing [ D ].

Nanchang : East China Jiaotong University,2018.

EEE N

#BE GEAS 1) , 53 1€ 2002 FI 2006
AEFULIR R ARG 7 b L2, 2009 45
TRFRERG 200, BRI
REFRI B, EEEAEFE 7 1 9 0 L T 45 46
0 RIS R A I TR 5 A 25 T A2 B o A4
SIRBGRET
E-mail ; haonm@ 163.com

Hao Yong ( Corresponding author) received his B. Sc. and
M. Se.
respectively, received his Ph. D. degree in 2009 from Nankai

Degree from Jiangsu University in 2002 and 2006,

University. Now he is associate professor in East China Jiaotong
University. His main research interests include photoelectric
nondestructive testing, machine vision inspection, precision
instrument development and information extraction algorithm
research.

BEREE, /35 7E 2016 F1 2019 4E T AR
SEE R ARG B AL, B T A AR
W HLERT ST & TARIW, FZEHF Ty
] LA BRI R ARG A
E-mail; 1239779938@ ¢q.com

Wen Qinhua received his B.Sc. and
M. Sc. Degree both from East China Jiaotong University in 2016
and 2019, respectively. Now he is the development engineer of
Zhuzhou Electric Locomotive Research Institute of CRRC. His
include machine vision detection,

main research interests

embedded system development.





