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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
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2. Text to Image
Fig. 2. Hanok image output results of the Text to Image models

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

1. · ·
Table 1. Characteristics of traditional houses in Korea, China, and Japan
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3. A
Fig. 3. Results of entering prompt A by dataset size
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Fig. 4. Results of entering prompt B by dataset size
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Fig. 5. Results of entering prompt C by dataset size
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Fig. 6. Learning time required by the number of training images
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Prompt A
Textual
inversion

Dreambooth LoRA Hypernetworks

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

2. A
Table 2. Evaluation results for image upon entering prompt A

Prompt B
Textual
inversion

Dreambooth LoRA Hypernetworks

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

3. B
Table 3. Evaluation results for image upon entering prompt B

Prompt C
Textual
inversion

Dreambooth LoRA Hypernetworks

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

4. C

Table 4. Evaluation results for image upon entering prompt C
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