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[Abstract]

Neural Style Transfer is being utilized in various fields while preserving the form of the image as
deep learning network that changes aesthetic elements such as color and texture. Moreover many Neural
Style Transfer studies have been conducted based on famous western art datasets and has shown
excellent performance in westernization transfer and has contributed greatly to the development of
influence in that cultural sphere. But transferring traditional korean painting styles such as ink-and-wash
painting is difficult through existing methods, and related research is lacking. This paper proposes a
novel network that effectively reflects the characteristics and margins of light and shade of images with
combining CycleGAN and Self-Attention mechanisms. We also developed a web service that can
generate images having the characteristics of korean painting using the proposed network. We hope that

this service will encourage anyone to take an interest in this research topic.

» Key words: Neural Style Transfer, Self-Attention, Traditional Korean Painting, CycleGAN, Deep Learning

(2 <f]

Neural Style Transfer= ©|u|#]¢] HE|& HEstHA AA} A7 5o vghy 45 WA
Hed UWEYARZ tpetst Fopdda] &853 o) IR Neural Style Transfere= 4 A1
tz Holy AEE 7|Wrer AgtEo] ghom A3l Hold geEd Hes Hof Y w3t
G wdo] A 71dstal vk 2ol ¥l F535F 5 = dAE 33t FA dole e vl
Aaz Fst7] oy #d A3t BEEh B =72 CycleGANI Self-Attention ™| U5
= Agste] sHY 5% ois aiF o e A2 UEYIS Aetait} wak Aot
H UESAE A3t onAE AT = e f AH2E Loz, Y 2 A F
Aol #st IS 7H F AEE 3

rx

» ZA[0f: AlZEL AER| B3t Self-Attention, 3t XS 3|3k CycleGAN, Ea{d

 First Author: Jin-Woo Cha, Corresponding Author: Kyu-Cheol Cho
*Jin-Woo Cha (chajinwoo.chajinwoo@gmail.com), Dept. of Computer Science, Inha Technical College
*xKyu-Cheol Cho (kccho®inhatc.ac.kr), Dept. of Computer Science, Inha Technical College

* Received: 2025. 03. 26, Revised: 2025. 05. 02, Accepted: 2025. 08. 22.

Copyright © 2025 The Korea Society of Computer and Information
http://www.ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



156 Journal of The Korea Society of Computer and Information

I. Introduction
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II. Preliminaries
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2.4 Stroke based Methods
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25 Transformer based Methods
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III. The Proposed Scheme
3.1 System Architecture
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Generate Korean Painting

Hanji makes it simple for you to generate cool looking Korean Art in
seconds, completely for free.

Fig. 5. Main page of Web Generate Korean Painting

IV. Conclusions
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