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Abstract

The rise of generative Al and its growing adoption across manufacturing industries have fueled demand for robust
unsupervised anomaly detection systems that are well-suited for real-world industrial environments. Vision-based
inspection models reduce human error and boost efficiency, but limited defective data due to short product cycles and
high-mix, low-volume production makes supervised learning difficult. This study applies f~AnoGAN to high-resolution
grayscale images from a home appliance manufacturing site. Unlike previous approaches that use SSIM only for
evaluation, we incorporate it as a loss function during training. We then analyze how detection performance varies
with SSIM usage, weighting, and window size, providing a quantitative assessment of the trade-offs between anomaly
sensitivity and structural robustness. Furthermore, our results confirm that applying SSIM loss with an appropriate
weight in combination with Feature Matching loss significantly improves anomaly detection performance.

Keywords

unsupervised anomaly detection, f~AnoGAN, structural similarity index measure, industrial imaging, structural similarity loss,
hyperparameter sensitivity analysis

* AT AA| AU LAARY * Received: Jul. 25, 2025, Revised: Aug. 08, 2025, Accepted: Aug. 11, 2025
- ORCID': https://orcid.org/0000-0002-9725-7990 » Corresponding Author: Wonhee Lee

- ORCID*: https://orcid.org/0000-0003-0244-6914 Dept. of Autonomous Manufacturing Research Center, KETI

- ORCID’: https://orcid.org/0009-0007-5628-2878 Tel.: +82-31-759-8126, Email: zsedSO@keti.re.kr

- ORCID": https:/orcid.org/0009-0006-9762-8583


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2025.23.11.161&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

162 7HAAIF Zof 7k2A B3 E -AnoGAN 85l &4 714 JA S 918 Ue B4

_O‘E
-
2 o I
ox
=
N
4y & o

i)

AL A3t

TR
lo
=

N
N
Suigy (VRys:3
éﬂ-‘

M
)
il
2

o
)y

of
ol

:L—[g_&rsﬁim{mogj:l-noﬁjeﬂ
a

M=

o

£oxo rr

v}

o

®

o

A 292, 7]¥ AnoGAN9| dAE
SEat7] 98 AAE A48d Al AZH(GAN,
Generative Adversarial Network) 7]¥F F-Zo|t}. 7]&
AnoGAN©| g ofm|A|o] i3t A I3+ 23}
5 WEHOE  Fsjor Pd AP g,
f-AnoGAN-S HEo] QIFTE 3IGAIA wWeE F2
I Fog 4 e Fgol JhssA @tk HE
o) M olm|A AT Laket WHY| A At
o](Feature residual)s At ALtEH, o= F4
o] AFAY LT Y g5 Bl
nA ol AzdE &HAdo] AFHIUTHI. =
3t fAnOGANS AA| A2 FAME wE F2
5, 9@ A4 2 AFE AdgAE AL
olFE BAFH2)3], ol AAZE AT &2V &

- A Aol

Al
7b itk SRARE B =wollA Aldtete EddTE
A2l SSIM(Structural Similarity), ¥ =g £ o2
ole} #HH stolyutetrlE] 7o F5AE T &
?j
l;_l

by Fdol Rde AuAd BH A &
A AYro ofF s vAEA A i AFA
#7F F53s AT

olgfgt A7 FWE s|Asty] Hsll, & AFolA
= AA 7hd BF AARlolA FRE 2448%2048
T ZW G HolHE &8st AATE
Tt ojwA W A2 Fgo EAsks HA
AZS fAnGANC.E BHAEla, F23 fALE A

| 97
Bl Azbo] FHI DT G/l
AUEE HAgletaat stoith
AR AT M= f-AnoGAN A5 S
A WA A TEAE 2AAU6)], FAH Ul
E43 AT A4S ATshe o E AT
N7 NS vF QJou7), F2F
T Ags BANOE & dAFEs AY
E EHM = SSIME H7F A E=Zt
o} 5 &4 FEA AR TEE e
SEOR[10]. oo # dFE oefdt &4 g4
(SSIM, HA wjH)e] =9 2
o] xd Ao ofl JF& mA=AE APHL
2 BAeY =g B A7 <y epochdt
A threshold W} W2 f-AnoGAN 452 3}
€ 2D SEY FHE AAsete A2 F7 H2
HE T8tk 149 thresholdol T o] &3}A] ¢
31, Fl-score®} AUC(Area Under the ROC Curve)2|
W3l e BATo RN Y % N FE9)
o M= ko] WAE TS AfHHoF metd
& UL, o5 Fd) threshold 24, 27 F=
(Early stopping), AF9 @& A& A9 HAA wj=
of theh AAAHQ slo| =8 AASAT. Y A
SSIM &4 &8 A3 715 A2 Feature Matching
£43 A ALY AS AHYE A4YEE oWA
A o]} &2 Aol fFoulstAl & =
olstyth 3 SSIM 9= A2 A% =719
El ot
A

b o &L

o
o

oxl
g
n
=L
B
ol
ok
o
o
)
r
Lo
of

3]



Journal of KIIT. Vol. 23, No. 11, pp. 161-169, Nov. 30, 2025. pISSN 1598-8619, e[SSN 2093-7571 163

1. HHOIEIST & Al At

B A3= A7 A SN 19 1A E
12 HAE HlOlEia_— Tpte g Ags Fayskh.
HE dolEHAS W ZPAAIEEL) B 7F
A Az A AAE A GA A2ES §
AOR, ST 2448x2048 Ao
T Atk F 4009 olvA F 360%
Ao 2 4R JtAAY WY e 4F 5
2 7hsd oS 2T BF ofnA

[e}
=
1S (#3 A= A% 34 &

>

39 of

SO
o2t oy

"IBEﬂ
=t 18
A o AEQL 7
SJs AAd ﬂvﬂa}ﬂ (+3) A Al2E
A3E Uit oy dAEls Agol

2 WYstE Tkl o Gl ATk S8,
zb olm|A| 9] ZAA A4S AEI T 1024x1024 T
A= Aol sttt St ME9 ?7} A gHA o) 2t
= Z*g yeste, o] dutst 45s FFAT

toly 74 71"e £3], 180
= fﬂ%ﬂﬂ T WA A8t S5 tlojH ¥
< 32 FTHAFOH, olE Tl F 1,200 ©]
m A7} Shgell ARRESITE 71E AF A11][12]

o
2w b iﬁ}

>~
it

Mo

ﬂxanrEHﬂﬂgrloﬂi\?lW
=
|o

€ Toto] ojmAle] lskery WMy T HolH
42 P E HolE7E 5 ARl 2l
A% R AREE FH7Isd 2ol
ASH AR

J8 1. HIM AARYH] MR & ool 8
Fig. 1. Vision inspection setup and sample image

zd  ol|dA = AA7](Generator), FE7
(Discriminator), !3T(Encoder)®] Al 74842

Z o
FoA Aok 7= vl W] Conv2DTranspose £

o8 FAH, A 3o HHE HAom

ZHst] Y& = oJuAE AT
71 =3 Ale AR £S5 7AEHY

g oflg} St feature map.:_ Rl
feature matching loss Al4tell AME-HTE QlSH =
719k FARE F2E A 9E o ] AE A
F7ro 2 AH EYsie] ol AG AL &&=
A FAT Al A ﬂit % How
H FYg sto| wetrE A

A E4 Fe Al 7 A -r( ]H} A
A3 i}(Ll) feature matching, SSIM)OE TA A
1k 2 AT A= feature matching loss2}F SSIM loss
o] 7}EATE 24 e R 391, Ll losse 7}
T

m{)«

1:1

At 2R ol L1 40 oz 44l
ARH9 ARHE B 4L s, 1 wF
& BEspl FolW T2 AL ARHA g, W

ol
Y2 UF sow TxA E: Az &4
<
T

At AdAE F 37] WRolth wehd ssiMt
feature 714 4 B S FYH 02 EH)
&) L1 7MExE 1A

o=
o
N
:

S8 ol
QAT 43l
ol . Amt
Aaje, ghol 1%

dom P& APl BEAAT, YT 29 B

Feature matching losst %
7F 18719 F3F feature 1"&:
oq ——rL}_Z-l c\z__]yq./\gg k)bk
<
A

NS
i) 32

>

b | RS =
&4 o] AA 29

oy
i
FN

= A 74t , =2
A4 A5, A5H L2 EARY 724 o)y
ezl fel8 F JSS At B A A&
st B3] AHdE Ad HAAM F3, 2o
5 mAE 23 oA, Adt 5 ©A ] 9lojA
SSIME TAEH Y5 F7|E 71F0E SAEES
ArEteg, o] 9= mdo] oju Hwo| F3t
A WA F2F YIS AATAE ZAAs=

g4 stolvyetnlgoltt. 2L A= Z7|(el:
33, 5x5)= EAHQ Ask: v 23

s A WSE 4 9lou), HWE o=
725 BYut-S(Overfitting)S LS & g)\ 1]
T A=l 1111, 15x15)F Brk A



164 7HAAIF ko] 7127 B3 S

718k Bt 7hss] &AL AN Azl
gl EH?'{} HA A=) vobd ¢ 9t

o]H3t EAl2 SSIM 7|4t &4 sy} AA o]
vAAA ol Wele] HAFE SHAES #
A2 A, 4E$ 7)o Hue zd9
sk AnA 7ke] Edol

to

[

it
o=

]

rot

i)

it
RO > R A= N |

$3o WOT APE FARGL, A W)
) e Y= A oAl

&4 g
e g 2ol AdE, 4 () *4 r@el
A 8 £ TAE.

$total A ¢ °(£760+ AFM ¢ $FM (1)

+Assmr * &L ssim

rec

A 29 L1 &4 & 4F ojmA x A7A
olmx G(E(x)) 7te] At A zjolg ZAsid,
HAAAD ANAH fAES AT LR LI
Mg ol E#(Blurring effect) A4S 9|
3, 2oy Ask AT E fEshy] figolth

L= llz—GE)) I, )

rec

Window size : 4

f-AnoGAN St5A] &4 7H5A] 438 A9 Uik

A
A

Hr

2] (3), Feature matching loss= Discriminator®] Z}
golo] 1A F23 FF 54 W(feature map) £,
= 7|FoE, fY onA| e} B o|w]A| 7t A7t
2 z}o](perceptual difference)E A4 ol oY
ojm|A| &} AFA ofmA] 2] ApolE FAsH, T
27 dAP S FAsHE H) 7]"4?}‘3}:

L
L= 72 1A= AGED |, )
=1

SSIM(Structural Similarity Index Measure)> 5}7]
(Luminance), THH](Contrast), 7-3(Structure) BH-E H}
BoE o4 A=g HollA om|A] FARS ST
o % 2+ Skgoll AREE oAl A= Abe]
23 A AR 2715 AAG dAolt [0, 1] 4]
o] & THAH, 19 IVEESEE T oWATE Al
Hog FAREE vtk &4 SR AEEY)
Sfell 1-SSIMS] FE = 4] (4)9F Zo] Aottt

L ssmr=1— SSIM(z,G(E(x))) 4)

=4 g Al e teAE 99

= TYst7] 93, feature matchmg gl SSIM
A gro] 7}5A], Window sizeE AAIAHOZ 24
o ookt 9ol sl dtg5s FAs At 4 =
Ao thal o4& epoch 9+ F¥g HHESIa, o4
A< thresholdE Ejste] Rdl M55 %

=5 AE

=]
B S
Al §

Sy ox

N

;

Window size : 7

g

a2 2. SSIM RIEF

Aol =8 olnlx| Lf &g Y

Fig. 2. SSIM Window Size per Image



Journal of KIIT. Vol. 23, No. 11, pp. 161-169, Nov. 30, 2025. pISSN 1598-8619, e[SSN 2093-7571 165

Ut‘ﬂ/] %
s, Al 7HA
Asol o 'E'jl% T3, 1) Feature
Matching (£ ) 7FA(A,,), 2) SSIM £4
(£ 55m)2) 7FEA(Agspp). ) SSIM L& 7). o]
<} 6]-7]-]] Td A:o] sk ]:hé_(epoch) ol o]A} Bt
A AA R (threshold)oll  whet oAl W38l=A]
TUE s, fAn0GANS| HEAY NAEE
gHoz Hristglth. As W7k ISOIEC TS
4213 '3 ISO/IEC 240279014 A SH= Al A28l B
7} 71%S Wt Precision, Recall, Fl-score, AUC =
g3t o] WA EE A A AlY] A
24, dutst 45, 344 5= SAske ° =4
Ao 2 AH 7Eet13].

3 12 29 <5 A, Feature Matching 7}54],
SSIM 7F&A], SSIM 955 Z7]9 wel HAE b
olf 75t ®Hle] A AR F£AE e

ofN mlm 1:1

¥ 1. sto|muizlo|e MY oA EX| 45 HE it
Z 1HFeature Matching 7F&x%|, SSIM 7+&X%|, SSIM
HES 37| |

Table 1. Quantitative evaluation of anomaly detection
performance under different hyperparameter settings
(s Agsmr and SSIM window size)

Lambda feat 0.1 0.3 0.5
Precision 0.1048 0.1136 0.0611
Recall 0.4583 0.2083 1.0000
F1-Score 0.1705 0.1471 0.1151
AUC 0.6021 0.4411 0.4293
Assing (A4, =0.3) 0.1 0.3 0.5
Precision 0.0692 0.0627 0.1333
Recall 0.4583 1.000 0.1667
F1-Score 0.1202 0.1179 0.1481
AUC 0.4840 0.6702 0.4887
Window size
(A5572,~0.3, 7 11 50 70
A;,~0.3)
Precision 0.1463 | 00627 | 0.1167 | 0.0602
Recall 02500 | 1.000 | 02917 | 1.0000
F1-Score 0.1846 | 0.1179 | 0.1667 | 0.1136
AUC 05893 | 06702 | 06140 | 0.3909
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