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Glass Defect Image Segmentation Algorithm Fused with Dual Features
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ABSTRACT: The work aims to propose a glass defect segmentation method based on a dual feature Gaussian mixture
model to solve the low accuracy of traditional glass defect segmentation algorithm caused by inherent properties of glass
material, such as transparency and stripe noise. Firstly, fractional calculation and gray-level co-occurrence matrix were
adopted to enhance glass defects, and obtain texture features, respectively, and thereby construct dual feature vectors of
glass defects. The dual feature vector was introduced into the Gaussian mixture model, and the adjacent pixel spatial in-
formation of the Markov random field was used to improve the glass defect segmentation Gaussian mixture model. Then,
the glass defect segmentation was completed by alternately performing the estimation of the mapping relationship be-
tween the glass defect pixels and the label field and the updating based on the space constraint of the Gaussian kernel
function. Finally, fuzzy entropy was applied to the subsequent processing of the defect image segmentation results. The

performance test and comparative analysis experiment of different algorithms were performed on four typical defect sam-
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ple images of furuncle, stain, bubble and inclusion. The experimental results showed that the D,.. index of the proposed

algorithm reached 98.59% and the M., index reached 7.03%, which was better than that of other algorithms. Introducing

gray-level features and texture features into the Markov random field of glass defect segmentation can suppress

non-defect targets, retain low-contrast glass defects, and improve the robustness and accuracy of the glass defect segmen-

tation algorithm.
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Fig.1 Structure of glass defect image acquisition system

HEEH 7 AR A, CCD %3k R AE L IR 5 Y
PERSGbE , BRI EE EGOE R AR R AL B,
ML X BE RS B fE AT . AbPRRIAE

BT B e b 2R RURIRR T, HA4E 200 sk Sk
ZR . IR UL TS A 4 R g R B , Stk
BYAG R 512512 A3 B ik e 25t 4, BAILIZE B 100 5k
B R AE R i TR A B R S EUR AR A, A gl
HAEEA, 5 MRFU', gMMI!™!, CNNU 3 fhgs iy
FE LI TR RS, M, PO D, P R
b, XSRS BV AE S T 0T o M A8 AR A
W

BN RGRYE .

M, = S GERE x100% (14)

K (14) 2 XEH, M, BTERIR0,1]X[E, M,
(B 7 ) e A B B 2 SR A 22, ST 0 UL AE
FER AT G R ) 43 B 5 HE .

Dme=—gjiﬁﬁ—x10096 (15)

Vi +A

e VA GBI K 2 DX sk R o A A
B A o F 25 AR R 5 RS K I h 3
HERSRLRN [ sh AR o B 25 AL R R . D [H N
0 B it FH L AR TR T ] BB A0 B 25 AN S 4
RIS, ZEA 1 BB 2 B8R f B
3.2 Mg X EE
3.2.1 ANEIMEEKESS 2800 LI

I 0 XoF 35 T R R AR RGO A i T M 7 RTARLER:
Mg s A 3 A B AR, DLIAIE R 40 B B e AN TR K SF
T 1R M D R A R A 1 e A B, O LY
SEAEAE GRS IN BT 7= A 2R 257 s, HLAAK DL ]
2, REFIEEARRZ W 2a, R 5x5 0Btk
T X REAR G 3G 25 SR LR 2b, AN [R] MR 5 KSR
ISR E IR R =1, WA E R 0,
J7 220 [0, 0.3], AR MR 7 %% BE V[0, 0.25].

“ ks

a B b KI5

Bl 2 gk R &
Fig.2 Glass defect image

3.2.1.1 s
o 3 PR B R ZE SR DL IR 3, ZE B 7353
NEMER 0, T72E0 01wl i) & g . 20



+ 166 -

(-

2021 4E 12 A

i JRE BRI KR AR R 2 . A EI A R oK,
SCHT RIS T S B O T RE S R AT b R
PRSI = I SR R ST SR SRS T S EHS il
SRR RRAE R T B 30 S e R 75
R, JFARZRPECR R T R BRBE 5 R Sl % B2 X v
RT3 LA B N 35 4 o B i R B b il £k
71N, B ) I DUV e R B 3% A R B B I i ek
W, Gl K2y s ks E TRt —eE, /P
20 bR 5 37 AR AL B KR SR, U I 43 1 Bk Ak
SR, EG R B s TR R e
3.2.1.2  AEhMgER

PER A B G I 25 S UL IR 4, DN ZE 21145 43 53]
FEE N 0.1 BUERME R A R EER . RIS R L JRER
R VA K e AR AL 2R o X REAR R 1) 43381 235 IR

N, SCHR T HREIR ST 2800 0 5 T BE e X Ak
MR HLAT R AR R BT BRBE T, TR, B T B
SRR TE G P B X G BE , TEABUER I 7 T BRI RE A Pk A2
I B 0 3 2 8 {5 RN S  BRAR Y A e B DX AR R 7
FEFB A3 AR5 A5, 15 B SC P B X B MR 7 TR fig
5. BER PRBUE L2k TR, Ak Y 1E ) 10T AE bR
B AR B I RS2, Zead K&y 7 ik
RIZH TR - —a H, U6/ F1 53k IS 45
4f, EHUER MRS T EA R a e
3.2.1.3 BiEmE o

TE W 5 A [F] KT T 3 80580k A 6 i
MR ULE 5. B Sa R T AN [FlAR i 22 i i 4 g s 5
MR, RS B BTE 50 Wk PSR 2E,
AR A i BT I T 25, PR bR R A3 IR 25 IR X R

0.40
0.35

~0.30

(=]

20.25 °

> 0.20 o
0.15 e oo |
MO 3T 56780910

P AN/ ¢
a FHER b ZrEIER ¢ FIbITRERR d RERBAZHIZ
B3 et rs o 45 2R
Fig.3 Results of Gaussian noise segmentation
- 0.40 ¢

0.35

030

S

20.25

= 0.20

T Omo—06 o &
0.15
0'1012345678910
! AR B

a ANER b SrEIEER ¢ BEbIrRERIR d REEEARMZ
K4 HRERME S H 45 R
Fig.4 Results of salt and pepper noise segmentation
-0.35 -0.35
-0.40 —0.40
-0.45 // -0.45
%ﬁ -0.50 %4 -0.50 ///
o —0.55 // % 055 I —
-0.60f —° ~0.60
—-0.65 -0.65
070 505 010 o015 020 025 030 % 005 010 015 020 025
TR TR 2 BRI P 25 B
a TR b AR
K5 Skr e

Fig.5 Robustness analysis of the algorithm



a2t A 23

FTEN2EAE s RS UURFAE 09 0 ol TRT 4R 03 1 5k 167 -

Kl Sb SN AN[E) 2 BEARER s R, EUR o A A
50 AT By oy B 2%, BRARBR R HUER M s (1 2% 13
AR BR R A3 FIRZE B 2 s Ty 22/ F 0.2
F, SCRRE R IR 2ZE RN, Y m T 22 KT
0.2 i, SCPRILESEIRZEZ I, 15K %
PR MR s AL RN K, R B p etk
322 BRERY pWHEBEES LRI

SCUS FEAIE (4) IR R R AP TR R
BB R B EI R, S8 B =10.5,5], K
LI UL 6,7 6 43 BI85 WoR IR g /)N,
A3 BN X T RN M LA RURR, B AR BB B H bR
Fb A e BTG, HR, 2 45 SR G b B 3 i
WELBH W RAER M G, Bk s
PESS Had /- #I R A ™ 8, QiR AT RE Y B E K
K, EIGE RS KR, B, EIEEE
PTG X IR S i, R i E B E
L SO N [ /95 3 N 8 1 E ey v U B = 7 A
N B =13 S ERE REAR ER o B ROR B

a 0.5 b p=1
¢ 3 d p=5

Kl 6 ANIFIELEE 2 505 T B Sk 7 1244
Fig.6 Crack image segmentation results under different
temperature parameter /3

F1 TEEBESHLTHINERIERLER
Tab.1 Comparison of segmentation results under
different temperature parameter S

iz %t Dico/% M/ %
B=05 90.76 3.01
p=1 98.86 1.78
p=3 88.34 8.17
B=5 76.89 12.03

3.3 AENEEENDENERIE NN
331 AEEZEHNBER

R T BRI LR S s FIvERE , RRIEE TR
AIBE RSB BE A B ZE ROLPE 7, 2 7, 5 1—4 4T
SR SR TG A R DL ST S B B I R
AEUE, 5515 PEEE R EA, 56 2 5125 4
IR K GMM, MRF, CNN D K Sz rb 48 b 110 31k s Bt
Fasr RIS . BEs s G R B s R BoR, i Ak
X B I B e B AR Y RE S 57 o

GMM B3 5 F 3l 35 e o UG 1) < A 2R FH 2R
KRR TIESE o E, AT RAEMABREL T X2
Vi) P S0 B0 0 R I BE AR , A 8 45 SR A AR B T ik
FaZH 2 g, R i IR AR RN (U R A
%, [t m e, a1 5 XA 5 gkl o
Shy it B X3, i HAS [E) B bR DX 2 ] Ak 3% B AR
A, ARG AR R ER . Bilan, X sk %
B o3 R 25 S B i A I 7 o0 B R B P
TR XA, V5 S P i A BT I S ; MRF
S EIEES GMM M H, SRBHRBEDLI DL R K
FEAE R BEALY , 78 B B B T 25 REAL 7 K0
TR SCE Bl A TR OIS R AR A S A, e IR T
GMM M 75 ik ) (8511 75 B B e 573 4 ) R0 R 45 21 B
W o RPN BRI IR BEE ROV LU R, B =
Fod A EIBG, BN, FiE . SIS EE 4 T
BB AR X, T SR EE B 4R, CNN 43
L BRI T A S [, (HH B S E A
BIAN BB A I o) | 35 R B E I 2B L
S B AP AE R 5 S R 22 00 A K A PR A A
RUIGEELA T BUSR A SRR T, 78— 2 Y P i 0l
20 X 57 AR R e R iR A T 4B, RE A1 5 B
H AR I 35 b Hobw, [ BRSOk 4 1 21 =15 5
I Ja B2 A3, Re vl 5 o AU DL SR o R A
FIRBMERE S o IS AT i, B B AR iE
Sr, HHA O ER  HAA B i o BIMER T

R T R SOR RE A R, 4 FOR
[i] 43 FI S X 100 5K B8 25 i f 1 R 28 47 ke 35030
R, WA M D TEbRS BT SH hr,
LM BE RS AR BR, D, 805 22 A AR, 2l
T M, -D, Mgk, WK 8. ¥ 8 Wi, JLIEHIE
AR B T D 1 BE S AR B 4 AR 7E M, - D, IR A2
T, Wik, 78 M_ M D, s ESCh T ki T
HoAhS
332 SNEEEHEENN

W 4 PO IA] 20 50 5k X [ B B i B0 e v
T A1 100 5K 335 i B 1 R 647 8B o0 00038, 24
Bl 7 AN R B 1) oy B 25 SR B o B R A B M, X
Fegl SR 2, X5 D 1R bR 98.59%, 43t



- 168 - 2021 4E 12 A
a AR
K7 AREIRE R o HIRCR
Fig.7 Segmentation effect of different algorithms
030 2 BB MERST
S Tab.2 Algorithfl com%alrisof&and anp;fsij: jesults statistics
025 GMM
— O MRF il RES Dicc/% Mo/%  3B4FH ] /ms
020f N
: o GMM 62.76 15.01 176
M
R 015 ° MRF 83.21 13.78 386
S * CNN 88.34 11.17 587
0.10 1 .
SRR 98.59 7.03 121
0.05 1
0 L s 1 L L ‘
5 7 9 11 13 15 4 Z5iE

M/%

I K2 RS A i S =R

Fig.8 Average evaluation index of segmentation algorithms

GMM, MRF Fl CNN HikmEiH 36.34%, 15.60%F
10.40%, M_ 15k 7.03%, 2+51H GMM, MRF i
CNN B ERER T 57.91%, 48.98%F1 37.06%, Bk
PRFE bz S L F HT He 3k X8 5 AN R SR R
PE LIRS A — B, 36 2 oAb ] o, Sorh e
DAL Tl T HAR AL fE RN Y, BT
P TS N T A AEAE , D T I o A ) P v A 1 AR T
eI Al AR O L, SRR R EAT E K fE
TR, BRI, X B B B R Y TR R R, S
W LR B O R R I A A e

TESM AT B BRI B B b, o, $R B
Tl TS o3k B T e [ i s A P R P 30 a0 o 1) A
JERFIE, PEFRI . BB . AHSCME . X LERE LI R st 22
X5 ANGETT A TR B SR PR SCBURR AR, K
YRFAIE R0 B 0 A T 0 SR 1940 U 1) o 5 3l kA
SR T OUUREAIE [ F5t A 9 8 SR 2 1) S5 7R LR BB HL
A EM SRR AOR 58 S B s 2050 5 fe ), ]
RO X o0 T 45 R — 2P IR SR b PR e SR 0 A i
43, AN TIPSR Z R0 3 3 235 SR 53 e R Bk 1
REHEATINIR 55 7007 , E R BT A S AR ) 5 B A 2K
P s S 1 S B B b R B R R A B TS
B, TPk RN v MR 5 ko 22 Ak LA SR R i T
PEZS PR BRFE 2> FIOR Y20, D 18450 98.59%,



a2t A 23

FTEN2EAE s RS UURFAE 09 0 ol TRT 4R 03 1 5k 169 -

M, $845°H 7.03%, e br ot T HAXT H i3k

SE 3

(1]

(2]

[10]

SRR, BRIESR, TRzl 55, DU Sk e &
SWEFE[I]. TR, 2020, 41(13): 216—222.
ZHANG Cai-xia, CHEN Xiao-rong, XU Yun-jie, et al.
Surface Defect Detection System of Glass[J]. Packag-
ing Engineering, 2020, 41(13): 216—222.

iy ) B, vt AL 5 o 3K Tk e A A N g ik
T[T, fus TR, 2018, 39(5): 16—21.

JIAN Chuan-xia, GAO Jian. Visual Detection Method
for Surface Defect of Mobile Phone Screen Glass[J].
Packaging Engineering, 2018, 39(5): 16—21.
ANUBHAV T K, RENALDAS R. Identification and
Characterization of Defects in Glass Fiber Reinforced
Plastic by Refining the Guided Lamb Waves[J]. Mate-
rials, 2018, 11(7): 1173—1181.

SACHDEVA K, GIRDHAR A. A Technique for Glass
Defect Detection[J]. International Journal of Innova-
tive Research & Development, 2013, 2(13): 92—96.
JIN'Y, WENG J, WANG Z. Conjugate Gradient Neural
Network-Based online Recognition of Glass De-
fects[J]. Concurrency and Computation: Practice and
Experience, 2017, 29(3): 3768.

TTTT, W, XU, T LA LG A 35 Gl A6
WD, SE2FIURE, 2020, 42(1): 25—31.

QI Ning-ning, CHANG Min, LIU Yu-han. Glass De-
fects Inspection Based on Machine Vision[J]. Optical
Instruments, 2020, 42(1): 25—31.

ZHOU X, WANG Y, ZHU Q, et al. A Surface Defect
Detection Framework for Glass Bottle Bottom Using
Visual Attention Model and Wavelet Transform[J].
IEEE Transactions on Industrial Informatics, 2020,
16(4): 2189—2201.

LIU H, CHEN Y, PENG X, et al. A Classification Method
of Glass Defect Based on Multiresolution and Information
Fusion[J]. The International Journal of Advanced Manu-
facturing Technology, 2011(56): 1079—1090.
ESCALONA U, ARCE F, ZAMORA E, et al. Fully
Convolutional Networks for Automatic Pavement
Crack Segmentation[J]. Computacion Sisytemas, 2019,
23(2): 451—460.

CHA Young-jin, CHOI W, BUYUKOZTURK O. Deep
Learning-Based Crack Damage Detection Using Con-
volutional Neural Networks[J]. Computer-Aided Civil
and Infrastructure Engineering, 2017, 32(5): 361—378.
HANZAEI S H, AFSHAR A. Automatic Detection and
Classification of the Ceramic Tiles' Surface Defects[J].
Pattern Recognition, 2017, 66: 174—189.

WANG W X, FU Y T, DONG F, et al. Infrared Ship
Target Detection Method Based on Deep Convolution
Neural Network[J]. Acta Optica Sinica, 2018, 38(7):

[14]

[15]

[21]

160—166.

REZLAK, #EE MR, B, 55 BT ZNEEPZE N
25 ) BT 2 T e B A O 1 (D). TH R PILAR A i R
43, 2020, 26(4): 900—909.

XIONG Hong-lin, FAN Chong-jun, ZHAO Shan, et al.
Glass Surface Defect Detection Method Based on Mul-
tiscale Convolution Neural Network[J]. Computer Inte-
grated Manufacturing Systems, 2020, 26(4): 900—909.
JIN'Y, ZHANG D, LI M, et al. A Fuzzy Support Vector
Machine-Enhanced Convolutional Neural Network for
Recognition of Glass Defects[J]. International Journal
of Fuzzy Systems, 2019, 21(6): 1870—1881.

sKPHY, AUk, W%, SF. LT AR R A S Y 3L
TR RE N D7 (0], THEPLIN R S, 2019, 27(2):
16—22.

ZHANG Dan-dan, JIN Yong, HU Bin-yu, et al. Glass
Defect Recognition Method Based on Integrated
Learning[J]. Computer Measurement & Control, 2019,
27(2): 16—22.

SHI J, MALIK J. Normalized Cuts and Image Seg-
mentation[J]. IEEE Transactions on Pattern analysis
and machine intelligence, 2000, 22(8): 888—905.
UMASELVI M, KUMAR S S, ATHITHYA M. Color
Based Urban and Agricultural Land Classification by
GLCM Texture Features[C]// Iet Chennai International
on Sustainable Energy & Intelligent Systems, 2014:
1—4.

SARKAR S, DAS S, PAUL S, et al. Multi-Level Image
Segmentation Based on Fuzzy-Tsallis Entropy and
Differential Evolution[C]// 2013 IEEE International
Conference on Fuzzy Systems (FUZZ-IEEE), IEEE,
2013: 1—8.

LIN M, ZHOU R, YAN Q, et al. Automatic Pavement
Crack Detection Using HMRF-EM Algorithm[C]//
2019 International Conference on Computer, Informa-
tion and Telecommunication Systems (CITS), 2019,
44(2): 502—513.

EHE, TR, BV, T SRBHR B AL Y e
FCM B4 5> BIFL (D). THEHL TR 5 0, 2020,
56(4): 197—201.

WANG Yan, QI Xiang-hui, DUAN Ya-xi. Improved
FCM Image Segmentation Algorithm Based on Markov
Random Field[J]. Computer Engineering and Applica-
tions, 2020, 56(4): 197—201.

ZHANG Y, BRADY M, SMITH S. Segmentation of
Brain MR Images Through a Hidden Markov Random
Field Model and the Expectation-Maximization Algo-
rithm[J]. IEEE Transactions on Medical Imaging,
2001, 20(1): 45—57.

FELZENSZWALB P F, ZABIH R. Dynamic Program-
ming and Graph Algorithms in Computer Vision[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2010, 33(4): 721—740.



