creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

op
4]

M A

T
f 3
)A
7 o
X
G
~
2o 2
T ™
<
KA
Ao <]
ol X

20254

o1



7 T

1}
=13
=

Al

Design and Implementation of an Artificial
Neural Network—Based Machine Vision System

for Industrial Defect Inspection

0]
=

6

il

2025

ﬂl
o
(e
T
=
;oﬂ

v E g

Ea



T

1
=13
=

Al

Design and Implementation of an Artificial
Neural Network—Based Machine Vision System

for Industrial Defect Inspection

o
Ho
ol

g
4]

o]
=

6

giv

2025

o



ESERLER

e

‘(;)4

(e
o
tlo
-0
FN
2t

20256 6¢€

9A9AF w4 (9

abe A g g (D)

IR I - C)



Al Al 2=8] 7 B A 8 AL

ol

Ll

& OFell A

3L
[¢)

19+ (rule—based) A]~Hl

=

=] 7

o] vhe it

B

ar7ke] ]

o]LC—

w2

F(Rule—based) 7AA}

H
L.

Hi

B

A A

Zldist7] ol ar, A

=
=

w5 A4 A

Q)
=

A}e] @
71%

(V!
)

2 7]y

3
L

= o’ af

Tl A
(Artificial Neural Network, ANN)

)

o
=

ke
T

FSith. ANN

S

7hA| L BkE

dolg <

o

ol

T



e sl

°©

A 7% v

3 A=
605 S]AAA &

1=3

o

=

iz

™

Al

S
ur]ﬂkau.
=
d.ﬂuﬁaLdvd;ko
: Jsua,,mﬁro 4
o AE B w o N o -z
oo c 5 | o
X _Hxﬂ%;l#oﬂmio
ﬂﬂ%ﬂ%&%%ﬂmﬁ 3
Eo%%ﬂ%uﬂ&%%%mwmﬂ
oy WO Jlo ﬂx %o ?& g
o NJ_ = os o = Cn o) ok X
Lﬂoiuo ]oﬁdz&a}]
or < \*Jﬂ%7evﬁmi 7A
ﬂﬂﬁwﬂ% Jo O 5
N . .
wuNa_o ﬁo)ﬂﬂlaﬂdnmﬂ%
oWﬂﬂPoa m oo ~
M%LW%;%%@%W%
< T ToR H ,L o) M o * y
%ﬂﬁeaﬂﬂlﬂﬁuzﬁ?ém@
ﬂﬂqﬂ%ﬁowrllﬂimLEﬂ
Mo o 50 ~ (A B B . ;Eow %%
o) B o o o M BT E; :
ﬂudﬂ o T ~|1_IX
;wcﬁomyzﬂoﬁowegbio
M g %stjmﬂﬂWm
< o Aooﬁulilxi
_szT]rdu .ﬁ.aﬁ.igx
Wy - %4& . .5
‘Eliﬂéﬁu,ﬂn,%ﬂLﬂg@lPr
]E.._nrclnwmﬂlEmchXNﬁﬂA_lo
w1133¢2%AL :
Ho»o]}]ﬂﬂ 1_30%.
,7o»x W Mo =< =
%0 A muN% ﬁWﬂl_t Mm;l&
oo@o,ﬁANndeMﬂlWaH%dL
m X W do w 7_% f He o
Mzuauwﬂoaﬂmu ;%?xﬂﬂr
L - LB BT
T,ﬁﬁﬂfmﬁ%ﬂ%WﬂW%
v_ilux.%l@uf._ﬂaﬁn
Aa];odﬂ‘mylﬂlio]r;oh
XEﬁ‘I ﬁM ALLLO
d.@]%mow
<
He



A1

Al

Al

A 2

A
A
A
A

Al

Al 3

A
A
A
R
A

Al

1A

9 A

2

."1
................ 3
............................ 1
o
S 4
o
o = ‘9
......... q] ? RN
w o e 4
) T — 1
4T B e
o 43 e "
2 N ISUN
3| HH ° ial Neura fﬂ% ................ 3
o2 i ANSUN 1
Ar ANSU!
A8 ( o 7l o - CD
57 il PN = ICL
A 1% R N
A A 27 | 1 5 T_}%xg‘
Eﬂ ) 7]]1 ]74/‘]— 8 :rL'O/] “
I a4 e
Eiic! = A u
s of = s
2714 31 A
T 9]
o v?.
= 1l
7| &

w21
............... 99
.......................... 924
.......................... 26
—
—
=i ;SEL H7g .......................... 29
* % —
an —
/\—]7:]] 7H ol }d E— 31
= e
A D
e
2l i —
/\]— 1= T ) ;ﬂﬂa .................
A 2 sy = A
B T <o &
H]O] . 7_1 = Zj' AL
L= 1 87
i Al 2] A
:—?L -
A



=

A 4 A AZE P L FHA AL e, 33

A 1A A2RE QFALE BA 2 A7 B e 33
A 24 dHolgAl :[L/\g, a.ma]%l, F 28] TR e 34
Xﬂ 34 olFAAL 7]@4 zd 757#] 1;1_; 6_}% ;gj]. ................................ 36
Al 4 A A AE FEH L OFF|EIR] LA e 38
A5 A A]g_:l%][ ] Qe ZAT] e 41
7q] 5 ;g— 2 T T TP 48
A1 A AT AP QOF T ImO] s 48
Xﬂ 2 zé /\]/\]—ﬁ ................................................................................................ 49
A 3 A ZTE AL Q] A QT e 51
ZE 31 T F] e 56
[.‘_7“%] _7;]% @jq. o]u]x] .............................................................................. 68
ABSTRAGQCT seeerererereresersnnassrersnnsssrsntnisirsnisiienntsisnisianisimmisiemssimammmans 77



T T T

—

=

2-11
2-2]
2-3]
2—4]
2-5]
2-6]
3—1]
3-2]
3-31]
4-11]
4-2]
4-3]

3 BB SHE0] BEAJ H| I coerrreerersssssssssssssssssssssseee 7
Rule—based A]Z=83} ANN 7]RF A]2AElo] EA] H]| I - 12
= ﬂ—Oé l%o];té u]/du]xL xjj_g_ /\]_gq] ................................... 13
W AH A 7]2 KIS} HFSE H] T coereeeessseneessssssssnssssssssssssssssssnns 14
AbEst FAAA R e A= Fa A ol 17
FYBE Z| L ceveeeeeeeeeesesssss s 20
FAF A 2B JEA] s 925
BLEE 0 8] s 28
FRHIE) B A] H] TLIL wevvrsereessssssssnsssssssssssssssssssss s 28
Z A AT H| T ceveeeessseseessesssssiss 43
Rule—based 7|8k A| =813 ANN 7|8k A| =8 A5 H|WL 43



d d

o

I
e A | o\ AR R o\

d

d

RN SN B DY [ 1 s SO 4
APELBF A 28] TEAD e 4
McCulloch—Pitts FLE e 5
ANN ?& .................................................................................... 6
CNN image ClaSSification pipeline ....................................... 8
Basic architecture of a rule—based system «eeeeeees: 10
T AT H] A FEAIQ A covrssusnanssisssissinssisssusssissiessiesssasasssassssasions 11
ANN 825 1 A8 HZFTE s 29
2 A QITE O] R] crrvrvvvssssssssssesssssssisssssssssssssssssissss s 923
BMP Vision Camerq s:oseeeseeeeeereeeeresresermteno. 25
Eyevision 4.4 SOFtWare - sseressemssessisecsisesessssesssses 25

Detailed ANN—based Machine Vision Analysis Structure 30
CNN A} A E] A oo 41

_Vi_



=7
%_

)
o2

E

tH( 3k, AXd], 2019).

]

SolA TAY A% v}

=
=1

[©)

A1 A&

7] €], 2024; olFF <, 2024).

o

B

o

oli} A AZ(Threshold)ell <]

]

Az=F A7 o

<
Nfo

WW
ojo

"

T2 7]¥H(Rule—based) ¢igl&<

HAH 7]z ol

T

9
pal

SuA wAgle] Azt )

=

[}

wko

2 %

d o

A
ojnjA] HolHE

ZA v (Artificial Neural Network, ANN)=- 7]
A

]
ANNZL H]

24, A4 o )

20205 FA=S, 2016).

A

HB
IH
o
T
ﬁo
o
o
Plo

wAO

B
o5

o

F(Rule—based) <a1d]&

=]
gl

7]

=]
&

o it

S 7FA Y (LeCun et al., 2015; Goodfellow et al.,

=
-

A

=
-
2 7]

_"

3

1
s

]

[e}
E
=

H

1

o
pul

1388
ole]

S
S

=
2016).



gyHo=r S8 4 = 7|Hke] & 4 lh(Park et al., 2022).

:Lfaoﬂla 2 v)Ee) w9 "eld s FAAA ATES
& o

daﬁ, o] A= CNN, YOLO, VGGNet, ResNet 5 54 Hed =
g g4 As el 72 HAHste] JFHo] don, uYd o x4
of fdstAl e 4 A= ANN 79k g M7= AHo|rh(o] g ¢,
2022).
=4, 48 A7t 545, PCB, A% 34 5 771 4E3std Al
AEEo] Qom, wEy Fxxel o] HHYPAHo] w2 Ao #Ag AT
A A+ #¥]slh(Benbarrad et al., 2021)
AR, Ag frdo] ddd 7Y, olE, ntR ol d8E AU B, 4
1 WA HAst= B A3 T4 HE e 458 &

Al A F el A
pe|

1d S AA= =50 (Bhatt et al., 2021).
dA, A4 giFEo] dAE dHeolgAls 7Hto g g AHA A
grlo] "ol o S FHES| WY elR| E31H(Saglain et al., 2020),
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-5 A= A3 (Precision, Recall, F1—score)

of =st¥ltt(Hand et al., 2021).
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Al 2 ol wld R AY AT

A 1A QFAA4L(Artificial Neural Network)e] 718 & F%

o1 &A1 A (Artificial Neural Network, ANN)S AMEsHA A A A xS A
7]-3te A vk WAYSFS FEF o R HALSE ALk Z‘ﬂﬁ]i, okl dlo]H
o] ¥l s shEele] oS 2 BF{ 5o HF AYSs s o AedET

(He et al., 2023; Tang et al., 2019). 217t AAAE= FH T AAYEE
o A=S Aty Hkgsie FERE Ho o

1

= AF 7 2] 7Hko] It (Maass, 1997).

Neuron (Nerve cell) Anatomy Dendeie

Cell Body | v

AFANHAY(ANN) O] %7] 4384 7]‘%% McCulloch®} Pitts7F 194319

Al Ao A A|ZHE R} 0H, o]F Rosenblatt=
19580l HAER 725 S olE TS tH(McCulloch et al., 1943;
Rosenblatt, 1958). HAEZS ©d AT e Ay EF oA 2=
FrafoY, HAHAY EAXOR A4 5) o dsids 24 SAE Ay

=

2,
rO
ot
o
X
rif
A
N
[-‘E
o
I
ol
o
ko
e
2,

Ao (Minsky et al., 1969), o] t}&= ¥ A EZ(Multilayer Perceptron,
MLP) ¥} A3} (backpropagation) g5l Z AL A7|sA FHAh =

7] QlFgA AL 5o vdS McCulloch® Pittse] o] =g 7|wk md[1



EN

Y 2-3]oA &3} o, o]% Rosenblatte] HAEE =S E3
3=k, 53] Rumelhart, Hinton, Williams”7} 1986d¢e] A<t
(backpropagation) &iEl&S tUs 24T &85t H3sk Q
el HAE aRHo R FEFE F UY=EF gloH, o=

o] A 7iHto g2 zkE] Fkth(Rumelhart et al.,, 1986).
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Adut# o7 olgAl 7 (Artificial Neural Network, ANN)-& 2= (input
layer), =4 %(hidden layer), =3 % (output layer)9 3©@A F+x=E o

JATH([ZH 2-4]).
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= %7 =E
Sigmoid =9 3 & 71&7] &4
Tanh a5 29 S5 S A
ReLU e 9, 54 29 F2 el A
Leaky ReLU =2 e BA setrle d4 e
ANN2 A1 Fdol et 285oA ol &/, vs &7, 39 & v
&t Fx=2 & JheetH, Edel 52 a9 uk(backpropagation)
Adug]EH3 FAeH (gradient descent)d) S 7]Hbo 2 3w, &4 g
T (loss function)= =93 Ao 119 zpol& FX|3ste] Ed st5S i

gt 7|02, o)X BF6)AE A2 A AEZY (Binary Cross—Entropy)
7} AV gE A, 3 EADNAM = Hg A w2 (Mean Squared Error, MSE)
7F FE2 AT #HA3 7o ReE 279 gEA A (SGD) A
4 E Adam(Kingma & Ba, 2015), RMSprop, Adagrad £¢] <irg]Zo]
=J=%lar, <58 (learning rate), °ll&(epoch), WIX] = 7](batch size)s)

5 stolvyeirEle] Aol mdll Aol AAHS JIFS nH(Kingma,

=13

2014; Goodfellow, 2016).
AFA AL (ANN)2 5 HAlE Z(Multilayer Perceptron, MLP)9) %

4) AFAAZANA AFREE gy 7|HoR FE Tl S QA (error)E YT Wkow e
Agshir 7MEAE 2359 AFES s E W

=)
5) 2 8= (Loss function)d] H$#S 27] 93] vtEHoz /| H4E Ao Esl= gl 74
6) ZAzto] T 74 Zex = (el AA vs B ys AR
= ol dal 170e] w3 Sigmoid FE A
7) ARl FAE dSFshs EAlR (Al 2k, WiE, AE A A7 A5 §). ol EFAY 0 B
lo] ofe}, AHA s =Tk

8) i AEAE Quhl WA QHelERA Agek g % AA o dolHE @
B S5A7E 94, WA 270 @ del mdle] Sai vole el &

9) ole} Foz FAR ATNHPANNS 1% Fuduth. 983, L9430 o), FeFom T
Hee, 7 e AEAs 98 948 B dag,



g 7IWte s g Al 482
A Z A<l de B FEdte dole 7x24 AV ST
HGoodfellow et al., 2016). o]¥ A =53 918 A|td F+x7F w2 A
B34 217 % (Convolutional Neural Network, CNN)10o]t}, [1¥ 2-5]2]
CNN image classification pipeline®|4] H.5o], CNN o|n|x] o] =] df
Y& 35 7 S AAd YEYA=E, 4= A5 (convolution layer)
S &3l 98 delye 4 8 9Y9(local receptive field)S A 2]dkaL,
EZ9 (pooling) A5S Fa 54 W(feature map)Q] Y& Fof AL 24
4L =2t (LeCun et al., 2015; Krizhevsky et al., 2012). CNNJ

a 2
w A 52 dF olvAel §4w dHE A&kl 54 We FE3

-

O:

i

= — H

i, 2ES FE Ade F4% F, 9 A2 ATl EFE sl W
A

x)

(LeCun et al., 2002; Rawat et al., 2017).

o
I

Inpast imaige Convolstional luvers Fully connected laver Chutpast class

g ) W Ew e T &
| o |

Train

[Z13] 2—5] CNN image classification pipeline

ol¢} & CNN %+ LeNet(LeCun et al., 1998)1D),

10) olmA} G4 22 2319 "ol Aol &3ty deid RdE Al Az wd FxoM 973S
wol AAE o, e <12, AA @], 4 BF 5ol T2 AMLEh
11) £7] CNN Eg= MNIST <& 24 14 dloJeddA Hojd 45& Holw CNNY 7Fs43S 3

22 945



AlexNet(Krizhevsky et al., 2012)12), VGGNet13), ResNet(He et al.,
2016)10 5oz AR gon], 7 opleA e Fo| Lol WY +, 4
A1) o go w} xpEstEv. g4 7Nk FEAASE e FopllAe
CNNel Aol 9%d & waHE, sEel #A v 94 A 4
(rule—based vision)¥} H| P& wf =W W3}, wo|=, FF 9 vH[AHY =
Aol Addez o w2 He¥HS HAtH(LeCun et al, 1998;

Krizhevsky et al., 2012; Simonyan et al., 2014; He et al., 2016).

i
olo

A2 A HARA 7l ANdd 28 R

M A18] % (Machine Vision) &8t et tAd G4 A 7|=o] 2
atol, QIZke] A4 7o tAlsHAY Bxshs FEHE AAE AEst A

71%o]tH(Redmon et al., 2016). ©]:= A48 7hdlel, A=, =29 3], T
Q1 e, olvA] A aelE, AeA ABHolAUDE FAH (2T
2—61), =4 A4, A3 A, f1x 2F, TANE T TS AdE 7
o} (Mohammed et al., 2025; Molefe et al., 2025). &3] WhE-Z4o]al 13
of Al TAol & Ax AAAA HARHS FEHALSY AsstE A
dsh= A o w Aejvigdsiar vk (Liu et al., 2025).

12) 20219 ImageNet AR o)A 5341, GPU 7143} ReLU @43} 8= Dropout 5 &t} CNN
T2 7]Hke v

13) Ae 2719 353 ARTH AHE WBHoR Agele] YEAD ol ARHOR B ojnA]
BRSSP

A A dAste] 24T UESA A dAE 7S
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A, Adg A5 5= x}ogi wsts Ao R AFerh(Szeliski, 2010;
Kang et al., 2021). dwrdgo=z <A7AZk(Thresholding), A 3 =(Edge
Detection), 8|2=E13 4 3|¥l v]& (Pattern Matching) 52 &%
A A7 7ol E8EH, o= Ao /\]_;Qoﬂ Aol3t FHE A o7 Z3zb
Stth(Zheng et al., 2025). [29 2-7]2 HAH[A AE7H7F Ao 325
ZIRre ® Bk A S sk gfA V1N AlaEe] AWHAQl 7 E2E YER
o A4 7)eE Al 2ol A 5_7] AR I grE 2 b 2E AR A A gt A
e BaEm, A3 RES Y A8} qrF SAst dx

col HALE Alo] EEde] A2 I AES Tl AlaH dHE T4

o 7 78213} (Grosan et al., 2011).
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sd Rule Based System _~

e

Radio Control

Update Interface Initiate
Radio Control
State Action

Rule-Based System

%Cb{ ************************

urrent Fact
Initial Base

Facts :
é
Domain Fute. Pattern Rule Rule
Expert Entry, i Match Activations Execution

Rule Base

[2¥] 2—-7] Basic architecture of a rule—based system(Automation in
Construction, 2017).

T8 o]#l Rule—based WS A &7l wh=a fLdo] 7haksio
= Aol ey, o &4 Wsty uide] B4 did As
v 224 A5 Adti(Elhendawy et al, 2025). AARZ 3
(Rule—based) AIHH AJ2€l2 & W3t 9 WAL 314, 912 WA
I 22 o W] wig- mizteith. o E W, £ 59 =24, x

= ,

9, Ave F
.1

B
©

g
2
>

ol
=
o
ofk

2
o =
Rl
N &

] q 8l 4-¢9S AA FAA7]aL Ath(Belkhedar
et al., 2023). 989 7|9 2 Wik gpdly ojujx] s5S Fa 53
3 2 FAHAAME AeS k¥ eor v©XE e AT FHIY

(Yoon, 2024).

_11_



[3£ 2—2] Rule—based A|2=¥l3} ANN 7]HF A|x®lo] 54 H

3} & Rule—based A]2H ANN 7|8t A|2=H=
<4 s =5
ol Ay ey =5
FrA B il A ey aF
oHEE e Es =
444 Al g4 Aol g 2 T4 s

[ 2—-2]% Rule—based AlZ=EF} A-FAAY(ANN) 7]HF A|A~wlo] S
I3 HAEE SoA ANN

ol L
S48 A5g nolu, 344 SWAE o] 53 HolE

N

g vk o] gl e
A B3 =& 34 7teAS 7FRATE (Benbarrad et al., 2021; Li et al.,

2021; Song et al., 2013).
HAH A 7ES Ax, AE, A2 5 st Adad 244 9y €85
i dew Zb A 5Ad 2 A el AEHT odE 59

okl A= slold mwef wAl

, 2 A o, = o5
= AFow 7R EE= o &-8FHUH(Shin et al., 2020; Zhang, 2021). A
U FAE Az ME ko] 5, o9, dd AE 4 & ZUEHI)
A lom, AxRE B Aok A g Ad &7 ol = As Z

Ast7] Y&l &85 A (Gupta et al.,, 2022; Xu et al., 2024; Chen et
o
H

sopd maluld 4§ Aldls [E 2-313 2.

_12_



A} A28y

=
YA

o

o]

=

5t

<]

e A g A

Edoiy

v

tH(Gupta et al., 2022; Xu et al., 2024;

-
J2]8& A

A

Ho

Al &tH(Kang et al., 2022; He, Li et al., 2023).
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Fa2 QQtH(LeCun et al., 2015; He et al., 2023). & A Zx7]99
3
d=d 7|4k

Ndel 7hs

<]

ero =

-

4
S|
AR BA wae v

]

7] A o]
9], 2024).

A xR 8}
A 34

12}
=
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One—stage Detector®2 Y= = JHFY(Jiao et al., 2019).
Two—stage Detectors= o|E 2 F A #AHS At A GA

A7} 9 FH 9de W4 FEea, T oAA WAt 4 Fu ol

%
2

A ]

< R—CNN, Fast R—CNN, Faster R—CNNO.& #dsls 11 450

ATHRen et al., 2015). %7] EH<l R-CNN2 Agx gaoz A
=

TR ool Zhzte] thE CNN 94e H9Ao

1 A
TR g9 5EAS Tk WAeR A a&4S g7)4d
MA A TH(Girshick, 2015). Ren et al.(2015)% Region Proposal

Network(RPN)E =¢jsle] 7]& AA] & ZHdYAE 7|43 Faster

R-CNN<& Alekatgith. o] 42 wWae Fu oo 223 2R 34e sh
o] B9 e muw pAToss Ak Ao ae4Y 4REs I

A AR ol F el FoklA U Ad
%3
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o

A NS Sl olu A | AAe] A} FFHE Tl d=To=A w
2 AY Fx¢F a84idol 5ot dixn

YOLOE Redmon et al.(2016)9] o]&] xS Aotd T
Aot AAE "EA oA 3 Aes HAF
al.(2016)°] 7det Rdlw bt fdee] 54 fes &8st 2 A
2 TS A, HR¢ Agx WA YOLOS BAHS ztev

(Redmon et al., 2016; Liu et al., 2016).

B Ao E= AH YOLO, SSD, Faster R—CNN¥ 28 4% A &
A RdS 83lx Ut o= Fi AXRPAY VEH IAHES a1y
RAES 345 GPUS digf: 28] dlo]gAle] dgshn, nde

1
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ABSTRACT

Design and Implementation of an Artificial Neural
Network—Based Machine Vision System for Industrial
Defect Inspection

Oh, Chang—Bae
Major in Smart Factory Consulting

Dept. of Smart Convergence Consulting

Graduate School of Knowledge Service &
Consulting

Hansung University

With the acceleration of the Fourth Industrial Revolution, the
demand for process automation in the manufacturing sector has been
rapidly increasing. Consequently, there is a growing need for quality
inspection systems that offer higher precision and adaptability to
real—world production environments, surpassing the limitations of manual
visual inspection and rule—based methods. However, many small and
medium—sized enterprises (SMEs) still rely on traditional manual
inspection processes due to challenges such as the high cost of
automation equipment, lack of technical infrastructure, and shortage of
skilled personnel. Rule—based inspection systems, in particular, are

highly sensitive to external factors such as lighting conditions, packaging
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material refraction, and surface curvature, resulting in Iinconsistent

inspection outcomes and limited reliability in quality assurance.

To address these issues, this study proposes an artificial neural network
(ANN)—based intelligent inspection system and applies it to actual SME
production sites. Unlike conventional methods, ANN models can
autonomously learn from diverse image data and identify complex defect
patterns without predefined rules. The proposed system is designed to detect
subtle and irregular defects that are difficult to identify through human

inspection, even under challenging environmental conditions.

In this study, product surfaces were automatically captured while rotating
360 degrees, and the collected image data were used to train the Al model
to determine defect presence. The dataset was gathered from real production
environments and included various defect types such as contamination,
foreign substances, and wrinkles. Experimental results showed that the
developed system achieved higher defect detection accuracy than rule—based
methods and maintained stable performance despite environmental variations.
While traditional machine vision systems often struggle with exceptional
defects due to their reliance on brightness differences and fixed rules, the
proposed Al system demonstrated flexible adaptability and significantly
reduced false positives and error rates.

These findings indicate that even SMEs can overcome the limitations of
conventional inspection methods by adopting relatively simple Al models.
This study not only introduces a technical solution but also presents a
practical application case tailored to real—world manufacturing conditions,
offering valuable insights for the broader adoption of Al—based quality

inspection systems across various industrial sectors.

[Key words] Artificial Neural Network (ANN), Machine Vision, Defect
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Detection, Quality Inspection, Image Data Processing
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