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ABSTRACT

Al model development

for surface defect detection from image

Min—-Jae Kim
Advisor: Prof. Jongho Shin, Ph.D.
Department of Industrial Engineering

Graduate School of Chosun University

Artificial intelligence technology due to the 4th industrial revolution
is widely used in all fields of industries such as process optimization,
qual ity control, maintenance, and service by utilizing various types of big
data collected in the industry. Numerous Open Sources (Tensorflow, Keras,
etc.) have been developed, and deep learning by the general public is
becoming common. In addition, studies on machine learning and deep learning
are being actively conducted at home and abroad. Among them, CNN [1]
(Convolutional Neural Network, CNN), one of artificial intelligence
technologies, is mainly used to recognize objects in an image. In the case
of CNN, in the field of artificial intelligence technology, in the case of
image recognition, CNN is already showing performance beyond human

discrimination[2]. Sufficient amount of training data is needed to develop

- viii -
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such artificial intelligence technology[3]. Even if there is a large amount
of data, there is no clear standard and calculation method to determine the
amount of data needed to train the CNN to develop a model with satisfactory
per formance.

In order to solve these problems, this study provides a method for
sequential experimental design and the development of artificial
intelligence models to collect the data necessary for the development of
artificial intelligence models with minimal effort. The data used in this
study can generate noise from the surrounding environment (lighting, machine
accuracy, etc.) when collecting the data on the image data of the surface
of the product collected on the automobile glow production line. The feature
of the defect was inconspicuous and difficult to discriminate, and the
feature of the defect was reinforced through the pre-processing of the image.
In the case of missing data, the peripheral part was additionally created
by Random Crop centering on the defects in the entire image data, and the
data set was constructed using the conventional data augmentation method.
In addition, by analyzing the morphological complexity of the data collected
in the three forms by statistical methods, calculating the similarity of
the data, and developing a model that satisfies the required performance
according to the complexity of the data. Transferred learning Vggnet,
Googlenet, Resnet, which perform well in the image deep learning model,
based on sequential experiment design to determine the amount of proper data
required. The verification of the model performance was confirmed by

compar ing/analyzing the result determined by the learned model and the result

_iX_
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determined by the operator. Finally, for verification of the development
methodology, we conducted experiments based on the method of presenting
three different types of surface defect data, and obtained the target
per formance with the same amount of data as required for transfer learning

of the CNN model. We were able to develop a model that satisfied.
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SLO SH(YD| He 2Ek, Bg H3L)S Zest SAFEEZ 0|0l A EHIIS
Eoll ZEo |KRE TCSICH. SIFT= 1) scale-space extrema detection 2) keypoint
3

) orientation assignment 4) keypoint descriptor & 440 Z2H £

1Ef0IA 2=2000IXIS 281 31 0I0IXI(Octave 1) 2= (0ctave 2), >(Octave

3), i(Octave 4)3212 OI0IXIo JIRAIQH EHEE =E=Z20l Blur XMelotnl 22
Octave LHOIAM @1 &St & JHSl Blur OIOIAIE W= Difference of Gaussian HAS S
ol SA&82 I <8 OI0IKNE MASHCH. 1SHH BEUHAM odcd 3212 GIoIE o

Ao EHE FEE22ZM 0I10IX2 3JI0 Sot=s SH0I o

et WS Mot F=Hol 8 WA LKA & 0l0IXe s F= S Hludt
|

H

0
Ct. 012 Sl SZ0 et sl™ S8HLS XA StCE. 10HS] bin & 10 degreeS
&ot= 362 bineZ F*AE Orientation histogram2 &S] 80%0/ A2 =0|2
JtXI= bins keypointOll S04 &tCH.
DX 22, AHAH M= OI0IXIOA Ot keypointS2l ®IXI, &, 2J| EE
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£ 16%16(12801) 01l MAH3tD 16902l keypoint descriptor& MASHCH. Ol H MA=
£ keypointE HIESZ 0|0|X We Z&ES 0t £ UC.
.\\:rrl rl :[5 ;I:\-
Image gradients Keypoint descriptor
38 4. StLIC| keypoint S S LIEILHE= 128702 =X} [9]
HOGE Tl Mol wigtatnt 2t& ) 3J|E2 1D2HGHN Histogram EEHS EXAES ==6t
BHHOICH. CHat OI0IXIE &€& A9 A=z =2stot0 2+ A0ICH Edge ZAISO bt
& TJeHCIHE 2t HistogramS 18 210ICH. Edge S& S DBt =2 THEEII| TR0
IHEIO|l S&EGHA 21, 2o E& NKEt EHIE 2AF1D JUs H20 AIsSseH| &
&olCh. OI2I0l< Haar |ike feature[12], Ferns[13], LBP(Local Binary Pattern)[14],
MCT(Modified Census Transform)[15] St 20| F2t &J] X0IE ol2d S&=S =
Eol= Oy SEHES0| AR UCH.

gadent
orientaton

magntude

histogram of
gradieet crantation

1% 5. HOG(Z}), Haar(R) Feature[10,12]
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Gabor Filter9l &

40
>
SD
.<

E,—’_
bl
=]
o
=
m

&
P
0
Mo
o]
rr
L
K
K
10
_t':_l
M
=

SH ZHOF 0L O0lsct=Xl, o= Kernel 2H2 JJIE y= 2H2 Jt=
Nz HlEs ZZol0 ZHS2 dEE Fdotl #EHel iE= MG A=2d S

T =

N2E0NZE0 DZERNZEN

ENIZZN NZENNZEN NZENNZEN

M”MIW“Q NEENIEEN NESNIEEN

III:E()III:I ﬂllﬂ%ﬂllﬂ! IIII()I“I
a C

1% 6. Gabor Filter I}2t0jEf =& Za}

O 62 (a)llA HS0AM E22 o= 15, 6= 0°0IA 360°DHAl 45741 3

D, FA0AM Ooteiz2= AE 2,4,10,202%, YE 022 o6t L& ZOICH. (b)e (a)

o SLotLt o S 52 X8 N0/ (c)E (b)2 20 S v 52 £Fsh A0l

—x'% + y2y'? x'
gx,y; A,O,¥,0y) = exp<T> cos<2n7 + lP)

x' = xcos® + ysin#, y'= —xsinf + ycosd
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2.2 CNN J[Ete] 28 HE

2.2.1 Convolution Neural Network

g2 19583 Frank Rosenblattlh HMIQtst JHE Ch&=dt X9 olZ2 Al

HEYEEZE[12]2 JIgtez YAst H0ICH O8 O 81 20l 218 A3U2

Input layer | Hidden layers i Output layer

R ANN
Am.‘( :

o9
Input 2 @ 1.\ A“"'A
' ' 0y

0

Hetel= OtESXIS2 2ol HIZ2el 540 2

A
40
o
=)

UCH. E£&F, 8t& AIZ2H0l 20l 220K WAESH(Overfitting) ol bt
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—
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Convolutional LayerOfl A

's0

FO4 Convolutional Layer,

27x37

54x74 |

Convolution2 Maxpooling2 Convolution3 Maxpooling3

<«
™~

<
0
e

12

2l 9. Convolutional Neural Networks[31]
=ES

Fully Connected Layer2 FAEIC}.

Maxpooling 1

=
(=}

116x156

12
et

120x160
Convolution 1
OlI0IX &
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=
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Pooling LayerOiiAl= =22 & AHAHN 2o RoHE SEHUM SE 20(2] FA
2 otfl U= gtS & EUigt(Max Pooling) = ZE#at(Average Pooling) S8 2
ole= HAt0l 0120 XICH. 012 Soff Jg 20 SAYe E3ds KXotHLE d=x
St A AJIE E0 HIZe2l ASEHS ZECH Fully Connected LayeriAle F&& S
A s JIE 23 AF3YN €0 &= ot Zugtel S0l 101 HE=s 1 A

Center element of the kernel is placed over the (0x0)
source pixel. The source pixel is then replaced
with a weighted sum of itself and nearby pixels.

Source pixel

Convolution kernel
(emboss)

New pixel value (destination pixel)

O3 10. Convolutional Layer0fA2] BHd= ¢4t

[&X, https://imjuno.tistory.com/entry/Convolutional-Neural-NetworkCNN]
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2.2.2 Ch&st 22X 9| Convolution Neural Network

od=
==

o

Heot= HE0A

}

L
CHEH SEHCl CNN 20| MIQHE AUCH. Image Classification CH3I@! ILSVRC(ImageNet

Son
ol
rr

ayers JIBoZ2 =2 458 ¢

Large Scale Visual Recognition Challenge)= 14200tZ& 9| O|0IXl GIOIEHE &&ot(d
2325l U322 2010982 MEIZUD, 201502 = A0 &2 THHst=E Error

Rate 5%2CF G2 Y2 Error RateE 2F It JtsotH T ACH.

28.2

[ 152 layers

l 22 layers l [ 19 layers ]
\ 67 7.3

N I

ILSVRC'15 ILSVRC'14 ILSVRC'14 ILSVRC'13 ILSVRC'12 ILSVRC'11 ILSVRC'10
ResNet GoogleNet VGG AlexNet

33 11. ImageNet Challenge Top-5 Error

[&X, https://medium.com/analytics—vidhya/cnns—-architectures—lenet-alexnet—

vgg—-goog |l enet-resnet—and-more-666091488df5]

g 2& It fSd= Set ds &d -0l Ot Layerg 2 2= 2

BHEE Sot 85 g4 SHE0| HREUCH. 20148 2 H = Vggnet [6]0lAl= Layer @
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ZO0IJt 229 A0 0™ F&0l A=X0l CHol HRSHACH. JHE H2 I 3+3
Convolutional Layer2 Z2E S 4ol &&st 20 6 52 Layer0l 2o HIAES
A0l =010, dMAQ &5 Met0leHe It 248 S =QIotRUCH. Vggnet2 1
122t 22 PEX2 RAATHULH. 224%224 3AD1°| Color O|0IXIE InputeZ2 AIZ05IS
11, Convolutional Layert Pooling LayerJt Bt=ZIH M OFXI20l= Fully Connected

Layer& S0 1952 Layer& FATIUCH.

VGGNet
0|0 (I o] 0|0 0|0 oo g‘
SIS (IE(I(IS(IEIBIEBIEIBIIEIIEIS(S(EIIA 333
<<°_<<°_<<g<<g<<°_ o
x

a3 12. Vggnet2| HESA FX[32]

3*3 Convolutional LayerE 20 &S99 5«5 Convolutional Layer®t S&st 37]9
Feature Map2 22 = ULt AIEE HI2I0IHS == &1 SSAI2F L8 2480}
LayerJb Z{XI™H Gradient Vanishing &&= Gradient Exploding &2 QIa &&0|

E 19 Layer2 =J| IOet0lIEH 2t OIEA

=

i}

HAKXCH. OlmH VognetOllM= MZ &

St&=l 11 Layer2 RAE Vggnetol HUE AI2SC2M 2HE 2oL

[

CtE Googlenetl &2 201443 Vggnetdt S2otH 2EE ez Al Top-5

Error 6.7%2 191E © ZEOICH. Al VggnetOil Blol 2201 S&ot 0l AIEE X

EpA2L 229 AxEs 0lxJF HUCH O 180A 222l 2801 2/0lots =

S

=S
[

mtetM Convolutional Layer, %2tA pooling Layer, Z=Z#H Concatenate £&

— T

Normalize Layer, '=&44 Softmax LayerE LIEFLHCE.
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Ad
A4 I”l"i i ittt

i H n
“mu H HlH"%[ i Huﬂ

12 13. Googlenet?| U ERI FX[6]

Googlenet2 = 2209l Layer2 AT otLtel LayerOfl CF
HaEZ PHCN 401K M2 O E a2 dl= Block 2XE 0]

02
]

ZF9 ZEIt

all
K

AUCH. I8 14

QF 22 PRXE Inception Module Ol2t SFCEH.

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions [) [} [}
thﬂs 1x1 convolutions 3x3 max pooling
-

Previous layer

3% 14. Inception Module TZ[6]
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Inception Module® CI2st HEHQ| FeatureE F==olJ| <6l 1x1, 3%3, 5%5
Convolutional Layer?t Pooling LayerE 221, 1x1 Convolutional LayerE &oll
Feature Mapll H=+E =0 HMEQ HAMEFE =JALCH. Inception ModuleE AIEES2

=2 =

ZM Alexnet®l HloH LayerE & A Fully Connected Layer& =0 NXI&E Q!

=
10
e

A
otetoleel 01 1/1201 EI&S HSGHRACH. S£8 Layerdb 2 O0{XIEH  Gradient
Vanishing SHMIJF &M4al=0 0IE oHZol)| foll Layer =20 Auxiliary Classifier
OA SEIE AHatotD Lt ZUE =S LayerOflA AHotE X0 SotRACH O
Z 1t Gradient g0l 02

otHLE &0l Al e XS S XotRUL.

g Dook
¥
fe 1000

34-layer residual
| el a—v}l) 12 ]
. A
23 conv, 512 {

3 15. Resnet?] HERA #=[2]

OtXI& 22 Resnet2 20153 [LSVRCOHIAM Top-5 Error 3.57%2 152 & ZEO0ICH.
8 152 20| 2o S8TE £0/J| {6 Pooling Layer, Fully Connected Layer,
Dropout Layer& AlZ0tAl &1 Vggnet FEAE WMUZ S04 O Il 3+3

Convolutional Layer@ 1JHQl Pooling Layer2 SA&TOQULCH. Vggnet, Googlenet S

JIEL RES2 Layerdt 20 E S Wet0lH It s0HULD S50 =X EAU
Sig S EdAle 2M0F 0= a2 ™AL Oleiet 0l=2 LayerE = H Xl =2
ol= =ME 18 161 &2 ZE22Z ofZotALt.
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weight layer weight layer
Fx) 1 ReLU

weight layer

x
identity

H{x) = F(x) + x

Z|= gy Residual block

%2 16. Residual Block TX[2]

=0 QaEg &0 H&Hol= Skip Connection S =0l Residual BlockS
MAMEBFACH. Skip Connection® Convolution G40l OO0 XD Y S U 2030

Il g=gt= Cols LEOICH JIES ZE=s2 LH xE £=at y2 EUFE

2 H(x) &=0lA L3t xE ¥ F(x)2 & XH(Residual )& &&&HCH. 01F O A2
LayerE &J| <o Bottleneck Block® —4oIUCH. Bottleneck Block® O ®H2
Feature Map= S KXotHME JI=2| Residual BlockE2LH E2 II2I0IEHZ &&E £

UEE ot= g-He=z2 O8 171 &2 *XI0IC0

relu

all-3x3 Boimiee 8 bottleneck
(for ResNet-50/101/152)

32 17. Bottleneck TZ=[2]
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2.3 Transfer Leaning

Holats1e]olgt AEOI StEsE 299 Jt=

X
SisAldle JIEez2 8 18l &2 LES0l UCH. HEE Cole2 20l met A

2. Small dataset: 3. Medium dataset:

p— 1. Train on oo feature extractor image finetuning

conv-64
@m®  Imagenet B\ \ ;

more datak— retral:n ;nore 0

conv-128 p— — the network (or all of it)
conv-128 conv-128 conv-128
maxpool ‘maxpool maxpool
conv-256 conv-256 — Freeze these
conv-256 conv-256 conv-256
maxpool maxpool > Freeze these maxpool
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool maxpool maxpool j
conv-512 conv-512 conv-512
conv-512 conv-512 conv-512
maxpool ‘maxpool maxpool
FC-4096 FC-4096 j FC-4096 r— Train this
FC-4096 FC-4096 FC-4096
FC-1000 FC-1000 £ _ FC-1000
sofmax Train this e

13 18. Transfer Leaning "4t 51 =X

[ZX, CS231n, Stanford University]
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GLCMZ2 gBtd ez g 192 20|

U

0EE CHEcts 0198 TASO SAl 2 BISHIb GLOM L0ICH 01N A4S

— T

GLCM &t 2 FH O0|0IX2 #2#Z= E406t)| 2ol SHE Sdgts FEsetl.

00|11 » 0 |s00)[50,1)]502 /50,3 » 0|2/0]0

ol21213 1 [s(1,00(s(1,1)[s(1,2) | 5(1,3) olol3ls
2 520|521 (522|523
21233 3 [5(3,0)53,1)[5(3.2) | 5(3,3) 0(0/0/1

33 19. GLCM AH|AF 2 of A

= OIOIEI0lASl GLCM gt2 CtS2t 201 A&t &= 0l0IXl GIoIE A GIol
HE stsoldl ?let AJI1Q 224 « 2242 2 F 2= 20 100042 OIoIE =2 &
Z X0l gt ot d, 0~32, 33~64, -+, 223~2552% HAO HRIE X &Eot0 8EH A
2 Us0 SE= Huott. = d70AMes 08 200 20| 30tk OE 22 =
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® 1. 24 HlolE GLCM A 4t}

Collection @ chosun

Level 0 1 2 3 4 5 6 7
0 0 0 0 0 0 0 0 0
1 0 33 30 0 0 0 0 0
2 0 30 2244 893 4 0 0 0
3 0 0 860 11783 | 2758 19 0 0
4 0 0 9 2641 13693 | 2320 15 0
5 0 0 0 16 2252 6550 793 6
6 0 0 0 0 8 778 1630 173
7 0 0 0 0 0 1 170 243
# 2. LA O|O[E| GLCM A|4kgt
Level 0 1 2 3 4 5 6 7
0 23486 | 1343 92 4 0 0 0 0
1 1326 855 1246 76 1 0 0 0
2 54 1241 725 1244 86 0 0 0
3 3 69 1224 756 1277 41 0 0
4 0 0 74 1254 1991 1401 17 0
5 0 0 1 52 1362 4097 726 0
6 0 0 0 0 21 720 3071 8
7 0 0 0 0 0 1 7 0
~ o4 -
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f-1
Energy = Z p(i.j)?
ij
F-1
Entropy = — Z pijlogz(pij)
—

f-1
Contrast = Zli —jI?p@.j)

f-1
. p(ij)
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_1 - - - - - -
(i —p)( — w)p(i.j)

Correlation = Z
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