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Detection and Visualization System for Synthetic and
Manipulated Images based on Classification and Segmentation
Models using CvT-13
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Abstract

The rapid advancement of generative artificial intelligence has increased synthetic and manipulated images that are
difficult to distinguish from real images, raising concerns about visual reliability. Conventional detection methods
mainly rely on image-level classification, which limits spatial interpretation of manipulated regions. In this paper, we
propose a classification and segmentation-based image detection system using CvT-13 as the backbone. The
classification model distinguishes real images from synthetic and manipulated images, while the segmentation model
predicts suspicious regions at the pixel level. Grad-CAM visualization is applied to analyze the spatial decision cues
of the model, and Pointing Game and mloU are used to evaluate its spatial localization capability. Experimental
results show that the proposed model achieves stable classification performance and provides spatial cues for
identifying key manipulated regions.

Keywords

image detection, convolutional vision transformer, CvT-13, image segmentation, visualization

* D F o FA st WA A 28 FE ) - Received: Apr. 07, 2026, Revised: Aug. 31, 2026, Accepted: Sep. 03, 2026
- ORCID: https://orcid.org/0009-0000-1031-7069 + Corresponding Author: Won 1l Lee
w DAF o FIT St ARFEE R WA A A - School of Electronic Engineering, Kumoh National Institute of

- ORCID": https://orcid.org/0009-0003-9160-3943 Technology

- ORCID*: https://orcid.org/0009-0007-4918-3345 Tel.: +82-54-478-7429, Email: wilee@kumoh.ac.kr

- ORCID®: https://orcid.org/0000-0002-0851-3113


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2026.24.10.15&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

16 CvT-13 71 &7 3 £ 293 &3 4424 onA

AT Al 71%e) WHOR AgAE A ool
tolg E74o2 AZ4Ad FHE AT 5 9
A Hgom, ool wek A4 olulA 7% Bt
B0l Z71a Itk 53] RekoE TR o

& Aug A onA 7lwo] FHSHA BH
AF7F &) s gtk Jev A4 onA|
71€9 AEsH= 24 oW 2 Hiold 7]&]
HHoRT o]oj&, SNS&F d&S T3l 7 AL
Felz7} SiEE HR AZE Astel ARFH &
s st iTH1]2].

I BAF AR 919 45 9 23 ol
% Tk ATEe] FAuel gt
He 443 A% Figll) A2
_E_SL 7(4114

2 A olmA|} A om|AE :rL-EfS}% o]
7 AR AAH gow, dFHRL onA|
22492 AN T 24 99 F2de A
!

g, lUW J‘:f]“ﬁ‘ E@S A u AT
(CNN, Convolutional Neural Network)Z HIZ EZHX
SEM(ViT, Vision Transformer)® T £% o]
sl S48 e 2 Fa9) A, sy A
] BAE 2H Lol Y 2o ZAAQ AL

e e, oleE S48 2 Au

SEohs ONNE 283te] 4&d & ATH6). W,
A48 ZE(GAN, Diffuision)2 THEo]R o]n|2] g
SRS AAAR] g2A dBA o, dE 7=
Ao el =3t o] ojmA| Aol T s=
HAA dEo® Uehud, ogd EALe A9H
e FgHaks ViTE Zeeto] A2 5 g

4 G2 owe

& & FYdl 7)iks
27 ofFYEd % bl

=
F HFH VITE= global context$}

W B A Al

long-range dependenciesE &3] A olw|z g A
Otlﬂ H]Z%/\]- EHE%—Q [{ . /;}Hﬂéé;].q.[ﬂ

2 =EdAe A orAef 22 onAE F
Aol Bdsta, 22} ojwAdl| tejMs Eo] &
& A He 3 d9e AGFeE #4F
T Ue Az"S AR Al2EE FA A2
Z4olm|7] WS Fste BF EEN £ EE
23 B AAoA FHE 5 s &8s
of 224 o4 dY9s FHsh= CAM 7Iuk A1 ZtE)
EEE 7490 o HE

dA BAA gE AE
A AT stolHYE EQ OvI-13S HES
2 Adstgtt. 71€ CNN $49 Grad-CAM 7]
< OT 22 Agspr] S8 =2 7 54 %
d3} 2go|AE 8 F2E 1T HE S
TAsIATE Yoyt Alztsl A AFAE H5st
7] 9|3l Pointing Game¥} mloU(Mean Intersection
over Union)E E¢4sted, AQkst A"l F7H4
ot A5s AFHOE U

Agtete Azl AEALS A2 HE Fx
AA o] AR ThE AAG-22 ojnA] i Ao
A olw A w9 EReF I By 33 FAS A
Fala, OvI-139 ASH EE EAS d8ste] 2
F, T, AAEE T 294 FxE AT A
of ot FEZF CvT-139 token embedding %S 2

A &0 54 W= A8t Grad-CAME #
83}, Pointing Game? mloUE 3 33+2 #ch
oAE AR Frlekilth

2 = 7L oE 2n 23dAM s #d
olg< AHsta, 3FAAE AYT AN2FY T2
g 78 S 71ETh 4goME omA B
S A4S 7k s 37 23S AlAskH, 57
Ae A8 &5 A7 BEe =93t

[l. HiZ O|=

2.1 CvT-13

VITE o|P|AE 7] B9z £33 5 EZ A
A7 W3] Self-Attentions 830 TH HY



Journal of KIIT. Vol. 24, No. 10, pp. 15-23, Oct. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 17

A v ARE ZRHOR Sadnt Iy
ViTE CNNO] e A9y ¢ 72 W 8
°olF WAl RS, FEY dee ﬂsﬁ o7t

B Hlo]EAl APH8HEH positional encoding®l ©]&
e FAE 7RI olo] wet FATFE E|olE
Solv =4aA AL dA7E 83 EAlAE
A5 Aszt B 4 Stk

CvT(Convolutional Vision Transformer)= ©]2]3F
£ Heslr] 9o EdAxy o $AE
S Y3 slojlRg]le mdE CNNF ViT
= A ZEIEF AAHAS]. OTe
Convolutional Token Embeddings %3 EZ A4
A ALH ¥ BRE HYsta,
Convolutional Projection -2l Self-Attention 4]
A A ERE ZF3leith ol VNS E ASH E
ey 25 FAFOEN, ONNF fARRE T
A §4 FZo| 7bsdith

OVT-132 o8 OvT 7x5 7Ftes A9

®2Q 2l 3719 AFH o)A} & 1370
dxxv BE508 ARG HwA He A
o2 GRS A gAY EA Fgol 7t

3.

Kl
d
A

e

P

[¢]

55!

of > fo &
oﬁ‘m

2.2 Grad-CAM

/ Stage 1: Classification

CvT-13

[y
|
J} 0 Conv Token Transformer
} : Embedding Encoder
[
|
1
I
1
|
*

Prediction
1 (Real/Fake)
A

a2zl 1, M otste

Feature Embedding @
Custom Classification Head |

DED Al TE

CAM(Class Activation Map) AIGe] AlZtsl 7)ol
A= N O H, Grad-CAMS ©]#e HTHES gt
skgk 7ol tH9).

Grad-CAMS =8 Z#2~ H59 IYUAEES
o] g3te] mdo] F&H3 7t Y9 FAs= W
Holty, 54 Fefzol oisl, vpx2 5 AT
74 Wo] s Fefzol drfy 71 ex
HOAE 7Nk 2 ALt} Grad-CAMS] 3
ojltjole HF dF ZFHx Aol s :LﬂML
EE Aktela JHYIES AY Hds T A
d FAEE 4= H, 858 §4 P 7} S

ol 2

ox,
ok i
o=

lll. CvT-132 &5t 0|O|X| =hH 3 A|Zts)
A|AE

1 A[AE FL=(System architecture)

€ =M A4 ofmA B 2& ofn|A|d o
gk Gl By sj4e e, 294 7= Al

¢

a9 12 Adkshe Azdel A P22, 4y
W92 wENE BF 9AG 1 A9t

{ CvT-13 |
| |
I Conv Token Transformer I
: Embedding Encoder I

1
|
]
|
|
I
1
|
|
I
|
: Feature Embedding
|
I
|
I
I
I
I
I
I
I
I
I
I
\

i l

—
-

Visualization
1\ (Grad-CAM) ]
/

Fig. 1. Overall architecture of the proposed two-stage system



18 CvT-13 71 &7 3 £ 2ds 283 A2 onA

A oA AYA wAY dHo] FastH,
Z4 ojnA & A 9 T4i olHHES} e AY
2 @Azt Fasith meba B AIREgAE A
attention?} A9 ¥+ EAS FAlo &8
AT OVT-13& 7 9 £ HA9 35 HEo=

AT
32 &5 2H(Classification model)

5 Rl 9EOEE V-3 AMESISITH
g o|m| A= %7]| Convolutional Token Embedding
Tl BT AEAE HEEH, ofF A Y 2
= 1‘]&1 AAAoE J4FE EFoa =

Al 2

[©)
HL *Eﬂolxl 39 &9 S4<

Mo o |

g2 @111 ojm| A} -2 o|uAE
ol A Tl T3] 8 ArtiFact Ho]E]Al
7} CASIA2.0 HloJHAE 3 AE-ste] dhsstath
[10][11]. ArtiFact E|oJEJAlE AA] o]w]x|e} Al A
A olmAE EFsta glof AA olmA] Wl
of &83%oH, CASIA20 tloJElAlS 24| on|
A9} & oW A E EF}stAL Qo) =& ofm|A] #
Sl ZEeiglnt olF T8 B RdS U
gk A4 olm|A Rk ofe}l 9z Y =& o]n|A|7}
A fake image WFE T5FotESE FASHATE o]
EJAL o|n| A T random split 202 FAEHH
om A tolE F 80%e S, 20%s HZE
£02 AMgSTE BF 24 8¢ HolEE &
oF 778,000%2] real image2} <F 1,230,00072] fake
image®2 TAEth
COvT-139] WE =82 i}% 5% ¥
ol

i )
(o
ol
ofr
ol
R
O

&
S= custom classification headE
a8 2= B ATdA AR
classification head®] 7%= Yepdt} g 7 3

= WEOZHE F2d 1y EA 4
HE Ygo=E whop °]E AA O]U]Z](Real 1mage)
o} AyA-z2} o|v|A|(Fake image)Z
< Tt BEF d=s 7 A9 9&@ ﬂ
(Fully connected layer)o.2 FAHW, 72+ ZF
Mish 43t g9 iz Afsk(Batch
normalization) & 283t S5 HHAS FIAA
o =3 AEFE wAEA o

Aall, A ARt F HA hd A4TF FHo 44 &
E 059 039 dropouts A-83t9 F =
< F A 2Y2E zte AY
3l 4 oW A gt o

=
=
g Faw

o 0O
<
o';

2

g2 A" ojuA| oA 22} 9]
2 A5 A o2 FAHs] §
= ToAE OvT-13S RO

28 2d g5oe AR veart AdEHe
CASIA2.0 Groundtruth E|CJEJA-&  AFE-SFATH 1]
CASIA2.0 TloJEjAl> 22} o|w]| =&} o]o tfg-sl=
A 9] AY npaaE xgsta Qlo, 23 49y
743 9 2 Ae Ut ettt & ATelA

= ' HolHAE o8t Y ojmA y =%
oA FHE o7l wra FHE JSFeeE 28
2ds  gFeity. tlolEAlS O]UV] o9
random split o2 FASP oM, A HolH
Z 0% Stag, 20%E HlAEROR AT
£ 2d9 g HolHe F oF 600089 real
image, ¢F 4,100%2] fake image, 12]3L 7} fake
imagel] &8t AR wxaE FA4HET

input l FC-1 ' Dropout I FC-2
[ (Feature Vector from Stage 3) ] ( (Linear + Mish + BatchNorm) 1 [ (p=0.5) ’ [ (Linear + Mish + BatchNorm) 1
— Dropout . Output Layer — Prediction
{ (p=0.3) ] ( (Linear(2 classes)) ] [ (Real/Fake) ]

3% 2 AAH 25 slse 7z

Fig. 2. Architecture of the custom classification head



Journal of KIIT. Vol. 24, No. 10, pp. 15-23, Oct. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 19

< At o o R AL
(Feature Pyramid Network)] 7I'd-& i}%ﬁi FPN-lite
Hzug 53l BFEHI2] URoe 49 2Ho|
R R l—EToTJr atel 2Eo]A o 33 RS

Agste, HF2om U onA|9t AT =

o o1l £E vj23E o SH.

34 AlZ+sHVisualization)

28 mdo] X oA 54 @S 7o
zdo] oju|z] oA ofm JdE& z& oA 9
O FUH=AE B o7 BAE] A8 A
st 7S gtk B AFME 2o I3t
2 ok A B3] A9 AZE vie=
Grad-CAMS AR83l9iTh ofgk 7]& ONN 79t

Grad-CAM< "HA9} 3Hd5 54 Ji< 71% 23
M FQEE ALkslE Wo]22 Convolutional
Token Embedding?} transformer encoder® /3%
OvT-13 720 ad 2 Astr|d= A7 Aot

ol &dsy] el & AFelAe OvI-139
Convolutional Token Embedding®} multi-stage E3H2~
| FZE &8st @A 23 EE EA §
S FASA weta 2 A4 OvT-139] mf
A gt

A =9 54 WE Grad-CAMY i} &4
3} Mo HAsAY. o|F fake class scoreo]] THSH
JYPYJAEE v A 54 4 7|2 At

ofr

131, channel-wise global average poolings 3l 2
;é Ade] o5 7SR E =St HEH L
bR gt @A 2435t e 7R F RelU
Ag3ta, JF olm|A A7]Z upsamplingdte]
2 oA 99 heatmaps AYAJ3HATE.
OvT-139] oA oA ¥ 54
Convolutional Token Embedding?} #1524 E
W TZE oH[BCHW]fﬂﬂH 22+
4 W :rLZ:§ ‘ITZ] 6}3} webA LRE VIT

[ O (T Jlm

o Lol [ B

DU e I

238 & 9tk 7]#& CNN 7|4t Grad-CAM2 wjA]gt
4T A5y 54 #E A Agste vk, £
AT A= CvI-139] EE 288 oA EA 9 §
B2 %B— stk o]2 %3] CNN 7)4HF E3F &4

WS OvT-139 ASH EZ §4 2o 9
SAstat

28 299 4¢3 Y ojuA|9} FYI HY
T 9 A gE fog, 7 gAe 24 49
o £& 7tede Uehdth AAs A= 3
9 FE Ue oY oA} F3se B¥FORE
A, Zdo] FEF g9 X9 WHoE FAHL
2 IR F YUES A o)F 53 dF vpx
a9 ¥ Byl AA 22 997 A44 o
A RE B3t

a9 3T A 27 999 A k3, I
b= £ mdo] f& 24, 149 3(c)~ s

Pred Mask

Grad-CAM (heat)

(©
8 3. AP—H 2 oAl () MY E'Fﬁﬂ, (b) oAlZ
ofA3, (c) ZQIE o[o|X|, (d) A3} o|afX]|
Fig. 3. Examples 0

f pointing game visualization results :
(a) Ground-truth, (b) Predicted mask, (c) Point image,
(d) Grad-CAM image

V. 8 7t

B Ao A= AgksE CvI-13 7]y BF mdo



20 CvT-13 718t &7 3 8 Rd3 83 A2 onA

Aes ABHoE AFs] 98 e EE v
Ads FYHAY. B &7 EE2 5YE Ho
Al SellA <5 9 B7kE FdsiT B B
d SFole= AdamW optimizers AR&SFHOH, S
FES ledE AR YY onA] A7) VIT
D OvT-13 BE9] 7|8 S 1Hs 224x04F
AAStATE WA 7]+ 128, epoch & 5002
ARt om, £4 32 E CrossEntropyLossS A
£33tk 7 ZI= softmax 7]HF argmax W]

Z Astsit

2 A7 542 4 S0TA 2dHe] A5 4
AHETE, OVT-13 7|8 W #2271 7]1& gE4
CNN A€ 2 A1z &4 7|9 29 o] Joia &

34s HeAE AESNE d stk ol wet
EfficientNet> URF o]n]2] &EFollA @] AEE&
CNN 75k HlWF 02, F3Net> 2% 99 9 F3}
T GME FEte Ax BA AG HuTeE A
AATHI3)[14]. = &5 ER2EH FR}9
HlaE fd &5 Vit At
convolutional inductive bias”} E&H CvI 7%2 &
HE A A EEAT15].

3 1 EfficientNet, F3Net, VIT 183l £ 7]
A A CvT-13 7 2de) BF A5e Hlad
ANg HojFEth B AA oW e} A=A
omAE FEItE oy g e ¥
7}FE]910 M, Accuracy, Precision, Recall, Fl-scoreE
T8 A5 AZE ARSI

o
LRIES,

<

_|_4

HEU]

14 2Ee 2F A5 X E

Table 1. Classification performance metrics of each model

Method F3Net | EfficientNet |  VIT Ours
Accuracy(%) | 94.72 96.97 9791 97.97
Precision(%) | 94.92 96.94 97.76 | 97.95

Recall(%) 93.95 96.67 97.84 97.78
Fi-score(%) | 94.39 96.80 97.80 97.86

AY Az}, OvT-13 718 AF 2Ee 97.97%9]
BEEE 1io}9i2\11, AU =9l AHE w3k b7t
97.95%, 97.78%% H& FFL H = o
AA olw|A e} G232 ouAE
28 4+ S 9ujsit). E3] Fl-score

2, g2 1 73 A EF Ass 2Hdee

r
>
Iy
>
a
<
i
&>
N
rE
fd
i)
rlo
=
El
fd
i)
ofN

g
M= BR Aee EYoy, viT dibl 4%
B Z& Aol wEtA & A= CvI-13
T2 ARl e YFIET s, B AT
oA AR dlolgAlY A3 7oA CNN#
Transformers 233 slolBE = 27} AYA- 22

ol o HE& rhede U AHE &4
sh= Aol Adsith =3 &g Edazn] 7k
ViT¢F B3t o, CvT-132 Convolutional Token
Embedding®} A52 &4 +2& 58] 94 37t
EA3 A attention FEE A &8F F 9
= Fzxx EAS o 7HAt} o]gdl 2= T olh]
A BEFE ofe}, ©]% FPN-Lite 7|WF 28 7%
2 Grad-CAM 714} 9]%] 34 AT zpd 287
A" % U APe A

7 As v Z2AE ngoR Ak 2d9
& A O 3171 WE 45 Bk 9
3l Pointing Game¥} mloU A|EF Alitste] 3 29
Herilth £ 4% H7ke B EElA fake

ERE oAE o2 g3

2 3UN wd syt 25

Table 2. Spatial judgment performance evaluation results

Metric Value
Pointing game(%) 64.86
mioU(%) 4891

4
s
= B7kshe 2
Sk FQ HE ARZ AN oH, 15_ o
=) o

A DY Aelef A G A AGAES E<
at7] A3l moUE A AT 7 AZEe 7
Zt A w2 99 Y Aee BRYE A
oA FoHAHOR "}9““}95\‘3}.

Pointing Game #& Edo| A3 &5 Yo
AV & S @S Ze AXE FE5a, 9
g AT A 22 999 A/ rkea YR



Journal of KIIT. Vol. 24, No. 10, pp. 15-23, Oct. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 21

THHEAE 7|F2E Hit Be MissE BH3E
Z10]tH{16]. Pointing Game2] 441 Th&3} 2t}

o B #Hits
Pointing Game = #Hits +#Misses M
2 (DA Hitek Misse 2442 @ HAE o]

Aol gt A AHRE 9 ]0}31 #Hits9} #Misses=
A HZ2E "ol Hitst Miss®] & 75
£ 9frjgith

E 204 E R0l Aletete BHE 64.86%
9] Pointing Game BHEE 7|53ttt 71& AT

5ol mE2W CAM % Grad-CAM 7]k 9
Pointing Game &=+ FHHHOE 50~70% M=
BuEm(17], olx Rdo| Wi Z&3 4 o
A A ARAE Brkete VleoE g8H
ol gt oA B AT Pointing Game 37} A

4 030—1 T8 AAE 2H

& Az o9 FF APHE A= U 4
AHEETH 18], mloUE oZ iz}t B vpad9)

“oXrual @

2 20lA o HA FYx 4 Pp% zdlo]
&3t 22 49 A e, ¢ A 24 o
o gAo] X3S or|gitt

Zro] Aokste EElL 4891%2 mloUE
71539t mloUs d& ¥93 AA 22 99

ke M AR A=E Hrkske R A%
2, i3 oE A3t semantic segmentation "é%
Bkl AHEET & AT Ade AA 7Y %

43 npxa —I%J %‘?ﬂoﬂ = F7H Al 04
I8y 2 A7 £ BE
< 43 semantic segmentation AA BT, 5

Azl o B AHT 2% 94 9ol 914

OAE AT 93 Bz REZ AAFIUY. u
2}A Pointing Game Ao} Al 4T 7§ Aok
]- UIH]O] ZZ]— 0:]0:1_/] zg_ _r]x] U}/ﬂe ;:_]é _/I:

= o AT ¢ dEe AUk

0

V. 22 3 &= A
B dAFollAe A olwAg A 22 ojH]A]
W] Qo OvT-13& MELE AGSE £
ol & AjbetAt. B B2dE oln|A|
YA S HHYOH, Pointing
Game¥} mloUE 53+ 7‘3‘“’W B7F 2 A48 A
3

= by
r

e

=2

> M

£ Ea BY mdo] 24 9oo] Fo 9K BA
g AZY 5 AL FAAYT
B o7 4427 ojnlx B8 EAGA v

g, /\17‘@@ M«l l

o
7hetiom, Grad CAM —E% _‘?_%1 7 54

s Az, AFgE CvT-13 7]HJ T2 A X232
ol A& 753 gIskAnh

:131 % AF= EA HolEAl 7]uto g sk

olm A wHF tlolE ﬂﬁfﬂl*ﬂh
oy H 7¥s/do] A8, 5 tlolEAl

Al &2 mdake] vyl A o= TB’EHME}.

T3 A B 5 semantic segmentation A
E HIXE p|Etde &5 2 gk 34
Hy 22 oA 9o 9x dAME AT Y

Bz ZEZ AAHJOEZ 7]|F segmentation
zdve AHA A% Haels A o &
Solle ohkg AAl 4 dolEAlT U-Net,
SegFormer 59| segmentation baseline, 121l
CLIP/ViT, Swin Transformer, ConvNeXt, DINOV2 &
HA &2 mEe HwE Tl Ak ALE]
ws A% g4 M 5Ee nn ARHow
A% dHo.



References

[11 C. Lee and C. H. Yoon, "A Study on Machine
Learning-Based Deep Voice Analysis for Crime
Prevention Using Generative Al", Proc. of KIIT
Conference, Jeju, Korea, pp. 25-29, Mar. 2024.

[2] J. H Lim, W. J. Jang, D. E. Kim, and W. L
Lee, "CvT-13-Based

Visualization

Image Detection and

System  for  Synthetic  and
Manipulated Images", Proc. of KIIT Conference,
Jeju, Korea, pp. 1577-1580, Nov. 2025.

[3] J. Deng, C. Lin, Z. Zhao, S. Liu, Z. Peng, Q.
Wang, and C. Shen, "A Survey of Defenses
against Al-generated Visual Media: Detection,
Disruption, and Authentication”, ACM Computing
Surveys, Vol. 57, No. 10, Art. no. 3770916, Oct.
2025, https://doi.org/10.1145/3770916.

[4] S. R. Dubey and S. K. Singh, "Transformer-Based
Generative  Adversarial Networks in  Computer
Vision: A Comprehensive Survey", arXiv preprint,
arXiv:2302.08641, Feb. 2023. https://doi.org/10.48
550/arXiv.2302.08641.

[5] C. Fross and Q. F. Liu, "Detection of Deepfake
Videos and Audios on Social Media Platforms",
Research Project Report, Department of Computer
Science, Sam Houston State University, 2025.

[6] V. Kadha, S. Bakshi, and S. K. Das, "Unravelling
Digital Forgeries: A Systematic Survey on Image
Manipulation Detection and Localization", ACM
Computing Surveys, Vol. 57, No. 12, pp. 1-36,
Jul. 2025. https://doi.org/10.1145/3731243.

[7] D. Lamichhane,
Al-Generated

Transformers",

"Advanced Detection of
Images Through Vision
[EEE  Access, Vol. 13, pp.

3644-3652, Dec. 2024.
ACCESS.2024.3522759.
[8] H. Wu, B. Xiao, N. Codella, M. Liu, X. Dai, L.

Yuan, and L. Zhang, "CvT: Introducing Convolutions
IEEE/CVF
International Conference on Computer Vision (ICCV),
Montreal, QC, Canada, pp. 22-31, Oct. 202I.
https://doi.org/10.1109/1CCV48922.2021.00009.
[9] R R Selvaraju, M. Cogswell, A. Das, R.
Vedantam, D. Parikh, and D. Batra, "Grad-CAM:

Visual Explanations from Deep Networks via

https://doi.org/10.1109/

to  Vision  Transformers",  Proc.

Gradient-based Localization", International Journal
of Computer Vision, Vol. 128, No. 2, pp.
336-359, Feb. 2020. https://doi.org/10.1007/s11263-
019-01228-7.

[10] M. A. Rahman, B. Paul, N. H. Sarker, Z. . A.
Hakim, and S. A. Fattah, "ArtiFact: A Large-Scale
Dataset with Artificial and Factual Images for

and  Robust

Detection", Proc. IEEE Int. Conf. on Image

Generalizable Synthetic  Image
Processing (ICIP), Kuala Lumpur, Malaysia, pp.
1-5, Oct. 2023. https://doi.org/10.1109/ICIP49359.
2023.10222083.

[11] CASIA 2.0 Groundtruth Dataset, https:/github.
com/namtpham/casia2groundtruth.
15, 2025]

[12] T. Lin, P. Dollar, R. Girshick, K. He, B.
Hariharan, and S. Belongie, "Feature Pyramid
Networks for Object Detection", Proc. IEEE Conf.
on Computer Vision and Pattern Recognition
(CVPR), Honolulu, HI, USA, pp. 936-944, Jul
2017. https://doi.org/10.1109/CVPR.2017.106.

[13] M. Tan and Q. V. Le, "EfficientNet: Rethinking
Model
Networks", Proc. 36th Int. Conf on Machine
Learning (ICML), Long Beach, California, USA,
pp. 6105-6114, Jun. 2019. https://doi.org/10.48550/
arXiv.1905.11946.

[14] Y. Qian, G. Yin, L. Sheng, Z. Chen, and J.
Shao, "Thinking in Frequency: Face Forgery

[accessed: Dec.

Scaling for  Convolutional ~ Neural



Journal of KIIT. Vol. 24, No. 10, pp. 15-23, Oct. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 23

Detection by Mining Frequency-aware Clues", KAATH

Proc. European Conf. on Computer Vision
(ECCV), Online, pp. 86-103, Aug. 2020
https://doi.org/10.1007/978-3-030-58610-2_6.

[15] A. Dosovitskiy, L. Beyer, A. Kolesnikov, D.
Weissenborn, X. Zhai, T. Unterthiner, M.
Dehghani, M. Minderer, G. Heigold, S. Gelly, J
Uszkoreit, and N. Houlsby, "An Image is Worth

16x16 Words: Transformers for Image Recognition

M AL
WAEok s SRALY, |
at Scale", Proc. International Conference on YA 28", Wz ¥
Learning Representations (ICLR), Online, May
2021. https://doi.org/10.48550/arXiv.2010.11929.
[16] J. Zhang, Z. Lin, J. Brandt, X. Shen, and S.

Sclaroff, ~ "Top-down  Neural Attention by

rﬂ_

2026 39 ~ A : ERHHR
s12]o} Memory Field
Application Engineer
WALk : v R HEEA], HEA)
HXE, AZEZ 0]

Excitation Backprop", Proc. European Conf. on
Computer Vision (ECCV), Amsterdam, The
Netherlands,  pp. 543-559, Oct. 2016.
https://doi.org/10.1007/978-3-319-46493-0 33.

[17] J. Ahn and S. Kwak, "Learning Pixel-level
Semantic Affinity with Image-level Supervision for 2 2 = (Wondun Jang)

Weakly Supervised Semantic Segmentation", Proc.

IEEE/CVF Conf. on Computer Vision and Pattern AAFESH(F AL
Recognition (CVPR), Salt Lake City, UT, USA, -~ - AEoF . Y, YWt=
pp. 49814990, Jun. 2018. https://doi.org/10.1109/ AZRL ALZIEE efplA) 24
CVPR.2018.00523. \ - )

[18] L. Yu, Z. Li, M. Xu, Y. Gao, J. Luo, and J. 27 Y 4N
Zhang, "Distribution-aware Margin Calibration for
Semantic Segmentation in Images", International ol & 2 (Won Il Lee)
Journal of Computer Vision, Vol. 130, No. 12, 20104 2 -

pp. 3220-3240, Dec. 2022. https://doi.org/10.1007/
s11263-021-01533-0.




	CvT-13 기반 분류 및 분할 모델을 활용한 생성·조작 이미지 판별 및 시각화 시스템
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 배경 이론
	Ⅲ. CvT-13을 활용한 이미지 판별 및 시각화 시스템
	Ⅳ. 평가
	Ⅴ. 결론 및 향후 과제
	References


