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Abstract

Generative adversarial networks(GANs) have demonstrated remarkable success in image synthesis. However, since GANs show
instability in the training stage on large datasets, it is difficult to apply to various application fields. A single image GAN is a
field that generates various images by learning the internal distribution of a single image. In this paper, we investigate five Single
Image GAN: SinGAN, ConSinGAN, InGAN, DeepSIM, and One-Shot GAN. We compare the performance of each model and
analyze the pros and cons of a single image GAN.

Keyword: Generative adversarial network, single image, image manipulation, image retargeting

a) F7 g AlEH:8 3K Department of Media Communication, Pukyong National University)
b) FAUW AL Pt} AFUA A e FHICT§ 343 (Division of Media School, Pukyong National University)
¥ Corresponding Author : 37X (Kyeongbo Kong)
E-mail: kbkong@pknu.ac.kr
Tel: +82-51-629-4072
ORCID: https://orcid.org/0000-0002-1135-7502
#o] e WAYSE A&Ro LA TH02 ) ste] A7HUL,
# This work was supported by a Research Grant of Pukyong National University(2021).
- Manuscript April 18, 2022; Revised May 12, 2022; Accepted May 12, 2022.

Copyright © 2022 Korean Institute of Broadcast and Media Engineers. All rights reserved.
“This is an Open-Access article distributed under the terms of the Creative Commons BY-NC-ND (http://creativecommons.org/licenses/by-nc-nd/3.0) which
permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited and not altered.”



438 e =5 A7 A3E, 20229 59 (JBE Vol.27, No.3, May 2022)

.M E
2014 3% Tan Goodfellow7} 23 st A4 A 2174
HGAN, Generative Adversarial Network)!'& 2| & 85
Aol ey AAE HAL SFo R HIAZ oA <
X

oH

ol ofx

o

5 Foll 2 QBL AT E AR G5 48
= Holg A B B0, S43] 913 Hole
& WL Yo ¥EE

o
oF At AW AAH Y AR WAL SHrel7] )

|
0]
oS

I

2

H] &}

A A A4l gk A7 2] o] Foix| 3L Q)
A5k, - ohekel o|ujAE 7171 HleolE AlE GANCE 8
8 o, ZAA oAl REE S5k Eolal gRuk g
&3 X 23(Mode Collapse) @4Ho] £5 &3 th
upebA] B2 AFAEe] AH Al A s i
A713L RE 5] @45 F5317] 98 B A5 19

GAN 239 £1lE 853 o U2 A5s 9
A7 AAZAA = oA Tk A E GAN 29
T8ty FFetaa & w, IA xR Wy, S W
F 7 AFHOE vE g Ak 72 WY AE MESY
3 2, FA ¥ (latent space), "N Z2]FH o] A" Al 7HA]
247 Y& F Utk Progressive GAN(PROGAN)?E 7]
& GAN®| VIEQA e 730 tiet HAlS 53 Bdo)
A5E olF] WAtk WA B2 s EY oA E S5
AePstar, Az o w2 WYL oA E et W
A O F 7]E GAN R 355 /AT A &7kl o
&) W3lE = InfoGANPIS input noiseo] 7 W <(latent
variable)E F718te] output#e] As G R ZFo] AX L= H
A WA O R oM AAH oAt Ak 3o
EAAE AFES BludS W, A AR ovAE &
gete Aee BoEth iAol 24+ GANO| ©
8] 22 om AR sk

2
% UES UESD T2E WIAIE FIPos,
A

el
d
3

i g
tlo rlo

lo

—

T oM
CycleGAN™-2 0|23} o] 2] Ao
o Agate] A& o|WAE KT ] sHFoE uHA

U, olu|x] Y5 E4 objectS T2 2EFUE {3 B

I

o1&3te] S48 olE Aol thaf A= 9
& FZ3le] AH oPIAE BYST A7 EF B
P4 Qe olulA B9l 7155, Zlo] A olv)A
g & A9

=

=

ol g3te] £UE BE B
ks

O.

o N o

T T =
6, 2021 olm|Ale] ek weke TElaje] ol el

%: > =
o 908 AL o]m] oY 7)50E B o2
7 0]

dol ek
Ed APl s A A F A 84R v
F e, &4 38 GAN R4 HAshd + gle o

k3t &4 F4(loss function)E & 4-3l= Zlo]th. Wasser-
stein GANP®IS outputel] th3h o & gE3to] o}d &5 ¥
X 74 AglE S48k W21 wasserstein distances Al
B3} B]H7K(Critic)E ¥ 2K Discriminator) thAl AF&-3}
of, Bdo] AHHA7A] g5d 5 JLF vk Fst 73
< & g8 e U EY T g s R 39
Aotst Zdel AAE F7H wdEE on gl SN-
GANPI2 Hr} ok 2 9) wha] o 2 9 ) (discriminator) S

5417171 $18ll 7F5 A A F SH(weight nomalization)S A}

Fo13 o, Bdlo] Sgahntlo] RS ZolFy /129
GANel 47 A§8 % 9
o218 GANSl A5 WAA BY F, e oA

o oy
1o
=,
9,

e st ¥ U Ase 2olv] flsl o
B7F obd 97 shite] i oAk B s ¢
D olm A A o] A Boprk A2 FEL Ao
T oA A Rl shute] GAE patch TSR #
Astel Y 228 Sadshs WHOE 94T GAN &
d& LR SFste] gt ol EeA ol &8
& A Aol k. dEH oz YA A A7
ol Bl S RS, & she] A ojuiX|thE de R
3= SinGAN'", 71 SinGAN9| R4S /HAsty A5s
[e]

&A1 7] ConSinGAN!!, & ojujx] 9] F7)1} ), v]&
S WA ) olux] YF EII} AA~HA HIHE
InGAN'™, 574 Bdg &83e] gl Q3 Ho|HE
FEHOE FANA FHold 45E Hel DeepSIM™, 1
2|3 olm|x] Wyt ol BT|E <33 One-Shot
GAN'™ Fo] o]el| s Fetrt.

B =AM E B2 FokdlA &3] AM-ET s <Y



AAE 9 19l " 71N B olwA] A Ad) A7 71wl B4 439
(Seong-Hun Jeong et al.: Deep Learning-based Single Image Generative Adversarial Network: Performance Comparison and Trends)

2d 71k & ofm|x) A A AT 7o) @t
TS AHEIA do (X s "ed 71 g o]
oA A A AT 71l tial Al s] ok A
gt MM e g olvAEol et 2t Rl Ee] o
T A¥4e AdHoE N 248, 24 2AE Tl 4
A E9 AHHS dobE Aotk NAdMe A% 234
S HEeR, @ olnA AGA A AFE XdEe] 4
o 7%= oA AHSREA Goti i ol g Jed
71 & olm|A] A A Ad) AR 71 e A v
et ko m o] A kel the) AlAg.

Il ®aid 2/gh & ojo|x] Md= Hcy
MEE Iy Hm 24

1. MMA AN AMZAZHGAN: Generative
Adversarial Networks)

A A NS A EA T R
+ %<5 (adversarial training)e &8sttt A=
FZapato] A3t FARSE ou A S A8,
1716} A E olw]|A| 8] 2ol & FHEEHA]
AR AAATE EOW olm| R 9 A& o]
ato] A7 vhEoldll oA & AR E F

ojuA & Folpal SFeith. W ¢ HolH

R ot dEAe AR 28

2E QAL TE o]

ofr
—-

g O oX

ol
i = A U G P 1

o e
!
N

o 2 oo

o H
i il

o
"

=]

N
—

o]

O o XN
Llﬂmlmﬂr
op o
ol R

=)

e r2

o M

= =2

E 2

e

= R\
ofX

:ii 2

i 1o

Lot

i

°

[9,]

Q

N

=

o

i

X

1)

fo X
o, I

L& 2 S
“Ei‘
rg
H o,
Mo
msﬁ;
4 X
£ o
=l
i o
rr o
o?:,ﬁ
ol tlot
2 rlo
o oz
0-.>1 oX,
Lt
© 5
o 5
oy X
(o]
N
:__1’_4
Lo

e x

ol

o =

g2 o1 owA] A4 RSl sl
o

SAYATE, TFe EAd Sl BAH

ﬂl?i’ oX

BN

eural network7} 5£E 812 AL AA =9} 38

Ni
SGAET HPHOR Bl HE 5, S AAol

o

3 AL Holg Ao olm|AE W<

[
o
o,
52
)
b

Hr M oMo 3L 32 al
oo o
i
)

i)
W
rr

9o 7o st BAREL e 99, E o g
A A A7 R s 8 BE 750l 2

RN
Aso] gtk £4 G50l UL Fol RAL s g

o
>
o
e
+H

B

=
AL AZE AL
FAHE 442 Ar) 24P A¥eT AN 7Y
%, B2 vlolE AL AHEEA g
AR B thal $45 1
of sl AHRTA FT WA @ shie] o) R
EZ Sgsel A2 olHAE
3
5}

[¢]

ol 2} 3t} 187 SinGANS © 7HAA7] 1L &
ConSinGAN!'o] tj&] A B v o}, o2
A7F 7HAAL Qs AL e SS9 RE
FHoEA ojuR o] A7V FH|, FIHE
Hoolm|z| 9] vl gou} B} AALYA WY HEE 8
3H= InGANUo] sl drobR 3 ab gich 1

Plate-spline(TPS) 22V &-83le] §&F 0= onA &
AT RN T onx] AGH A AL A5E =
2l DeepSIMIlol] thal] Lol 72} ek wiA|Eto 2 APA]
A A A7) MET F25 MAAA 3hte olw)x]
EE HTLE 5T RN AZE o|uA] EE HYLE

A4 3= One-Shot GANI'ol| tial] Loty v7t gict.

R

1

R o T o [t w7

Ea
=]

©
K
H
=
=

H

2. SinGAN: Learing a Generative Model from a
Single Natural Image
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3. ConSinGAN: Improved Techniques for
Training Single-Image GANs
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Table 1. Comparison of advantages and disadvantages of each network

Detail Diversity Manipulability Training time Memory usage
SinGAN medium low medium 30 minutes 9139 MB
ConSinGAN low high medium 15 minutes 2131 MB
INGAN high low medium 216 minutes 3019 MB
DeepSIM high medium high 106 minutes 6349 MB
One-Shot GAN medium high medium - -
E 2 3YH Hn £
Table 2. Quantitative evaluation
Method SinGAN!Y ConSinGAN!'" INnGAN('2 DeepSIMI™
SIFIDI | 0.218 0.354 0.040
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