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2.1 JEASAD 4
2.1.1 Al A&

AT Aot ¢ 5 Hefol ot ofe [ 2-1]3%
ol AA Al 7HA] Zob= EFEHIL vk 54T Aol St F2 HHY
591 ANI(Artificial Narrow Intelligence), 917t} GARE AAL S22
HolF= 7P derEQl 1325 AGI (Artificial General Intelligence), 1

=
58S 2Yote= 205250 ASI(Artificial Super Intelligence) =

r R ™
| Artificial Narrow || Machine
Intelligence Learning
L A L A
- ™y r ™
Artificial W Arificial General | | Deep
Intelligence J Intelligence Learning
A L 4
s ks
|| Adificial Super
Intelligence
L A
(18 2-1] A5 A+ AA Kelly et al., 2023)
y

HA#Y (ML : Machine Learning)-2

A =
ST 2 %5 AR Y@skn sk A7 HokrA
1

A7te] s ST} L A%
ANIS] A5 A Hokg Huwd Je1 77 st dAolaA 71 ol &
44 delyd 714e AGI] AR A7 otz EaHw rkKelly e al.
2023).



ANI= E74 # 5
A 22 FAolA oln] A ZWA &-& :
AL AAZE |19 ofEe]Ao]d-2 ANIO] tEAQl &8 Atglo]tH(Young
at al., 2018).

AGIE= 17h} fARRE o] ANEAQl Q17 Felo Zi: Al2HlS 9|
st olE Adstr] A% AF 5
T(neural network), A7} A& S5 (self-supervised learning)¥} -2 7]&0]
wr=A dEsta ity AGIPF AdE e EHolal M= ZAOl o
A7+l 7hY) glo] AeHow Sfd |
(Pei et al., 2019). ASI+= o]2%
714 Fd 7R ofyet &2l A, ARR|A kel tigh =97t oA o]
20211 9Jh(Bostrom, 2016).
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= ok, Aottty 5ol ohy WAoo R AlRshErhL, 2023).
A& &S 8T 9 HolHE /|He g Y SYA7)E HHAlolH
oMz BFv A W wAeh T BACN dE] AgHd HIAE Sty
Z24 dg o5t ol "AY 2B

2 A glol& glo] dlolHel -
18] 2o =2 L=} (LeCun et al.
A Ao Ag-S ofHA HAS ﬂtﬂi}s}l‘c Y5 A

[}
AY Al 2E Ao, A&Fd oM AEt A2 EIdhleCun et al,

)
S
—_
N4
o
o
o 1o
i)
Mo o
=
o
R
|m
N
N
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ARl EAA 71& QAFAE EaElE dH 53t A
(LeCun et al., 2015).
a8y Q35 4% 2HHe [O9 2-3]3 e 34 EAE FHb

shaL glon] o] e kol @

42 s ek AIFE Ml LA
Al s, dAEAY EREA T4 EAsS A e T g8s

Q5= wjAe] H1 9lth(Doshi-Velez & Kim, 2017). ©]

A= A1 7}*0} 21325 (Explainable Al, XAI}

cthics) §° AFE 5ol 7l&e] FR4T 3H4e v
A

A HAS %’f—?ﬁ}ﬂ AH(Doshi-Velez & Kim, 2017).

« Ethical Problems +» Guidance & Directions

r& T
%

— O
]
o
o

O

T

ol

5 Guidelines &
E&";?:gffu:f Principles for
Ethical Al

Methods to Approaches to
Evaluate the Solve Ethical
Ethicality of Al Problems in Al

« Assessment of the
Solutions « Solution Approaches

(14 Q152 2] ¥ JdBE (Huang et al.,, 2022)
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2.1.2 Al A}t

ol F A=A 7| xE= 1943 Warren McCulloch®} Walter Pitts7}F Al
eret QIF F3 mdlof BelE T4 Qltt o5 MO F¥ JIXE SO
2 rddste] 7A7F AR AHYE & 5 e 7S AASIRL 179
HAE ofg] e d2H FHEC] A2AEE ol BAE fidst= HAS
2 AIE EA4AZ & e 7I2E v 4 w2 [O" 2-4]9F Zo]
ot =2 Alo|ES] AF ®Aez AAE 4 gt

Ty 5

Na()) & Ny(r-1) Ni(t) © Ni(t-1)v Nyo(r-1)

net for temporal predecessor net for disjunction

Ns(r) & Ni(-1)&NA(t-1) Niy(t) & Ni(t-1)&~N5(1-1)

net for conjunction net for conjunction and negation

(19 2-4] ¢ 92 #i"d 3 (Piccinini, 2004)

19509, Alan Turing ‘Computing Machinery and Intelligence’ =71
A 71A As= Bokeks BHer /Y HAEE ARFSIH. o] HAEE
Z1A9] st w30l T FEHA fhevd Ase JHdY wdd 5

Utte= T4 NdS AAsHIT
1951, Marvin Minsky®?} Dean Edmondse= Hx9 414 7]A4<l
SNARCZ 75t SNARCE of2] 7o) Ay ol-&dl wHif AL
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1957¢, Frank Rosenblatte= HAE=ZZ Jdstgict mAEZS th9]
ol H

ek HAEES] A= AEE Aol iRt BAe FA ARz o]

Ul o E3et A3Y Rdso] 545tk AZI7L

unit n

19864, <A ub(backpropagation) &iz]Eo] JHEEAct 9o [
2-5]= A dagEo] deltt. gnt dvYES oF ABW] o
o

S8 Jbsab st A4l B3k WEe sseln Qe o Fad
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= stlom thefet Higle QAR dSsthe o {85t ARgEo] |d
24 7]& TH9 2%t 71271 FH At (Rumelhart et al., 1986).
1986, Geoffrey Hinton¥} David Parker= 9%at dieE|E&s A840
= Fdste] AT o5 45 A FEAZH.
1980 o] et ARt AA'E E4 2oko Hw AAS HiFH Al
A”lo] Fgste] QI HMEIEY] oA AAES AYste m=IIo|ith
MYCIN #4974 43S Adstal FBAE Adste o A= ARt

H HAEA AR} GAE A5S HtHBuchanan & Smith, 1988).

~iof x|
glign [mage Edit Comtrol Qptions Wnion =l Help

WARNING |

Your Action:

1
1) Stop production immediately.

DO NOT RUN MACHINE UNTIL FURTHER NOTICE FROM
ENGINEER

2) On hold the in-process lot for further verification.

3) Inform engineer for further investigation.

Press any key to confinue

(19 2-6] HM27F A&’ A (Tan, 2008)

[ 2-6]2 <tolo] £d 7|A9] 1A Al XS AFstste] %7 7]
&2 o)y T H|E-S A7 ARV AAHo|th HETE AlARE B
g 2oFe] EAE idste dHl Tes FAAT BT ZAE R o ¢
A7F Aqlet. o2t AR Qs 1987ARE 1997@7HA] T HH ‘Al AL
o] zlopgith T WA Al AL Al Zl&o] digt =t 7|gi7 @A} o
2] a2 QMASHAA AT AFT Aol A5 Fole AlZIE AARH

(Toosi et al., 2021). Marvin Minsky2} Roger Schank7} 1984 w]=1¢1-3-7]
Sl (AAADSIA 5 W A AG'e) TS BAHes Aiges| o
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| Hol & HA Al AS'S Holdth. Bt ZAY oALfAQ] e A
Ste d WAV AR AR AxHel die) WA wmAEL Aztel wobnd,
olg Qlsi Al A9 FEAQI ¥ sigtd 7IdEs°l 97 Au= E°A
U AashHA AL A7) AebE el HA7F o]o] Kt (Toosi et al., 2021).

1990t FHhRE] QlE|Unt AREH st=golo] dbdoz Al Aol o
b FAlo] AHI= ATt 1997 IBMO] Deep Blueet AA AlA oA 7}
Lupg xeto] Ao Deep Blue?t 218 7Aw224 AlZF )IZHS] AMLE
L}et 2 9l JlAe HolRolq AlZ} ALl HopoAr 2 ATs
S 4k A717F HdtHvan den Herik, 2019).

20109 dl= S=he= AFEe FH oA Al A7 B2 @] o]F
ozl Al719et. 20124, Alex Krizhevsky@l Geoffrey Hinton2 [Z19H 2-7]3%
z

re AlexNet@ Wste] olulx] Q4 Hofl A dede] A UFata

128 204! 7048 dense

N o
13 dense ensel

1000

128 Max
Max 128 Max pooling
pooling pooling

208 2048

(1™ 2-7] AlexNet®] CNN o}Z1€lA (Krizhevsky et al., 2012)

201649, 72 Hupl=rt gt Q3xs z233 'gukir(AlphaGo)'et
AA % HHS 714F oldlE 9de] disol A dutils 45 19z Sest
]! Aol Aatel]l Fast M-S wEQIL: HIE2 9o L7t
Adem &7] og: Aol dotie Hedy Aelels
HE i‘%ﬂﬂ 222 di=mste 719
2016). o] %2 =Rt =4 si2elA <1k M FAE ol 7+eA

]_
= AA e 013 HuRIEE [IZFe] Hlolg glo] A& shaste dutal

A AF

01r El-l

A

i ofd

1ro

r&"

s
L

Mo &% &

m[o FU
ool
O

oz

>
ph)

E

v

<

@]

=

Q

=N

‘I_
E_;

:‘2:
N
N
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AZ(AlphaGo Zero)'E 7N H< 74
2017). olM&3 gutare] tiEd2 Q1FA
7Fsd e84 =98 HA7+

ot A5S FAJSilver et al.,
O] oheFgt 4ty EofolA AlS] &
A717F = AHO et al., 2017).

20229, OpenAl+= ChatGPTE &A1t ChatGPT= AAAH-2 <o
A7t 7FsshH ofmld 2ot A4, 74 A, I AN T Rt A4S
THE 7 3 tH(Ray, 2023).

rlr
or
ol
mlo

o2 T A

32,

GPT-4 (8k/32k)

aa

24,000 words
48 pages

(19 2-8] o]d WA} HlwFt GPT-4¢] €lAE AHg] 22k (Ray, 2023)

ol OpenAl= GPT-4 292 Atstel 91¢] (13 2-8]3} Zo] A%2

oe FAAZIT Al hFst] 2 7162 skdck ChatGPTE T4 AdA
FHl=x A w8 AT Ad 5 o] BofoA AgFog ARREI olgu:],
ATAs 71%e] F24T G8=S A A

_12_



gl o] €

et

o]
o

o}

=1

[€)

A4 o2

5 HlolE,

G

oItk AAGAY Rofel i 17

i
Ho

K

2018).
BMO] 917 BFe A2g g

1

—

skl ¢tk (Miotto et al.,

<]

e

L ogEA Asdow

wo] ghAo] AL

o

]

S

A9} T
A Q

€3
€3

th(Zhang et al., 2019).
!

7

Fllde 2= 4% 3= ZUET,

0
TH
oI
Ho

[e]

[=IRcH

7= dlofE <t

ofubi glt.

L
=

8ol

tlo] &

[e]

T

\z

A

=

=8 HofolAqE Al 7]&9]
I QIoHALL et al., 2022). IBMO] ¢

ot AA =] tht 7]
St ITH(A-&t, 2017).

et aulz

2klef A

]_

ol
TO

Al

1=8

o)

B

=
or

AEAF A ZoFl AR Al 7]&e] &80

)

=

=

St 4

I}

5

]
S|

By

=
=

HA AagoR

1

=
=2 o

=
1 ok (Kamran et al., 2018).

A

°

B
A

A&Hog of
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s
=]

2.2 ey 7]8r Al of7|ElA] Ao

2.2.1 ¥]-™A(Vision) A|2E Ao

v Al AFEIZE o|uAE A5k siAste] )Ibe] AlZbA <14
588 »Ysh= 7|&o|t(Binford, 1975). B A4S Fidjzt AlA, oln]
7 A AZEge] W FNZL BEIte] A4S ASHT o]F BAs]
Fol1l BA AAE A4st dHe RAste Brd WL olsshs
582 AlFetth(Patel et al, 2021). v A|AHS] M2 Q12 5(AD ¥
HAHY ML) 7lee] T stad e 2T gEde 8ot Ae
o S&oty oS ARY 4 U BAL 29 £ Ik 5L 23
& oH(Voulodimos et al., 2018). [(1% 2-9]&= &7 27 oA A &2
2e Abgete ud Aage] TRAAS PG tholo] Tsiolck

Data Level of Specifications
model Details for images
and labels
Factory layout ¢ ¢
> DT modal Synthetic |
Assets data Develop Generate dataset Training
——— > DT model of synthetic — a:z‘:;:fﬁ';:s
3D models the factory a1 — data I
’ : !
[JTT SimIallon vr Pammelic Train &’
technologies sigorithims the object Trained it
d assels ( » d ion maodel validftion
to be monitored Real » model 43 metrics
dataset + 4
Object Deep l )
detection f!.earning Test & validate Validated model
model framework £ the object —>KP|5
> detecion [ >
> model 4 |Detected assels
Deep Learning
framework

(18 2-9] &34 oY= IDEFO tholo] 13 (Urgo et al., 2024)

2.2.1.1 Vision A|A~H 7i&

HA AJA”RR o @AY S Fof olnAE 24t siAT. 2

Al otefel [1H2-10]7 &



ER HHE | | E3E=xE
(Image Acquisition) (Preprocessing) (Feature Extraction)
L A LN
T i B
=Y U OMEH =F 2 24
(Cutput & Decision (4— (Classification &
Making) Analysis)
L i . o

[17] 2-10] H]A Al2~"l SET (Patel et al., 2012; A2 A4, 2025)

I
o

94 #=(mage Acquisition) @A = =& B
A& ARgste] olmRE A5k FHE FE AL
|2 HIETHMalamas et al., 2003).

A4 2] (Preprocessing) TAOIAE= o]z A|A, M4 BA, oiv] 274
S Bl G FEE FIAA 240 BolotA wEH o] IHFA FlA

=
e BEs Y Eik k9 Bajel e s|o] A5 AHLHThStark,

¥t Fhoijeht

o] BAY % 9

oL,

ol

E4 F=(Feature Extraction) GACIA= A A=, 7Y HE 59 &
12ES ARESte] FAelA Fonet E4& Z=tt(Malamas 1., 2003).

5 9 EA(Classification and Analysis) THAA= 3—%% =4 H
=
=

(D

gor AAE 7oALY AR

A 22 9 AFEH (Output & Decision Making) THAAE EAH
W82 ARgAAl ALstAYg AEst Aladoe] AHEt Pes Low T
Attt (Malamas et al., 2003).

2.2.1.2 Vision A|AHE] SA}

HIZ A4S HPH2 1960 X8l A|ZEQITE Z7]o= 71%4<]
ojn|z] ZEA4] 7IMa AL o] Al7]9 A= FE ZIsterA el FH

MR = A7

o] AZxdch 1980 et 1990 o= ey 7|,
a2lEo] sty Hld A|Adle] Aso] FFEJTHCanny,

1986). o] AlZle] d= 14 B OCRCES 22 Q14 7]&o] S4s3al H



A ALa"o] AAHA 5§ okl &

ob
i}

AR 2000

ddl Solde "2d Zled] Aol Hid AlaHe] 2 s
% %PHH o] 1 A]

AlexNet, VGGNet, ResNet?} 72 CNN 74t E%%O]
BR824 g7 s&o] wepgoz WA

2014).

i)
o
i

2.2.1.3 Vison A|AH] A8 Hof

de BActkeE o] B2 o= FopiA H[H AlAHEE MRIY CT,
X-ray 59 9= Jd= BAst ool Az e AS v A9
S Sttt [O39 2-11]0] Ve gub Ak g ndd olg JAfofA
Agto] YA A7) F& FAst "Alste] omilel Zdz HEIbt
(Schmidt—Erfurth et al., 2018).

A5 Bopl A HA AAHo] Ax THNN AE AFS AZe)

A 252 Alofste H T8t 48 sk S w9 AL AEste] ¢

AAel 7|1&2 A F1 Yt (Zhou, 2022).

_17_



2.2.2 YOLO(You Only Look Once) %9l

G2oh= HEo|rt. 7]ES] AA E]'Z] WSS o[RS oy 7o goo=w
wsto] 2t Foo] o] =HH o2 AAE FAck= WAQl ¥ YOLO=
AA oln|2AE g Wl AHeste] AAE Aotz WACR 84S S
oF elo|tH(Redmon et al., 2016).

S x S grid on input Final detections

Class probability map

(1™ 2-12] YOLO R4 o]u]x] &x] oA (Redmon et al., 2016)

o] Wfale [O9 2-12]¢ Zo] oz MAE IgER Uil ZF 19
Ao tiall Aol AA AA(bounding box)e} FdiA ARE FAo =3
}(Redmon et al., 2016).

[

2.2.2.1 YOLO 7H&
YOLO &mulo] A el Exo AX7F A%
Fae ABAHE Aol ool 54T Held BUSE ofnAE ofe

= 1
o A #4ste WAz FASte] o Ao omAE AHste dH 4T

o rE ok



Azl 2 El7] R AT BA] AEo] aTEE AelA AHgo] o
#gith. 2ot YOLOE olnlAg & o] Aejstel SAlshe Ao 5
QI Ze ANZE AR GATE 9T EE APl SE7h LY OE B
Wsa uwste] A5 FHL AT 4 UrhRedmon et al, 2016).

2.2.2.2 YOLO 94

YOLOE 2015¥9] Joseph Redmono] Zz=2 wrEsh A &2 2o
k. YOLO+ [1¥ 2-13]7 Zo] &< Convolutional Neural Network 4]
EQaz FAEo] AHAAZE AA HRE 7HecHA @t Rdolth(Redmon et
al., 2016).

1024 4096 £
Conv. Layer Conv. Layer  Conv, Layers Conv.
7x7x64-22 3Ix3x192 1x1x128 Tx1
Maxpool Layer  Maxpool Layer  3x3x256 33
2x2.52 2x2.52 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x102452
Maxpool Layer  Maxpool Layer
2x2.52 2x2-52

ayers Conv. Layers Conv. Layers  Conn. Layer  Conn. Layer
1x1x512 3x3x1024
3x3x1024 3x3x1024

[13] 2-13] YOLOS] ot7|8l% (Redmon et al., 2016)

YOLOS] A ®al vzl YOLOv12 7]£9] &x] #AEd H8) Hret
Ao Holtd g HYATE 22 AAof thet &€2] FFro= g
7} Qlalth 2016Wef 2rEE YOLOv2: 987 vFA(anchor box)ahs 7d-&

T Qlste] 2o A td g A5 MAstar

2018 HEFE YOLOv3= Hdet sidkeld AAE EAd o+ U=
7150l F7tElem Abe] ZRtelA who] AEE= AA x| Je=2 A
ettt (Sapkota et al., 2025).

20209de] EHEE YOLOvSw ohfet 2719 Rda Algste] AREAF

Aale] BHo] g RES AT 4 QRS sl



YOLOv6SH YOLOv72 2022\de] FxHglon F=2 mupd gl 7] o
Hio] Aol A AdYstrlof Addste s AR vl W 45 7H] HHt
oM 4% A FES TIT o+ YA HUA(Sapkota et al,
2025).

20230 rEH YOLOvSE Rdo] I1dy By 1A ?_‘r—{fi}é}o% AF
dA, 974 fx= e YR on 2024 0= WE Y ELA
= %ﬁﬁ 2k AA "2 A& 9SS FEAIX YOLOvI9o] Ty
Sfof IxEH YOLOvIOZ e a4t Hl-E BFE /ATt Rd= =52
1 %E}(Sapkota et al, 2025). [O¥ 2-14]2} Zo] YOLOv1OE 7]
YOLO el 9 8 A4 &2 HASHT § U4 d5a HoFtH(Wang,
A et al., 2025).

50.0 -~ YOLOV6v3.0 50.0 - YOLOV6-v3.0
=z YOLOvVT 9 YOLOVT
2:‘_’ 47.5 YOLOVE ‘.‘; 475 YOLONS
= - ~= YOLOWY - ~- YOLOV
8 - PPYOLOE 8 «- PPYOLOE
&) 425 -—+=- RTMDet Q 425 ~- RTMDet
YOLO-MS - YOLO-MS
40.0 Gold-YOLO 40.04 ~- Gold-YOLO
! - RT-DETR 4 RT-DETR
375 J i —e— YOLOV10 (Ours) 3754 ip —s— YOLOVI0 (Ours)
25 50 75 100 125 150 175 20.0 0 20 40 60 80 100
Latency (ms) Number of Parameters (M)

[ 2-14] YOLO &9y}t g mdlo] W (Wang, A et al, 2025)

2.2.2.3 YOLO A& Hof
YOLO mEle =g AX7F AH &7} @ 1E= A BHoloA] &
I it} 2o AFSLS AlA7to 2 . N
Hofo /| YOLO Zle afsFo|ut
2 g2 4 don ALFH Al
(Jamil et al., 2020).
Heb @4 Eofoll A
(@)



7Fsste® H+= 9 YOLO Rdo] ARETHSiva et al., 2025).
A ZAHEsE BEooAx YOLOE AE EF HE, =25 Y

OhFet 2b}doll A= ey AAzte = Agh

2 A¥stAY 29 @S ARl 229

o
=)
2 A2g P A4S J1&R A

)
>
[>

i)

32
=
T
o
w
[72]
2.
k=)
N
=)
N
w
~

ol
o
oL
N

T
u!

Faster R-CNN-& 74| Els g2 R-CNNAYE
(Selective Search 7]¥hHe] ©HdS 7RASH w21 Aokt A €2 &

o|tH(Ren et al., 2015).

Rol pooling

propuy /
Region Proposal Network, .

conv layers /

Y 7

—n

[C138 2-15] Faster R-CNN9] &< &3 Y EQ|A (Ren et al., 2015)



Faster R-CNN-2 [I% 2-15]¢F Zo] Fo Ak Y ELA(Region
Proposal Network, RPN)E &-&3dto] A4 SH g w=7A P45t
CNNE &df E7 ¥ veg HrA 39 (Bounding box Regression)E 4
Ste 25 Z=tRen et al, 2015).

2.2.3.1 Faster R—-CNN 78

Faster R-CNN< Mlcrosoft ResearchollA] Aote G2 7|9 204 A
A g2 mdolt}, o)A R-CNNXETF G829l End-to-End ot H4le &
goto] Ase A FEAFTRen et al., 2015).

7]& R-CNN¥} Fast R-CNN9| @2 Aty =g £:8 df
A3l Selective SearchE A|AsHL AFT ZA7F 213 AA7F Q=
=2 99 dSoteE A RPN& F71skalth. RPN CNN& s 5
=5 oA #We dger ot B4 JAof AA7E EANY FE 1o ST

+ B HAE SAlo] AESenh o] IAgolA ZF fiA|utet o A
7] 8t~ (Anchor Box)E AHg3s}ed ‘:’r Ft 2710t SHE A5t 2 &
= 717 FH g9 Xtk RPN Tgjo= <ls| A &% #o] 4
el AAF &7t AR AT Ren et al., 2015).

0

2.2.3.2 Faster R—-CNN A}
2014dof ¥EE R-CNN-2 Selective Search 7|®H& &85}t ojm]z] Y
A FH F9& FESHL o] F EFote FEXA SHATE Selective Search
TPt | B2 A4t Zpo] AmEo] MA|AQ] Ae £=7t o
Lao= @fo] A tH(Girshick et al., 2014).

20150 &EH Fast R-CNN-& R-CNN9| =& Az £55 74517
“Hﬁﬁ Rol Pooling 7= T=ste] A &H Jde agder EFste

Alg AlFsEA. of WAl oln|A] MAA oF Higk CNN d4te 43yt
pds Z

rel
o,
o,
=2
o
ol
ol
rr
S
)
N
N
;O [’
32,
L
%)
3
=N
O
j
N
(@)
—_
NS
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22 o] olHe TS Hebshr] fls A|lkE Faster R-CNN&
Selective Search& tA|5t7] $]5] Region Proposal Network(RPN)& 53}s}
Art(Ren et al, 2015). RPN2 CNNozRE ZE¥ =4 WS 7jftez
AR A 7Hsd0] B2 9 AFo=r dSotH AA Fx]9 AHee
oF Al £k REoA & S o] FUHRen et al., 2015).

o]% 22 AMAo] &X] 5= 7HAst7] f1ell Feature Pyramid Network
7} Faster R-CNN# 2= giek. [17 2-16]2 FPNO| Fx2&5 Hehd 7o
& FPN2 CNNO| th5 oA $& &-8sto] tpafet 2719 A& avtde
B XY 5 UEE o o A A F2] e FIAFH

(Lin et al., 2017).

2

>
A
o

> predic'tm
7 V4
£ =
(a) Featurized image pyramid (b) Single feature map
[predict )
' ) | predict
| predict -
o ¥ predict

4 /-

“—7 > predict| L
4 = - predict |

(c) Pyramidal feature hierarchy (d) Feature Pyramid Network

(18 2-16] 7]& oJulx] mztn|=2} FPN (Lin et al., 2017)
Z|Z Faster R-CNN Transformer 7]¥F A% &2 A (DETR, Swin

Transformer)¥} A=A Anchor—Free ®AS EQI5H= 5 thefst HA O

2 ¥rA™ska ck(Carion et al., 2020).

_23_



2.2.3.3 Faster R-CNN &8 Hof
Faster R—-CNN=2 t}QFqt At Hopox &g xm E5] A3t A <14

o] Baste] & AATES oot TACIA Fold A2 Wt
o7 GA B4 HopoA Faster R-CNN2 MRIY CT 59 olw G4
2 BAste] o] EASH: 99L BAsHe d] Ague] oJuFle] AP

1= =
e 5 s 51 @8xe] A% AHE AS5Hez HYEFSH= 4 A
EthHRaimundo et al.. 2023).

749 olull B4 BolAE 4% 2, 8% 5 A AT o

qeh-E rh(Rabbi et al, 2020). [(1H 2-17]12 14 oln|A]dolA 2bs
A AAE HET AHE HolErh

100% T
80% "
60%
40%

T

3
8
3]
=2
8

—— FRCNN (LR)
20% |-
= —— EESRG. A\IRL\\Endh-.
o™ i
%5 06 07 08 09 1
loU
100%
80%
60% [- .
40%
—— FRCNN (LR)
0% __ EESRGAN-FRCNN-End-to-End Y¥)
0, 1 1 1 1

P ]
b5 06 07 08 09 1
loU

() LR image (IT) SR image (1) AP vs loU curves

[(1¥ 2-17] Faster R-CNN9] 9JA] oJu]z] A HZ (Rabbi et al., 2020)

kol 3
stal tigdhs delk 85 82 4 Urh(Choi et al., 2025),



2.2.4 MobileNet A 9]

MobileNet> CNN #Z5 ZHZslet mdz wepd @ oz tjHfo]A
oA WL gl omx] AYE FxE NTH]IH. 7|E ABT
TFxo H dAEE A EolHAE w2 AFELE FAT ¢ U=E F
Aglx]o] Qci(Howard et al., 2017).

AFAT 7HF FHH o8 185 MobileNet& [13 2-18]1} Zo] Ant
EE, 10T 717], EE, dlolzlE tate]ls 53 &2 Zpo] ARt eh3g oA
T AAZte R et ZleS A er 4Pd 4 doh(Howard et al,
2017).

(o

l

Il
N

Object Detection Finegrain Classification

hato by Jusriede (CCBY 2.0 n !,- ’,a ,5,3 / ,/) |
of of of @& & .7

Face Attributes Landmark Recognition

MobileNets

(19 2-18] mHtd 717]o] A3t MobileNet (Howard et al., 2017)

2.2.4.1 MobileNet 7 &
MobileNet2 7]£2] CNNEH 7PHI §849 x5 ZH57] 93| o

2 7} 447‘42} 7%= ARSI
1 % A A3t 7|H2 Depthwise Separable Convolution(Zlo]d
Lo 53*6]‘3?)01‘:}. ARHAQ AE AR T3 BHEeF fd BHE FA
A2l stA| gt MoblleNe% o] M-S st diFE AAAFH [1H
= o] HA Depthwise Convolutions F3l] £%

el
=
T2 Pointwise Convolutiong ©]-&3f %&£ &9 AT olzgt HHAlo

_25_



2 AE A4S £stHE 7]E CNNZ}F H|wsto] dAitgko] oF 8~9uf 74
st wdlo] A=slrt 7hssiHti(Howard et al., 2017).

M
Dy
Dy —N —
(a) Standard Convolution Filters
1
Dy -
Dy — M —

(b) Depthwise Convolutional Filters

Y 74

— N —

(¢} 1 % 1 Convolutional Filters called Pointwise Convolution in the con-
text of Depthwise Separable Convolution

[ 2-19] ZAZsIE Pointwise Convolution (Howard et al., 2017)

T HA A3}t 7|2 Width Multiplier(Z& 24 A<, a)oltt. o] 7|
e o5 AR RN AA AitFE Eol= ZIMelth 71 e @Yl 1.0
defe] Hel fF2E o2 {ASHAN egle ¥FH Ad a7 HdAast
WA Rdlo] o ZPHA AT aft 2P o= teFeE stEo] e ot
gt mdlo] BXnE §d5H 243 4+ dtt(Howard et al., 2017).

oldgt A3t 7IHES 53 MobileNet2 7]& CNN 2dy} & ]— Es
w9 AYEE FASHHAE HHY 3 o7 tHpolA oA aeAoR
4L 4 A HAFHoward et al., 2017).
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2.2.4.2 MobileNet <A}t
2017d o] HrEH MobileNetV12 CNN o784 o] Depthwise Separable
wlstnt o] T8 B AUFE A FolRA

Convolution 7| 2]

o
=2 A4 A5S AT o+ AHHoward et al., 2017).
2018 =EE MobileNetV2+= Linear Bottleneck +%2} Residual

Connection2 E5to MobileNetV19] A52 7jAst mdojth, 2 &£
, 2018). 201949

7F g8 Wt om AL 5 FAE A Sandler et al.

2 E MobileNetV3E As2 =StHalst7] $sll Neural Architecture Search

7IHS Hgste] HAstE Rdo|ty, ESF Squeeze—and-Excitation RES
Aste] AL5S L FAA AT Howard e al., 2019).
20230 ¥R E MobileNetV4E 7] MobileNet of7|E]l Aol Al ALEH
Depthwise Separable Convolution 7|¥H-& ©-% F&3lstyl [OF 2-20]%%
e Ao XA A 71l Efficient Channel Attentione Este] &

= Ao= /A5t THWang, Q et al., 2020).

= =
O T= o=

N

Adaptive Selection of

@: element-wise product

[71™ 2-20] ECA tholoj1s (Wang, Q et al., 2020)

, MobileNetV4= A4t a8/4d2 Sdistst?] flsf st=glo] ekl
8s5to] CPU<} GPU?E‘?} ofygt NPU(Neural ProcessingUnit)

3
*J T2E 18
G Al HE7IHE B H5S

PU(Tensor Processing Unit)} £
g 4 Q= AAEATHWang, Q et al.,, 2020).

1w e re
.._]
-
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2.2.4.3 MobileNet A& Ho}

MobileNet HE-2 AnfEEolL} EET Zh2 43 tHfolAoA HE &
T2 ouAE AHL 4 o] olm|A] HAeoly F7F FAH(AR) T2 ofEd
AolAo| A ArgEtHHoward et al.,, 2017).

MobileNet2 wreFet 914 Z]&oe de] ARGEAL Qlt. g2 4 ¥4
oAl AHtEE AREAFS] A= AAG] Ha= diAskE 71E Sl &8k
S AT B2 AT AT ARGE L Qlth. AMEAFS] R olE AA
o= QAlste] AmtEEo|y HAE 7719 7G5S Alojshe Wl E8EHY
Zhelet= gt oAy SpAHAFS] HAEES w=A FAsti FE5te b
AR ETh o] 43 MobileNetS A AAZE A7t F437 ohggt S
| Bofo|A G854 &85 1 th(Sandler et al., 2018).

225 Al 2dl AA

2.2.5.1 AH &2 md g7} 7|F

s AA Al2H] HEEs Al Rde w2 g2] 5o =2 HIYLE
Aol ZF= Zlo] Aot 34 oAM= GPU 9 CPU AH¢ef Aok
o] Q= A7t B wEel A4k Ao a&A<l

.
(Park et al.,, 2022). Al 2E2 g 7|gF A &=
Faster R-CNN, MobileNetV4E FHo= Z+zko] 4 S =
ZE(FPS)E FE4e= Huwgt & AAstett. mAPe Rdlo] AAE dn}
U AgstA gAsh=AE HEdt. 29 medd o= Bdo] 1% 2]
& & Qe oM #E ou|stH &2 FPSE Alsste

ez]of AgtolcH(Tan et al., 2020).

1= z]

-

>
[e)
= AN

2.2.5.2 ToU(Intersection over Union)

Ut wHlo] dj2 vhed shrol Agosn shae whed Has) o
sh} AAEAE A5 ARolh, loUs AlZH wher) whagt A 7
H

9] vk HA Atolo] A= HAQl W (Intersection) ¥ A
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A3 (Union)9] H-&=2 AolHtH(Yu et al, 2016). ol g F4oz2 ®H
olq_.

ok
>

AN Bl

loU = AU Bl

9ol £Alo| A A= Rmdo] o &3t HEe Y HhAol A BE Algfo] =il
23t vk wAo] WAL Uetdth [AnBlE T ovked whAo] mwAgel
MR AAe 999 A¥S e [4UBlE T vred vrAo] g gel
AA AAS oulsitt, [oU g2 03t 1 Atolo] Alggroln] 11 42 [&
2-1]3}F Zct

[3 2-1] TIoU ZF s (52 A4, 2025)
loU %t y &
IoU =0 T gATE AY ZAA g

0 <(loU <05 |REHo=z FAATW AH Awr} 2o

IoU = 0.5 gk o] Aut Jr 7t AR (LFHAEQ] AF 715)
IoU > 0.5 = A g @24
IoU =1 AHsHA ARG

A &2 mde dutdoz [oU ) 0.5 A= (True Positive) 22 7HE
5tH, mAP(mean Average Precision) A4t A] ToU AZA1GH(Threshold)& =4

st 52 H71sth(Everingham et al., 2010).

5
2% PA(Confusion Matrix)> HEo| oS5t Aot A7 AgS H

sto] Y] 7Hx= ZERet YLolH ol [& 2-2]¢F Zo] yepd & i
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[3 2-2] &% & (Sokolova & Lapalme, 2020; 52 A4, 2025)

H e

T Negative Positive
Az Negative True Negtive False Positive
Positive False Nagative True Positive

True Positive(TP)= XElo] 9FA(Positive) 0.2 &5t ME = AARE
G MEL] FE Quigitt. o] dlo] AH3lsHA &3t A MES U
EbficH(Sokolova & Lapalme, 2020).
TP= 1A %4 NE % wdlo] oz o Z NE 5
True Negative(TN)&= Z@o] A (Negative) 22 &35 ME 5 AA=Z
T 249 MES £& 9utity. & Hdo] AasH] A=t S 4
el tH(Sokolova & Lapalme, 2020).

TN= A S V& 5 Bdo] SO oS3 A= 5
False Positive(FP)= Rdo] 9FA(Positive) 0.2 of| &S AEZ = A2 =
R

’d(Negative)dl HE2] & onettt. =, Bdo] Fdow HR 53 4

=73
£ yerdHtk(Sokolova & Lapalme, 2020).

(e

FP=4A ¢4 A% F mdo] FYOT 5T 4F 5

False Negative(FN)+= Zdo] 34 (Negative) 02 of| =3 A4

=
G (Positive)dl HES] +E Qu|gttt. =, Bdlo] 4o=

AELS YeRAtH(Sokolova & Lapalme, 2020).
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3L le) = = 3L
FN= A4 FH B F o] gHoR S 4T 4

2.2.5.4 Precision & Recall

Precision2 REo| kA (Positive) &
zo) Wlge elm@) o= g Sdew mA
Lapalme, 2020).

il

£

B}

o

)

~
Aol
A 1
=2

ku

>~

o

U>~

Provisi TP
recitsion — = o
TP+ FP
Recalle A4 94 AE Fol4 mdo] poz Fots) =g BE
L oog $H0z BAY

H| &2 2Ju|gtti(Sokolova & Lapalme, 2020). ©]
= At (Sokolova & Lapalme, 2020).
TP

fecall = —Zrppn

rol
Ry
Bl
f
ik
oo
i
i)
o

Precision?} Recall2 24 A5 H7lo| F& =
(2024), °]1%35(2024), A (Q2021)= ©] F AEE FHoz mdo] ©x]
Howel Jags FRdes Alsel ndo] H=4e

2.2.5.5 mAP@0.5 & mAP@0.5:0.95

mAP@0.5+= IoU 4AZS 0.52 13RS 1o Hd AYGTE on|siH
ey o A0 g2 FHETHPadilla et al., 2021).

mAP = EAP

z—l
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Qo] Al Pli)e AR oAlSell et Precision #tolal N2 ZF Zf
A d=of tfgt Precision—Recall 2419] EQIE Z~o|t},

mAP@0.5:0.95& ToU® LA 0.55F 0.957t#] 0.05 7tHe=2 7}t
A7IH Axtet Bd Aet=S QUV)PE}. mAP@0.5:0.95= © 42 W9
a4

fH
[oUE 1&st] w&e o ot Wb 7)Fo] & £ St} ol o2 &
Noz mAT 4= glrh(Padilla et al., 2021). 74 tt= ToU LAZES on]

st AP(t)= sig AZgkel Higt APE o]t

1 95, At=5
mAP 5.0 = }%fu%w
t=

2256 29 A vu 2 724

2 dAFolAE A-8R1(2022), AsH(2024), §<14(2024), ©lsi+(2024)

7} ofg] REo] e Hluw 245 HAlx —n—/\}0}7ﬂ MobileNet, Faster

R-CNN, YOLO RE& A7 &£k @ Aste ZwHof|A dHwsl3t.
MobileNetV4 HE-2 HHY Q a3 ]

V== AT MobileNetV4s Z@stel A4t &4

Ho7 miEel ohE RYEe] Hlof ALt 22

2-3]2 MobileNeto] W ¥ A5 Hlw Eo|c},

s

]}\1 _&Eﬂ oz /\10”9 —/F
st HAE S 95 A
wgo] ek, ool [=

[3 2-3] MobileNet HHH A5 H| (Qin et al., 2024)

Backbone COCO Val AP Pixel 6 CPU latency (ms)
MobileNet vl 31.0 66.4
MobileNet Multi-AVG 32.7 58.1
MobileNet v2 32.9 66.4
MobileNet v3 Large 33.2 59.9
MobileNet v4 Hybrid 34.0 60.5
MobileNet v4 Conv 32.6 51.3
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7H 2 #ZQ MobileNetV4E= et Ao A 2F 51.3ms ~ 60.5ms
AZO] latencyZ 129 16~19%2] olnjx]& AT 4+ QS HofErh 11
Azut ZA AR} ol B2 5 ko Aonrl qiEL Zeo]A
MobileNetV42e] H|w A F& 32 6ms ~ 34.09] A Aso] =5ty
cHETh ofgfe] [3 2-4]& Faster R—-CNNQ| theFst backbone method™
357 ot

rm

[3 2-4] Faster R-CNN¢] A% ZE (Ren et al., 2015)

method data mAP (%) latency (ms)
SS 07 66.9 1830
SS 07+12 70.0 1830
RPN+VGG, unshared 07 68.5 342
RPN+VGG, shared 07 69.9 198
RPN+VGG, shared 07+12 73.2 198

f1o] JoA 7HF Aeol 2 BYlo Hgh= 7322 =AT 179
A5 A2stk= d 198ms?] latency2 129 5%9] ojn]x]4tef A 2]s}A]
gttt o]ggt o] g2 AX7tez olu|z] At Wasdt A5 A AJAH 3
BollAe AHESH7] of Pkl mekETh

YOLO Hel2 o[mz]&E gt Higt Hest= WA wliof Inferencing &k
7 ohe Rdsof Hs m¢ w=rh ofgo] [# 2-5]+ 4 YOLO Rds
o] A "y Eolth, YOLO Rd £ 7}18$ Zof &5l ndlo 170] ojn]
22 Agsts d 1.84ms7t AQEFEBER 1% 500% o4t oln|AE Az
g 4 Qlrh 7P A 2d T3 16.869] laytencyE 1%°] 60% HEo
n 215 AT 4 QU olelgt BEA2 AARE "RV S8t A5 AAF Al
g 2HgolA e Fagt a4= Zgirt Hew Je2 giFEe] ndo]

0 ooz HAF Al2dlel] 2§ 7hset Eolnt

1:1
S

ot Mo

o]

)

>

()
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[ 2-5] YOLO 2959 A5 & (Wang, A et al., 2025)

Model FLOPs mAP (%) latency (ms)
YOLOv8-N 8.7 37.3 6.16
YOLOvIO-N 6.7 38.5 1.84
YOLOv8-S 28.6 449 7.07
YOLOv9-S 26.4 46.7 -
YOLOv10-S 21.6 46.3 2.49
YOLOv8-M 78.9 50.6 9.50
YOLOv9-M 76.3 51.1 -
YOLOv10-M 59.1 51.1 4.74
YOLOv9-C 102.1 52.5 10.57
YOLOv10-B 92.0 52.5 5.74
YOLOvS8-L 165.2 52.9 12.39
YOLOv10-L 120.3 53.2 7.28
YOLOv8-X 257.8 539 16.86
YOLOv10-X 160.4 54.4 10.70

golesl ojn)7] Aa) w2 FRHoR nARS f A5 A4 AL
SAME Al o] BE ZF YOLO Rdo] 7P 943t ALS Hoth E
5], YOLO He2 A&l e} AHo|ES Fdll 5ol /M= 1
T FORE AHA AT olFolW ABAel Bore FF B A
7F 2 Aor A fHY. olm Qls) AE AAF AlAER Zd2 AAIZE &7t
Q7ET 2T WHo] o|FolAF s BAelN A1 Age Aoz B
7hHe o

2.2.5.7 A9 AA &A] md A4

7H o HEH YOLO 22l YOLOvS, YOLOvV9, YOLOv109] A
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or
olr

fN o

Hlaske] %

o2 H

St _L

Ao HEls AAstleh. 72 Bdo] ofg HH F m WA
| A3t YOLOv82 mAP 50.6%9 AZEet 9.50ms9]
latencyE 7HAAL Qlo] SRt AP £ E AlFote] @ AR Ase He
ot YOLOV92 mAP 51.1%=% YOLOVSETH &2 AHIALE 7Fx|a ¢l
YOLOv10:Z mAP 51.1%% YOLOv9¥} 22 A&LE 7k Ql3, 4.74ms
o] laytency= YOLOvS8o| H|3 28] w2 ojujz] Az £LE 7121 ),
YOLOVO-MO] latencye= EFEO] QA ATt H|S=9F Z7]9] mdol
YOLOvV9-C&t YOLOv10-B9] latency”t Z+ZF 10.57ms@}b 5.74msQl Ao =
£ m YOLOV9-M9] latency= YOLOv10-Meo] HIS] =& AHolgtw =3t
% o

YOLOvS, YOLOV9, YOLOvI0 ZE9] A5&
W b e geheet olwA Ael £EE 7ML gl YOLOVI0 mde]
Hget mdlz ARk

N

iil

Faes e

2.2.5.8 YOLOvIO A& 29 H|W

YOLOv102 ottt ARE 2hgel wet Sup 9 Ao digt 257
0= 4 97] & oA 711 37]e md=z A= YOLOvIoS 712
672 29 'n', s, 'm, b, ", X+ ZFZ} 'nano, 'small, 'medium’, 'balance’,
large, ‘x-large'®] E& 7HA3 Gt o2 & 4 o] ol by A%
W Rde] EHErL Wob Auidor JPY W Aot wE FE £:E
7 7HE Bdold X HAECF Eob Adidor MY w2 Ak}
Ly FE ELE I FAR REdoth 7t mdlo EAL

2-6]3 £t
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E 2-6] YOLOv109] 7|2 629l (Ultralytics, 2025)

R =7

=2 ARt et @S A d¥eld 2d= dWds

YOLOVION e Selu gl A%
o | BESH AEE el 238 FAE 49 wdz AT A
TOLOVIDS 1oy 294 88 Ropo) A
urEel §50 231 1B Rdz oo AgelA g Ael
YOLOv10m =2 o —’1 K 'I—'IL = ‘—4'0 s} ooﬂ 1 o

dse AT

[e}
ks SFAL
YOLOv10b gEE W

A AL g FAE B R 3REE Ao of

i

YOLOvV101 8 me

YOLOv10x o

4 ot 3 B REds=E shsazte] A
BAEo| oA A8 dart oy BEol stEAZ £ ko] et A
HE o329 [® 2-7]% 2t Image Size 640%6402} Batch size 16& A&
sto] Sr&gle wo] ZF AR mddE AP(RE L)} Latency(FELE)E e}
Wk APO] glo] 245 Hdo] AEsh= dlo]l A 7FsAdol wou

= ]
Laytency®] gto] @245 F2& wWa2A & 4 Qlth

o

ek

[¥ 2-7] YOLOv109] 2dl 271¥ A% (Ultralytics, 2024)

nd Image Size Batch size AP Laytency (ms)
YOLOv10n 640 16 38.5 1.84
YOLOv10s 640 16 46.3 2.49
YOLOv10m 640 16 51.1 4,74
YOLOv10b 640 16 52.5 5.74
YOLOv101 640 16 53.2 7.28
YOLOv10x 640 16 54.4 10.70
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2 AFolM= 9/4%12023)9 ATl Zo] YOLOvIO AFe] oheF
st AR mdle A5 ZE(AP, Latency)E 7|5C=2 HlW EASIYrh
YOLOV10l, YOLOv10x 29-& Laytency’} Zo] AAZF €] Agof=
otz ¢kl shEAIZE Tt oh2 REEd Hls| Z7] wjiel o=k
AlZstal Mg Sfof she Z2AE 3A] 9kz]  ofob  A|Qlets]
YOLOv10n, YOLOv10s R&-& A2l = & 122 o &
Aol 2 gHAZL Qlo] B ATl =x AE
as5tA] 7] wEe Alelsttt. YOLOv1Om, YOLOv1Obh 2@
Sl ik Atole] HES AlFotH A A 84 EE AARHITL
AL E BF WEY £ Qe Fxol7] gige o] F S Agste] shg

AN
g 5 Hlawstel % nde Asts]2 shert.

10
!
|
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2.3 24 AAF 5o

g oltk(Babic et al.,

s

g A

It
=

2021).

b Aoz 7]

15

=]
=

Jo]thH(Babic et al., 2021).

2.3.1 24 AHA 78

4

s

A A

’

meo
o

(& 2-8]3 Zo] =LA A

A
I

Aol 53 &

3

Ul

Hip

27 A-gHt(Montgomery, 2020).

(Montgomery, 2020; 72} A4, 2025)

%o T
to} 0 -~ o -
m_l __ﬁﬂ: e Bl M iy
T ol = R
= "Eo| o ,ﬂa E
X g | i X i
Hr - XN %o [HE B
llo =N| o T
r 03 Mo
Mﬁ MW sl 7[R
= Nfo
jang
=
| = -
7A
1 o R S R
w | s
e . oo nH
~ o}_o | X | mo | o
Il IV R
_ | % X° Fo
3 Mo
ol
—_— _— —_— . —_—
< X | = < <
e | W | W@ | W/ w| @
Flb || ® | < | ®
GO = I I I A
<0 XA
NI = <
N =3 c3
T "

2 Are AFE el wet A Aaret 22 AARR, AAE Al o

A R LR EH(Montgomery, 2020).

%

A @A, %

<{F
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e AL W] A8 AE 3 AR AR AMd BAE B0

=4 Sddo] EARTE Hilo] &4
Feh(Dodge, 1943).

A7 HARE ABAto] AlZFEZ] HMof] XA 9 BEFO] FH2 HAkE W
Holth, ol &% dAAY FEo] FF Aol dF= nxA Ee= 5t
AEgol 24 Asts WAt (Hinckley, 1997).

+ AL ol 7 dAlM FEe AR WHoloh AAZt
=9 A2t S 22F Foll AA A o aedE Eole dl 7l
oI gt Cemenska et al., 2015).

T AAe HF AlFe] it
A mpAero 2 AH|RpoA AL E
A2 Stot(Hinckley, 1997).

H 5 S5 Aol ANk AAoln 21
N =
L -

232 2% AN /W9 5%

QItH(See et al., 2017).

71AA AAbE oA =] g@Akeb vlohy] HARNDT, Non-Destructive
Testing) 2 Wt #17] HAb= AR €94 stsg 7o #2524 F=u
W82 Brlohs AR Aol A 7es F5okeA AHHeR &

U5t} 1EY HRS U5 Del ASHHYang et al., 2020).
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M) AR AES S
ottt eld W At 17b =
(27 2-2113 2o W3} 71, QA J19 AAAF A1 @A Fom
gei, Fo gAozE 2gu P Aol A4 X-ray A4 5ol

(Wang, B et al., 2020).

Non-destructive
testing & evaluy

2 Jo 2
HH 52
:13 K
- L
= Jr
2 A

2wk e
ol
el

ke
* rg
_O, m}llr
r 1
<;~_£ 1o
lo
o M
—_ [U?I_I(J

Kl TR

0 fr &

™ ™
Visual Acoustic Optical Imaging Electromagnetic
inspection wave-based technigues technigues fields
T 1 T T T
Visual and Acoustic Infrared X-ray Eddy-current
optical testing emission thermography radiography testing
Liquid Nonlinear Teraheriz Neutron Remote ficld
penetrant acoustics testing radiography testing
. Magnetic
iy e sheor b | | logepn pice
P g grapiy inspection
Digital image Magnetic
Acoustoultrasenic correlation flux leakage
testing

[29 2-21] ®i=te] AlE 2 W7 71He] HE (Wang, B et al., 2020)
Al 2 wAeld ZIF Fab= tige] dlolH= 51X JIEAE RHo]

>,
of
i
flo
T
>
T
)
>
i)
Ku)
)
N
g
Mo
b
>
p
=i
i
N
i)
o K
B
l_n
i

L
- 3T
39 mede =ol EA T&ﬂﬂ %ll*éi A IR

(Ferguson et al., 2018).

oA AR drnYEFL HFEEY HolHete the HIAAA AW o]
ARl HlolHE Aso=x AESAY ZRote dald|Eol ohfdt 4 &
ofoll A £7] i AxHlolu FAWY AAR, HF AAH Fof E8EY
A tHChandola et al., 2009). old%] T2 dig|&S A Lo w2t &



2] "b7), Z|AIeks 7I5F o2 ERE.

A 7]‘?_}01]/\1}1: = WAk 7|9} AR ZIRte 2 oA E HXR[ttt
(Rousseeuw & Hubert, 2011). & Hx}F 7|Hto| A= dlo]g 9 BF HAE
Alikste] ﬂi—frJEXMW ge] Hojd HolEE olAr st ARl
7|9t A= HolHE ARET= the Foll IQRE Alitsto] dHbAQl w9
oA Hlojut flo]HE o|Atx 2 7S (Rousseeuw & Hubert, 2011)

T2 ZIHrel| A= AR AolE FRlelA "ol THlolHE ol A2 ©A
gt ojmf 32 1 JZoF HAE7HEY Al 7N Fo] AoHTHUI
Islam et al., 2018). YA (2019)3 FER(20200 2 7N dilelEE
&-g5to] o)A "o ¥t AHE sk

7IASE 7Hto A= ehllE H HolEE ARgste] RdlS

& Hlolg 7} o] meloA dupp Hloju=X]o] wzt o] FAE ALY
il glo] dloje] 7te] Ex, Wk, A Fo EAZ I5AA M= o]
E|7} o]/ %] 1A &A|3th(Pang et al., 2019).

N

Ny

SAZIA A

W



o EFdE oY APA+LSS o [F 2-9]9t Zo]l AYsiit
EFHE B AYATFEANA AA EA](Object Detection)F T H theFgt
A7E AP0 S A1 4= ot oI AFES F=2 ¥ g A
4, 29 g5 Hlu, St HAF oA, 223 HderAQl HAF AlAR B8 &
Aol 248 w11 Qi

[ 2-9] =W EFHE APAF 24 (d5=2F A4, 2025)

a7t | a7FA A7 727 FA o]

AgA QA | FER AR | - A5 DA A2

Bapzlol & | s & | 9o A4 AgE 98%ne v AL
WY | HUE R | A HE ujy | 4 EYE 50% 44 | 933 0y,
(2019) | HAE L%t | GagE AL, | - &P AAF Wb A | AA AEE

U AA A | Asst d3A A8 2 2 e 5| 84dd 2E

29 AT [ A2" AA | & 3

6 H it ]

PASES I 3E 20 2 - wpme mom|  samam,

CNNE O]% %3'4' EE(}Z:IE =20 E;H o A5 A 1;]3]]4 F
AN | J Q| mae g | O e S0 TTE S He, aster

Hx Hak A 9 ApQe A | © v B ’
Q0200 T3 S H 2T A BT qws maso| spenec

j] -0 = ;”]H =7 A2 244 7HsA AA =F dE

W A H AT - 71E S AHA o

S Tl

?aﬁa{ﬁ Deges o j{fﬂ%%} Are Ax o A1 H] A,
e ;&EEEL B _07“} AEse o Hed, CNN,
(2020) t amm | 9 T AR 4 oo ° > BEF A, A4

Dé% n(.;hﬂ-l:g— Z_]Ef?—} O}—,a —6H an]:% 6%01]/\1 2% Z]'E-f;:]-

A A | S8 e | B AA g gy @ °

%}_t}]j.] ==} —1" O }2‘}
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A7 | a7 ey SEEE ZA0]
- delyd oz ndol
Zo] A Z Ho° =
wen v | 58 PR A e ppcad g, | a0
o ol (3] du] o] A Al XH——_% gl ,
s | A TIAE Sgn aq o | BRSO  IEE D Tgay
Qo2) | 9d% 388 o ve, A | TEEH ggazig
aaar | 0n TR gy ze eqq | POBAE
T 44 Qo] Ao A%
Z}%i}] l?_%% &I(OLSV%N%[ - YOLOv5 42 YOLOVS,
AEAZFTA | as - s _ gl =3} B
19 Mask R-CNN Rd¥} | 252 B2
Qo |2 AL | ssp e o 3 e SUEO G
Vision %% 7—} %—](% :(v): H] HH]-E i{ﬂ—ﬁ‘\—E% E?:]l Eﬂﬂm;ﬂ
Az A7 |2 =
_ - YOLOv5 7]d§F 2
eI 2le 93 muel 49
dgAse |8 #2E Hlagug ora gx
Lo |orgm x| A YOLOVS | o goam AT, 2
EER b wn ag | 292 A8 T kSod w4 A% | 94, YOLOvS
(2022) 7_]% }\]i% O:] 91—9‘11_:00’ \:71! mAP _‘%]7}_ 75;4_, 755‘:}. Zi}%
7‘?131_ glolg L ATy 91T AFA =
= 3T 1t 3 h >
2o F e A Azl ve
== g zwe
g98de o |CNN 29S| - Convolution Layer
45 %49 | ol&d] oA | 6719 Max  Pooling | @4, CNN,
A E oy =0 ° = a-ls pt o1 %
ooy | AA Ax T | A% B B | Layer SHAS AMgSiE | WA, oA
022 | 3o @ o | @A s, | ONN mdE shgsle] | Ag, wAA
S dqold 27 | 98% Aot =
One—-Class p - gept 2w 27
s Au | NN BT gy oiga st | ama Ay
ax gl | A B NG pase) Aol 2| Az 2w
I D I B e R PR AT Az 24
(;025) One-Class Eﬂo]ﬂ_ ;_‘(jﬂi] — One—Class CNN NES-
ONN A8 | E_ TR F o wan mum Az | OneCls
sz | B5%, %0 gwed msdw 4| oW
g 7 | ust ge
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A2} A=A A A2 Ao
YOLOv52 = L - ,
YOO T~ by ge asel | amas, a4
ogn |YOLOVSE | % 75 5| YOLOvSx  mdo] | d& YOLOYS,
(023 | C18® PCB| 5T o | mAP 98.4%E 7153 | PCB S A4
%Eo]: 715]% S ul o]u];qi - _’9:1‘_]1]1] O]U]Z] }\}% %EJ%, é—@f
= =22 2% 3 =t
e b A FE SR A
- pruning 7|HE &
YOLO A4 YOLOv52d %ﬁﬁ ndo] 32%74% | YOLO, PCB
o =z pcp | o coutout 71| s} =il Fe2 oF 5% | =F HEF,
offld | Sar = A M3+ Pruning | A% 5FeF Image
(2023) | %5 qu] m | 71HE& A8st| - fine tuninge &9l | augmentation,
5; Aol 7l md | Bste] 7|E Bd B | AR} fine
= 3 s Hlw ot £2 A4S 7HAH tuning
A et |
=v% HelH
of thal ENN | - 3¢ 4 § md | E43 flolg
EGRZ¥ A o i 8"l
o2 _Z\—Gl%;; %ﬂ ZIRE AEAE | o AEE ¥ H AHMSH,
Bof5 | A3 | 2 | - T W ade | o
o] AL EA o] 2 F& | FLT Fl-scoreZHA] | &, A& &
ce T AW & A | Y E 87t
]
ANN¥} CNN | - CNNo] ANNHTk
i mEle Hes) | oot HLS Kol
Jet B o ey v | orsere) wase | 91 5
Aus | T aZﬂ_LO . Cutout 7] | & Aso] FFAE AT Cutout,.Over
o | Be EE A e ast ol A = 1= Sampling,
(2023) = Etﬂoﬂ bl H= ’q'o?_ X}T’l AR —6:7]'0]'7] CNN }‘:{“::‘1}
5 Oq_—f ClHerE S | me] w88 A ooy i
T stojm wmpEtn] | o] o] HRRhE e
B X5} =l
As FE| - o5 omATE F
°ol3z]:  H] | 28 AF o | 7SR AS L RAF
e e | o age | TS B Y| Aed, 2o
de o8 | mdE 4 Precision 7% Al e o ey
dFE | AsA AR SE, s ARl 2% mRrel ) L o
(2024) | 2F A= A | % olwA 4| false posiive Hl& | 7 Peuf.o.
28 AA g Skl wE | A 00, Frecsion
7= Bd 4% W | - 3 mz g g & Real
o 49 A Age fae A4
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a74 | aveA | a7 avas o]
YOLOvSEH
ojxpd= A | ¥  YOLOv8 | - slolu |y stolx
7153 £ o A RD 24 B 2H F IE9 5ol uhet]E,
(2024) YOLO ~7Jub | &e]  sto]n | mpetu]He ofEet = YOLO,
o 2% HAE | ¥y 24 |2 Ho As = A,
A" e skl B, F] | BY oj2td A
25}
Haeyd 71 | ML AxskE
He &89t | »d 8% H|w, | - Stacking Ensemble
ol | MCT - 7he | ARk, Adg, | Zde AUz, 4P, | Aksts, MCT
(2024) | AIEe] Ed | FI-¥4, AUC | F1-8<%, AUCOIA 94| 7Hg, AEEL,
qdF =g 7 | S Vleer A | ¥ AeS Y
iy s 37t
AA Z19E dlo] | - dH] 7HsE 57t
PCB A= 4t | H 4, PCB| - 3% 95 A&k & AP,
olgd |4 dA EHA | Ax HuHlo] A | g HAEY 4% x| dHolE HAY,
2024) | A2" F5 | A A4 F2) 7] =92 A PCB AZ, <]
At 2 HAEHE | - AH AZRHE AP k]
+3 7Fs2d AA
- A53}71H (Dropout,
Weight Decay — ™
ged ek A = -
| yoro gue | B M S ey 271914
O] %—9— %% O]%—bl__]- ?_% olE E 0] - }2—)1'6‘ Z]_Ju"‘_ 7\H —\___% OE}J_-’—ﬂ%g
(2024) | ENtE A A7 z;jg‘;ﬁ. (Recall — =2 AEs} | YOLO, Held,
A AT E /\H;\]]_':]:’ﬁl—tﬂ R3L D) glolE Al
cee T - F% AntEg &Y
Al EQHE A% ax
e B L B = R P B <
]?} L iﬂ 31‘6] E—%’% - E"O]H %7&‘ :Efi L] Eﬂo]]ﬂ =7}
olgl4+ | Packaging® | &-8ste] =@ | @] Recall, F1-Score, Fl—ScooreO’
(2024) | AulA HAY | <5 & v, | Precisionl®] F4H H Precisi ’
= P | dolE Y| 4 g% reewion
i Ax & =l
HEA(2019)= Asa A Beplo) §HUE F3 HAE AT HAd
An Az Adeiger] WEd AT dnesn 44 A% oE gns



AgRA20202 GAZIE A ALBAIA CNN BEE Saproz 2§
SHe stoluelS CNNE Abgste] 2B B3 Fastdon Wgmel =
oE 2R Fol 94T A AT Aug nage] FA T THe
e AAsT

FER(Q020)E HANAT Dol /WS AU A LED 295 B

52020 WA AHl] A4 dolHE &

2ES (2022) H 79 7%?:‘ 7&!%—% %’4’511 YOLOvS RES #-§3}to

st Rastgon) cﬂ I8 272 Atgste] st dlole BAL AjAste] o
&5 mdo] ) 89 AANT 946t B A%wel MRS AL
9le-e grelstolrt

ol

S Y5t 2™ Data Augmentationd} o]= 9 oJu]|z] A|ZLE 7]
&5to] HolHE 743t CNN RE-& sh5ato] 98%9 A& g 7|55t3i
AF(2023)2 252 AH W= FAoA One-Class CNNS -85}
L A7E sdstglon] B4 Belo] B FEL &
=

B2 = gAe et 7€ WHED aadn AYErt

_46_



(1’1, S, m, 1, X)

=

nd

1—

5

ok=
Fo

YOLOv59] th

o

—

(2023)

s
gl

]

)

FAt.
ox

9
= ow H B op B —
= NF o o % T mn_ _mr wm_m %o M Jo 1__.4 oF o o W
i go BX o o — 70 o <k
= d PE4 Py e wm T my gl X o
A_ﬂu L GUpLL % m O %ﬂ%qouﬂoulmmm L e
T ol Toll Njo " H o N °
o — o i Nr o — ©OF
o N 1 BT r oL 2 =
~ B E el Tel Tu¥TEEr ZEE
~a N ool o By B 5 o ol T (i~
g who =5 CRR RS CCHE - <X
T m e W:: T T - ol Nlo Nd T %0 Hﬂﬁ .m CU < &E 1o°
—_ 2 2 (i S A s w_e n Hp N 0 s He i <O
@ - =FF N T g Mo o 2T T ° W
CN o ,H' — N o —_— T ~
<] do WHH 5y HE N T __M._M_. B/ - < = <F Y & %o_m H S W_M N
—_— " o —
5 %x ~gw Z T a¥gE o o BT ogom L ooT
™ NjJ Z. L —_ AN KO o LH = EK ol
Ex g~ E ZqmwT 25 s Cpwm
N N - - Fea g Nl
W o 5 oy oF [ o 7 = o o 2 - 5
o 2 ° m I AR MPoy o {z =
= ,mla T o ol __ I~ Hi < m.,lo o ~3 iy ur W o Tor T w o
N 0 JJo T oMo X oo 2 Mo m) = % X
<] ST %o o HE T %o 0° w__e my < MT W_o 0 T 5 "
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N

e E Aokl A Hlu XA 3lste] 7|E9] stolw metu|E R S5t
marth Aso] FFAZ.
0]%535(2024)= YOLOvS8 ¢18j&e 8ste] EntE A €2 nde
dstlet. At 71ME A8sto] Rdl] AUEE FIAZIeH A&
(Recal) 719t 5 242 &l AA EA9 A4S sk ol& &
o 1= B A7lE BEXos AT 4 A HAoH AiF SUHx
Lol =k
o|a7-(2024)= oln]A] HolH & S CNN, ResNet 59 He
7+ JPEG Coefficent BH, Gabor Z¥ 52 AFEsStY] st5AI7l Rd-S
S

=
wokATh glolg £7F & Rdlo] Recall, F1-Score, Precision®] A= H
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sfele] dd+==

ofef [

AA| =2 (Object Detection)@} #H® thefet A7F 8= o] =2 &
& 4 Q. oY AFES F= 7IE HAMY v, 2d 445 v,
23l ARkl A AHof gt 28 TheAol 2He wEa vk

(& 2-10] a9 AFAF =4 (72 A4, 2025)
A | A A7 a7an FA1°]
Held, WA | - Al e A
SR s B R I i e B A R
FE AY 7| IHEE: Bl z7]
e ap | FO B A | A9 W Am A 4
Schmide ?g]" ﬂz(;AD o 0;1%17%] S5 = e R Art1f1c1al
“Erf = &8sl ALEqz | - A=stE Wy g Intelligence
riurt e\Re X]Q'g] =170 S o+ oiu w|© (AD, vhat
et al. ;:h;]_l U]El—ﬁ “Hﬂ:‘l‘?‘ E‘J ;%161 ;qﬂ' oﬂ:(-t): oﬂéoﬂ _] _?‘ 25} 71—/]03_;/]
(2018) e = oll-+ 2d Hrl Z] | Lot s o= o 5 113,
7} i T ‘65 ®o o5t Ak Atk
° BARYE, 9| AN AL T T TE
e, Eolm) | = 9% AT o
o A & |4 HAEeCH F4,
84 24 |94, g ) =9
- = - "Jed g2 Tl
Ao o ERUCER:
SHELTEY 9 se Aoms) ag
R 4, 29 AA g2 A
AUE AR |24, 8 H | O g0 gey, Agt
Yang et | &7dolA | efd  REO | C UL L o g =
al Y 7ol | A A 2ZHpE _14— o 22, =
. ° ol fejauig= ol oMo A=) W =R o], AntE
(2020) | At &A1 71| 71€ 2A 71 & e I e
Py 27} g8y FAZ flol €919 71 | A=, HA [
= St g o) | W AR B 1%
A Eqe] BHAYS 4
=
- Precision, Recall,
AUtE - AR | AR FANA | Fl-score & HHgRt A
bark o | FAUNAF | 2R olvlA | 2 BY 4% 43| ded, 48
Nl egde  @g |2 ONN AN | we gstmet 41| A, Avie
oy | BF AW | 2 dE ©|HsE ug AZ, CNN,
A€ 7l M| 2 A4 2 3| - AmE Ax A 48
Ll 5 dlof Aetet AAIZ &
% 27 P5Ae gl
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A7A | avEA | arad e A
- s, AR A
| Es ml waea
EA HE A S ‘hx =z
A g, | FEAA FE ST any wp,
Zh ¢ A AR A o]n] 7| H35} ng 5% gkl A Az
O EL 1 ') of A <] | - ek oy A Nt
al T 3D rugy ©— = ~ /qiEﬂ
’ AFH  HA N o | B8 S A= g o
(2022) o Ae, Ax & LT e =5 Hlo]E A ¢,
7]E A Eeﬂo]oﬂ =N 11-1:1 ’:F—QJ' CV ns a-uﬂa
a B g4 A, 5G e A =°
e A GAEA A"
& 7HsA AA
YOLO mdlel| - 7zp w2 AR
Zy Wl Hl | "R A Y, BE
ATtE A% o, AA ﬁiﬁ = 7H4_,_E%1 %%@r
Hussain o ATCQ A ik s 2% %»ﬁ% Ao H3tst | YOLO, A
M ’ S_Z]L E‘«OF;ﬂ ©€2 A B | dger W 2], ARtE
(202.3) /‘:194 \‘(—OLO A, YOLO | = YOLO ="2 7 Az, A
T Had A | g FGaaE M A 7me
= 2% Hw & | A AAeAE aE8H
4, &Y | o2 FHo ookt
37t A Bop &8 75
Faster R-CN | - Aot mdo] &
N | H3}oto] | Het HH XA =
MRIOA & | A& AHEdx | 2 HEdx 92 4=4
greks oA A, e =24 ek ',
Raimund | 3}7] gt & | A& A3 | - MRI GAoA tf Faster
o et al. | A14Q1 Faster | MRI ~ o]u|x] | oFgt 27]9} =oko] ¥ | R-CNN, MRI,
(2023) | R-CNN 7] | dlo]HAl &g, | "o dis] axal g2 | de2id, 24
gb o YA | AA €A | s &3], o8t 4
3 Aoz HE | - A AT A
A} FRE | 22 5+ U= 7HSA
e = AJAL
Swin Transfor | — 7] Faster R-CN
mer®}  ARSt | N tfH] ©2] Fgret
o omA 1 | And B4 e
A9 EALS | - o s AE R-CNN
autAo = | oA o Aty ;
Choi et | Faster R-CN il}a—djixﬂg_ ;_;lej] 73*1‘1_‘ E;(’J} Swin
al. NS Ag3t f}’}q S = Transformer,
A x5t - 4 Iy 9 27 - '
(2025) | A2 #A u . 2 A &2, A&
AHE olu]z] | AR A|AH] &g Jt 24, AR
dolgAlE + | 54 & = ]’j;—”—
% 9 @gsl| - AR EE #4 “
of g gy | AIRF EA] §8 A
9 g7} 43 2t =g AQt
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g, ot v olA Y] A 5= 9
ofqe] AFet @ FA P Sl HEd 7N A
I5-4ds xRkt

Park et al. (2022)2 ARIE Az A4 HeEldS &8t 2%
A 71 WL dFolA Az S804 - oln|AE &-8ste] CNN
Hto g rdls AA S Sh5A|F T Precision?} Recall, Fl-score 5 TF
AR Y A5 HIST 2 =2 AL} AFeE Ho] AUE Ax
Al2"of Aeket AAIZE B AR 7FsAde elskith

Zhou et al. (2022)= At Az A2doA9] AFE HIA Z]& Aol

H
A dE "JaE Hd Vled &
ELA |

i)
Nl

T

o
ret

3D rddy 52 Aok A

285 o dolg A, AA ] 2F3}, #Hixuta folgAle] fHO Fg
S Zrxstgon vigkd giolg A5 ¢t FA| X sk, A ESt ASF
H HA g JjEo] "QAS 7rxst 5G 7)HF AAZE QAFEA A AH

7 7Fs7d AASHAH.

Hussain(2023)2 YOLO RHe] ZF w o] x4 2y 542 H|ust
A AA AR @S] A9 "A AR 245K YOLO WA Ae AR
et a8, A Brieke] 7 WA AARE 'A] e As:

. _

[¢}
M, 2 FFet 5 4 @40 A9 Hder dsites A



G, EE YOLO wele Aad d4sE 717 94 FAHE asHoR
Saehv] verd Al RoplMel AW B0l 88T 4 92 sasky
Raimundo et al. (2023)= MRI o]u|z]o| A9 GHFet WHAS SH Faster

R-CNN 7[5t =&l 7k Aol Faster R-CNN2& %4 3}5}

T JfMdsty W Rt TFE Al EAotdom Ater mElo] MRI
Oﬂ”‘)ﬂfq-q Oc‘f H gE2]oA =2 A 9 A=A gdAdoto] A #
2o &8 4+ Qe 7HeAAE AASEHT
Choi et al. (2025)= Faster R-CNNZ A}&3st A2 7Fz] ¢d3LofA]
Faster R—-CNN%} Swin TransformerE ZAdstoe] ojn|z] Y 29 EAS
Ao R FEot1 F9Y AIQb WA Aol om 4HE olu|z] HolEAl
= %—6}0% nd "i}% 4 G7LE FYsttt. 7] Faster R—-CNN thH] &
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H AoAE BE AA Aa"e] 5 S8l dlold 3, 2Y gk,

g Aoz geln A% BAS TG

annotation
tool
-~

.......

cam —"/\%’\4’@*‘3

Al mc-del GPU

i inferencing

result images

(13 3-1] A<} &9 PCe Workflow (A2 A+A, 2025)

[ 3-113F Zo] 29 PColM g 7HHtE ARGl s} F&2
olmz]E Hgste] S5t 29 PCol ATt AFdE olnA| tlolHE
MR ol FAIZl & ehdy =2l CVATOA ZHzte] EFER E’r‘%‘%
wo] mushExg dlolHz vhsoldnh AAE 2hiEe 929 onAEd
Al Aol GPUIA R skgof] ARG AHolA shsd B2 oA
w9 PCE HiZHW HAZtoz BEo| 282 HASke H ARSI HAL



= .
(17 3-219] A7 B4 FAE] AAR whet 2o AWAAHY 24
2 QA 2FstAl "ot AW AAEE FPEEe 4 e &Y
CVATT} o]ulz] dlo]g, @bl dlolgl&2 FAE o] Qi &9 A|AH|
Je FHEet FEe 2% dHE '
]_

7 A E] = Database2 A4 o it

Camera(acA1440-220uc) Annotation Data

Al Model(YOLOV10) Image Data

Database(SQLite3)

Virtual Environment (Library) | Virtual Environment (Library)

(27 3-2] 7 &7 ob7IEA (A2 A4, 2025)
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3.1.1 dl°o]H ]
= HAT AF EAAS AE, obF, ¥ BFolA st & YPsto
A Ao TRel 2 el Jlet Basie ¥ 898 Sbier |
o, sh 2GS bl 1o, EW A B9E b 19, S sk 29
& 1oz PAsian
[3E 3-1] BaslerAt2] 7HH|2t AFSF (Basler, 2018)
Gl AR 74
2dy acA1440-220uc acA1920-40uc
ol B'g&eﬂ \ \K}“JLQ};}\
ALA Sony IMX273 CMOS Sony IMX249 CMOS
. 1440 x 1080 ZA (1.6 w7}k | 1920 x 1200 T (2.3 =7}
s~ ) %)
oA 37] 3.45 um x 3.45 um 5.86 um x 5.86 um
oEe &£ o 227 fps Zd 41 fps
IE o]~ USB 3.0 USB 3.0
=4 AA Windows, Linux Windows, Linux
g O

Qo] FEH At 919 [ 3-
2 JHEA LAY S50t 2 AEOR

sk WA Bk ojulxE 9

%
2 940z AR
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F 3-2] BaslerAte] @l = ARRF (Basler, 2018)

= A% 574
ndy C125-0418-5M f4mm C125-1218-5M f12mm
ol
O E C-mount C-mount
KRS 1A 23 A= 1A 22 A=
ZA1AE 4mm 12mm
olo]g] A~ F1.8 - F22 F1.8 - F22
g4 3% 2.2 um 22 pm
A A 100mm 200 mm
Al A 1/2.5" 1/2.5"
HE O
Ao ZgH WA=E 919 [® 3-219 Zo] 1/2.5'9) AA FAE 7HA

A ZAGAY d2 AlFez 285kt acA1440-220u ZhHtel] 28
= S

T 7=7F dot 33 &8=7t v

g AT 5 Yk ABS Agstarh
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3.1.2 A 2 29 PC #4
2 AFolA St58 MHl= Y ok Ao HiFe] oln|A] HolHE &Y
St AT 4 UA=E FE HEE AEolHal shgo] aeder Y
2 g xS 1459 GPUE ARgsklth. 12al 29 PC AR o [
3-31% Ak mdl &S 9o CUDAE A€sh= GPUSH 44t o]gjof] th&
e fElstes w2 899 wRrt BastH wE oy d&E8S 9
2t SSD&F CUDA A 2H4 o] A&t ubuntu OS7F @79 th
[E 3-3] sh5-8 AHet 29 PCOl ARF (A7 A4, 2025)
s Server Operating
AMD Ryzen Threadripper Intel® Core™ i7 processor
CPU PRO 5955WX 14700K
Memory DDR4 256GB DDR4 32GB
GPU GeForce RTX4090 GeForce RTX4060
A E 7] SSD 2TB SSD 1TB
(ON ubuntu 22.04.3 LTS ubuntu 22.04.3 LTS
cuda version 12.3 12.3
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3.1.3 dloly =hid &

ol E e

Annotation Tool)S

=

371 gt ojkgo]d =& CVAT(Computer Vision
AHgstelth, CVATS IntelAtoll A st o ZAA <

718F 34 oty g4 2 olu|z] dlofele] tisl HRed dhA EEE, 7]
FRIE To] tiefet gejo] A4S AUgth B =i AA ®©x], 23 &
2 5 AFE v Al Bast sy dolHE Ak o E8EHH o
AR B, AHs F4 7%, oS dlolg] ZHM(YOLO, COCO &) HE
W71E Adste] dii= o8l 5o Aottt AAHIAR AFEE 2
2kl HH-2 ARgo 1110*01 “io} =24 AEA] AAsto] epilEo] &85
Arh. AHESH CVAT ®H2 [# 3-4]9 £t
-4] ojHo]d & CVATO] 34 (d+a A4, 2025)
HA F HA
Server version 2.7.0
Core version 11.0.3
Canvas version 2.17.4
Ul version 1.55.4
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A o] "o] A7y WeF het Z4ret 2H Fo| 7 wsto ot
2 pd Al 52e vzl 95 AAR AFRE AA S4S WA AASH
Hell dlolg] =3 Aot B2 1 F9T o B FHe} s
77y 13 Yoty R SHS BES 9 WFeR 90° A 3H AA

7t Zgste] A A sieEteld 4%, S st Fieigtell s 479 ofn]
AE d5sto] 5 stig & 1099 onAE fS5stale. 1719 F&olet
= Ode Axold 928 + A=S UM 1084 ZYsignh 29
& 327 T A= e 0} (& 3-7]% 2ol 133l e 4 2% &3
iz 525 12704 gEsto] F 20470, 28]3toll= 13]2tel o F55kA] 23t

L’i

1371 =% 739 FEs= T FHst F 9N, 33jFtele 29)3teA
S5 Rt 1l =% 799 FES= 1Y FESHo] F 44719 HolH
= TSN webA Rt olmA] HlolH = A 16,9507H, st 16,950
N, & 33,90071¢] olmlA] HolHE +Hst] AFAFE AysIA.

o

N

. _ SIAPE 2% (V) _ _
T =2 AR = pEn 337 2o AXE 2F O
ApHL 2,040 910 440 3,390
= 2,040 910 440 3,390
A = 2,040 910 440 3,390 16,950
ikl 2,040 910 440 3,390
T 2,040 910 440 3,390
S 2,040 910 440 3,390
= 2,040 910 440 3,390
St = 2,040 910 440 3,390 16,950
ikl 2,040 910 440 3,390
| 2,040 910 440 3,390
A 20,400 | 9,100 | 4,400 33,900 33,900
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So] chepat AH e
29 ol 454

A7(2023)2] A3} Zro] E

A Lolzx AA, s|AEI# HE3t CLAHE ¢ug&
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3.2.2 dlolg =4 2%

F 329 dolH +3e Hﬁj 7IE A ASATE AR eH 2

% A} ok} [ 3-813 2o] F 8.713/49] B2 A,

[ 3-8] 29 A5 BYF 2P 4 (@FA A7, 2025

i} 12+ 22} 32}
=F P M) (M+1) (M+2) 2 o
93] = _ = &AD
i | =5 | ol | 2=2E | @4 | F=E
HE "ol 114 | 489% | 66 | 77.3% | 53 | 100% | 233
HE 913 354 | 66.8% | 115 | 88.5% | 61 | 100% | 530
g A =9 | 457 | 56.6% | 245 | 87.0% | 105 | 100% | 807
»zow A3 | 247 | 50.1% | 187 | 88.0% | 59 | 100% | 493
At | Zeme wel | 177 | 553% | 110 | 89.7% | 33 | 100% | 320 | 4,583
Ze¥ne o7 | 475 | 100% | - - - - 475
08 wd 200 | 50.0% | 200 | 100% | - - 400
o%d %% 476 | 100% - - - - 476

AA 232 | 447 | 52.7% | 329 | 91.4% | T3 100% | 849

HE #oly 219 | 37.2% | 166 | 65.5% | 203 | 100% | 588

RE T4 335 |1 69.4% | 90 | 88.0% | 58 100% | 483

I8 5 320 | 56.0% | 147 | 81.8% | 104 | 100% | 571

gg2o8 A | 245 | 41.1% | 177 | 70.8% | 174 | 100% | 596
stk 4,130
ST wy | 256 | 65.5% | 83 | 86.7% | 52 100% | 391

W=y g | 418 100% - - - - 418
0" 1Yy 300 | 55.5% | 241 100% - - 541
o" %% 542 | 100% - - - - 549
SHA| 5582 | 65% | 2156 | 89.7% | 975 100% | 8,713 | 8,713

12} ehas Zele 20249 89 49 ~ 20259 19 59 (SF 570¥) Bt
AesEglom 27 el 2l 20259 19 62 ~ 29 259 (oF 274%), 3
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A e Al 20054 29 269 ~ 39 319 (G 1Y) B AR
13 217 F B o 644% FEES Uehion], 2% A7 B¢ B

A2FE(2020), ©1R1w(2023), ©]A5(2023), 2&5(2022), 3H45(2022)2]
AqelA dlole TS E89 AAE £ AfolAE dole $74-& st
Aot YOLOvIO REe] 7|2 37 7|[so2k FET 4ol FRl=o &
Aode flipleS Al dlole 74 Ta stolx mpata|e o] 7| Zghat A
goto] e shsg HePstolrt. shsoll AHgH dlole 7 #d stold ot
2tale] o] JH= offel [ 3-9]¢t 2t

[Z 3-9] dlo]g Z7 =& stoly mtetn|g (A32F AFA, 2025)

sfolm mlatale] 4]
hsv_h 0.015
hsv_s 0.7
hsv v 0.4

translate 0.1
scale 0.5
mosaic 1.0

YOLOv10met YOLOv1Ob ZE2 AR sieet mdl, sk shefjet =g,
9 g siet 29, 59 sk shdet R A7 SREAA F 8719
2ES ghEo] Hrgh Bd HAES 9o 9E(2023)9 ArolAet 2
o] stolm wetulE 2AZ sto] AEaplon ST setHE 8 2d &
Fol s AEHAH. AH8E stold retvE o] HHE [® 3-10]3%
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[ 3-10] 24 g8 sloly dtatulg] (A7 AFAL, 2025)

Sfol = zfetule] A
Epoch 300
Batch size 16
Image size 640
fliplr 0.0

1r0 0.01

Irf 0.001

Batch sizet= 7] 2391 162 AR89l Epoch= 30035 AFHE3UTt. Image

sizels RO A5 918 A 640 ALESAT WAl Fag Bl
BEo] ZAs] el oluAE 2w
0.0& AHgteet. Sgol 2198

71 s If2 0.0012 HAst g

H
e
lo,
o,
olr
o
L
>,
v
(0]
)
)
rr
S,
filo
ok
)
ol
i)

YOLOvIOm®] A, s,

Zrt.
[£ 3-11] YOLOv1Om 2ol A% (AFAF AFA4, 2025)
nd mAP@0.5 mAP@0.5:0.95
ApE 0.995 0.953
SFX 0.995 0.869
=9 A 0.992 0.881
= st 0.983 0.879
= Sigt ndd

shgol ¢hm® YOLOvIObe] 4%, otf, ZH A,
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[& 3-12] YOLOv10b 2Ho] A5 (A2 A4, 2025)

i=1e) mAP@0.5 mAP@0.5:0.95

Agn 0.994 0.960

s 0.994 0.911
Zd A 0.992 0.893
= sjt 0.995 0.888

YOLOv1Om 223 YOLOv1Ob Rl mAP@0.5 A FEE= 2 o] glo]
Az HZst A7E UePAATE mAP@0.5:0.95 A EJA AR mHEe
0.007, stF =g 0.042, &H Ad nde 0012, =9 sig¢ Zge

0.009¢] 4% #te]lE& Ho] YOLOvIOb Z¥o] YOLOv1Om Lglof Hlsf o
st EFS "ok A%E W71 "ol YOLOvIoh REe HF =

CERSELEE

kT
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FAce ofdisl 7

YOLOE ARESHAL o|uj#E A& & == ¥ 2tojHeies

o

filo

=)
=

2

cv2
torch
ultralytics YOLO
math
copy
numpy np
PIL Image, ImageDraw, ImageFont

5 Q=% 77t Alehn FEol AL device
SH
=

T cpu A &9 PCol AFH GPUZ ARgs}

model_top = YOLO('models/top.pt')

model_bottom = YOLO('models/bottom.pt’)
model_topside = YOLO('models/topside.pt')
model_bottomside = YOLO('models/bottomside.pt')

device = 'cuda’ if torch.cuda.is_available() ‘cpu’

model_top.to(device)
model_bottom.to(device)
model_topside.to(device)
model_bottomside.to(device)

predict &E& 5ol Bdo] Hx|otal £ FHE 7FALt draw_text &

TE A3 olnz]o] vl2Y ¥FAQL confidence A= 1T

Ol
=

(model_type, image_filename):
source = image_filename
ng_image = copy.deepcopy(source)
results = model(crop_image)

box results[0].boxes:
data = box.data[0].cpu().numpy()
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xyxy = data[:4].astype(int)

x1, y1, x2, y2 = xyxy[0], xyxy[1], xyxy[2], xyxy[3]

X, ¥, w, h =x1, y1, x2-x1, y2-y1

cls = data[b].astype(int)

conf = int(round(data[4], 2)*100)

cls_name = results[0].names[cls]

ng_image = draw_text(ng_image, cls_name, X, y, w, h,
conf=conf)

ng_image

ool A&t &% WY x, y, widh, height gt = Hied BAE 1

2|1 A5 EFYT confidences FA|RTCE

i

t(image, text, x, y, w, h, conf=0):
image = cv2.cvtColor(image, cv2.COLOR_RGB2BGR)
overlay = copy.deepcopy(image)

if conf > 0O:
text = f"{text}({conf}%)"

cv2.rectangle(image, (x, y), (x+w, y+h))

cv2.rectangle(overlay, (x, y), (x+w, y+h))

alpha = 0.2

image_new = cv2.addWeighted(overlay, alpha, image, 1 - alpha, 0)

cv2.rectangle(image_new, (x,y-text_h), (x + text.w + 4, y))

pil_image = Image.fromarray(image_new)

draw = ImageDraw.Draw(pil_image)

draw.text((x+3, y-text_h ), text)

final_image = cv2.cvtColor(np.array(pil_image), cv2.COLOR_RGB2BGR)

final_image
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AA FF divl vE

94.66%

5.33%

A AT F oF vl (A7 A4, 2025)
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33,900%<] olujz]et 8713709 22 Sh5H o] HiF A (mAP)
L 0091

L mAP@0.5914 0.994, mAP@0.5:0.95°4% 0.913& 7|&Es5}gon ==
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The manufacturing industry has recently been integrated into a
production process where advanced technologies such as artificial
intelligence (AI), big data, and IoT have not been applied before through
rapid automation and digital transformation. This change resulted in a
new manufacturing paradigm focused on maximizing production efficiency
and enhancing competitiveness. In particular, the focus is on adopting Al
technology as an important tool for innovating the quality control

process.

_86_



This study presents an empirical approach to improve the quality
inspection process of the automotive parts manufacturing sector by
utilizing vision—based AI technology. Previously, defect detection relied
heavily on manual visual inspection, and there were several challenges.
Skilled inspectors played an important role in maintaining inspection
quality, but frequent retirement and turnover reduced the transfer of
experienced personnel, leading to lower defect detection rates and lower
productivity. In addition, human judgment was prone to errors and
contradictions, and the effectiveness of quality control was limited as the
inspection time increased. The cost of maintaining experienced inspectors
was also considerable.

To address these problems, a rule—based defect inspection system using
computer vision was introduced. These systems have the benefits of
automation, but they suffer from complex defect patterns, are sensitive to
environmental changes, and require costly updates whenever new defect
types emerge.

Therefore, this study aims to improve competitiveness by increasing
inspection speed and automation using Al technology. The object
detection model was applied to overcome the limitations of manual
inspection, enable accurate detection of defective parts in real time,
eventually improve inspection accuracy, and promote automation of
quality control processes.

In an automated inspection environment, fast and automatic defect
identification is essential. Recently, deep learning models such as YOLO,
Faster R-CNN, and MobileNet have been proposed, each providing high

detection accuracy and real-time processing capabilities, contributing
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greatly to automating manufacturing workflows.

This study focused on the development of a fully automated defect
inspection system that replaces traditional manual inspection. We collected
data on the target products of our partners and compared the
performance of YOLO, Faster R-CNN, and MobileNet models in terms
of detection accuracy and processing speed. Experimental results showed
that the YOLO model is superior to other models in both respects.
Overall, this study confirmed that deep learning—based object detection
technology is practical for real-time inspection and defect identification in

automotive component manufacturing.

[(Keywords] Smart Manufacturing, Al-based Quality Inspection,

Automotive Parts Manufacturing, Deep Learning
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