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Korean-style Disaster Image Generation Focused on Hanok: A
Comparative Analysis of Fine-Tuning Techniques and their
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Abstract

This paper explores a new approach to generating disaster images tailored for the Korean context, aiming to effectively
communicate disaster situations to populations that have difficulty processing information. While disaster notifications have
primarily utilized text so far, it has been recognized that this method has limitations, especially for the elderly, the disabled, and
foreigners. Accordingly, this study investigates methods of conveying disaster information suited to the characteristics and
topography of Korea by using fine-tuning techniques and image generation models. Experiments primarily focused on the 'Hanok',
a representative Korean architectural landmark, were conducted to evaluate the results of various fine-tuning methods for creating
Korean-style disaster images and analyze their performance. The findings indicate that the performance of each fine-tuning
technique varies depending on computer specifications, prompt design, computation time, and other variables, suggesting the need
for further research. The research presented in this paper is expected to be applicable not only domestically but also in global
disaster response, providing direction for future disaster research.
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Fig. 1. Disaster message-based disaster image creation flowchart
.M Z FY A EF 5 T gl gRsel 44 TRET
Atk wEbA HAl BdS 283 At "E Tl E A
A BAE FA AFE A AL S AT shs 6 Yol AT BAo] Uk I HolHAL B3
Mulzz, AAe 9AE 0% A Utk F U o, A% wE A4 5 9% Asek /N 24 Sl o
At 248 A E Fds7] fsiAE dAESf HEo o S HIo®2 Al AR o] a3E Fuskets Aol F
HA, 9%, 24P 5 HEvHAE A At L3ItE I9 194+ Ald 45 7HEeZ Ad o] n| R &
= A0 B &dAolth 58, AP, kBE, 9% AAeE £4E UyEd
13} 2 ARRA FokAZA L oleld Helrrlo] 7) BEES ) A9 A 4% 227 B 234
W) A AR QY Gk 6 Ak oo 48 58 A T ek WMol A AW A we) A8
59 g ER
Aqg
kel

> oot 2 2 g

2 o X

Ir el 1= %
X

i)

r lo
= k
ﬂ: N

= 5 :
ofl
=
l
N

d T 3o oo g N 2

4ot Az 3oL g

a) H}7|EAd A S FHFAFFAF(UST)
b) =725 AT A Y(ETRI)
¥ Corresponding Author : "< (Byungjun Bae)
E-mail: 1080i@etri.re.kr
Tel: +82-42-860-3888
ORCID: https://orcid.org/0000-0002-0872-325X
w0l EES 0BYUE ARENNEILENN AN FREFN]
grige] YL ol FPE AFY (2022-0-00083, AFHE A
HAMZTE AT 25 AdHH] AMux FAE J1E .
+ Manuscript November 2, 2023; Revised November 22, 2023; Accepted
November 22, 2023.

A FHE W EF] AeliA Bk 2219 dde
Ak A=re] W2 A=A FoA A=F Ald oA E

e
&
&
b o

o o 1@
o
N

ro
o
(S
1%
o
R

II. ofo[x] MY & ool & 7[H

o] E=RAHE U 79 el Fd 716 Agtel 4
#S QWAL AGE 3 T ST oA A =
£ 37} S B APl N AF AGH I vEEE /)
52 A4S,

1. Stable Diffusion

Stable Diffusion-> diffusion 7]%} Text to image 5.2 ]
o}l Stable Diffusione QZ 2229 544 o] A7}

APHAL, o5 T3l g 349 74 7ess 23T



1A 9 32

BLe FHOE o BIY A ool A4 A3 el F /%) A% Wi wA3

A Vs 135

(Minji Choi et al.: Korean-style Disaster Image Generation Focused on Hanok: A Comparative Analysis of Fine-Tuning Techniques and their

T A HAJTh B =FA EE A ¥ Stable Diffusion
£ 7+43}3} Stable Diffusion WebUI®ol| A 28 F T},

2. Textual inversion

Textual inversion& Abd FHEH ojnz] A T o]
HAE o]aﬂl:] _5_7Lo1]/\1 NE2E To]E = w2l e
6]-]:]— Eﬂ/\E

B2 Fge ‘ﬁ vk 015, 7

HEE T o] oA 'Pseudo word'E AHE3le] A2 &
dulg WE e H2E & LA o]F ZEZEES

O

g3to] o|m A& At A & o, Pseudo word7} 51
S ARl oA E AFAsHE AR oloA=
A o] g =t} = Textual inversions 8| ~E
o] dug o] A A 2% Pseudo wordE 2o} of
o Mds F4 Ao 3l Fds st

2
14_

ol FUIO
r:i e

=
=

_WL

o o L Y

}_

ol
r\r

3. Dreambooth

Dreambooth™= 5 714 &4 58 E 71A 3 Q3P k.
A ExEE P A AT g FA 9] A|ZHE Ao
= A A2 W] AR 4
F= 2 A9 oJuAZ Text to image

2l ™A 712 semantic knowledget:= H=
Aoltt, o] F 7HA] HEE o|F7] 918t class name
3 class imageES AHEECE HAIS T8y 98 2 A
olu|A & YHOZ F Text to image LIS 3}l F4
ato] It indexst 98 oW AE 7 label st HHS
853t o] % 14f indexE XT3 ZEZEE Y5

S A olmx| ] JARATE EY o|w] x|l A E .
4. LoRA

LoRA(Low Rank Adaptation)®= 24| s2}e|g o]
EVF vg g ol Ak stol MEA A7E MEE
Wiolth LoRAE AHESH 9191 FYS 28 75 7]
Z A Bt e TEAES HUIOlE HA] ¢, rank

decomposition matricesE<] 7| JH| 0| E Ht} o 7]

Applicability)

2] rank decomposition matrix= T 7l ]2 319 L]
Hog2 Foizl PH& IARCE YeEllE Fgolth
LoRA = Stable Diffusion®] cross attention layerol] Al =<1
TS At 719 cross attention layer®] 7t A&
gEE AoH =, o]H g matrixol| 7FEAE FrFet] B
95 3 F9 sk Aolth

5. Hypernetworks

Hypernetwork!'”= Stable Diffusion W% U-Net2] cross
attention®]l AH1= o] 3¢l Fg FPste= HF UEHA
o|t}. Hypernetwork 5 7l & cross attention && ©]Zo|
A3t} Attention AU Eoll £ 8H= key, query, value
HE 5 key, value -+ 7H¢] HE]E W3 gtch Hypernetwork
AHA| = dropout¥} activation®] Sl fully connected layer
network®] ¥, ©] M EYIE AlE-3slo] HEH key, value
W E]= cross attentiono]| A3k A-&F T},

FIEkF) A s 4 vk o o3 5ol A A
o] 72 AFHAT, P9 olvlA] 44 B
ol ElS IMOE st mEl olele A 3

oulA) A AT AALTA heRdh wH, of

SE 9} 728 T A AL upizlz| o] AS B ]7(] 5
A olIE & 2 A A AES A HOT B
1= oHth

B ATE fgolahs 5
ER TR
FE st gk

1) tekre] oA A4 mdo] ghS ojm|x]] Aol of
Hes Btk ol F2 AR 8¢5 wloE Al &S
o[mA7} FEAL EA A %7] T LR shetETh



-
o)
=N

z
ofy

o
%

_\01_,
r-{u

A A|284 A6%, 20231 112 (JBE Vol.28, No.6, November 2023)

Stable Diffusion DALLE 2

Playground

Input prompt : Hanok

12l 2. Text to Image ZEo| §t= 0|0|X| &3 Zx}

Fig. 2. Hanok image output results of the Text to Image models
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Table 1. Characteristics of traditional houses in Korea, China, and Japan
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country

Characteristics

Korea

- Monochrome or wooden-colored main gates and pavilions are numerous
- Curvature, simplicity

- The eaves have a gentle curve

- Mostly single-story buildings

China

- Features shades of red/green/gold
- Flamboyant, intense, linear
- Large in size and majestic

Japan

- Low-saturation main gates

- Understated, linear

- Many two-story structures

- White and gray buildings

- Many structures have gardens
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Table 2. Evaluation results for image upon entering prompt A

Prompt A .Textu.al Dreambooth | LoRA | Hypernetworks
inversion
5 0.24 0.30 0.24 0.26
50 0.25 0.30 0.28 0.27
100 0.25 0.30 0.28 0.27
Average 0.247 0.30 0.267 0.267
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Table 3. Evaluation results for image upon entering prompt B

Prompt B .Textu.al Dreambooth | LoRA | Hypernetworks
inversion
5 0.26 0.28 0.26 0.24
50 0.25 0.30 0.26 0.26
100 0.23 0.27 0.29 0.25
Average 0.247 0.283 0.27 0.25
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Table 4. Evaluation results for image upon entering prompt C

Prompt C .Textu.al Dreambooth | LoRA | Hypernetworks
inversion
5 0.29 0.28 0.21 0.29
50 0.21 0.30 0.27 0.28
100 0.25 0.30 0.30 0.28
Average 0.25 0.293 0.26 0.283
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