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[Abstract]

Cultural assets excavated in historical areas have their own characteristics based on the background of the
times, and it can be seen that their patterns and characteristics change little by little according to the history
and the flow of the spreading area. Cultural properties excavated in some areas represent the culture of the
time and some maintain their intact appearance, but most of them are damaged/lost or divided into parts, and
many experts are mobilized to research the composition and repair the damaged parts. The purpose of this
research is to learn patterns and characteristics of the past through artificial intelligence neural networks for
such restoration research, and to restore the lost parts of the excavated cultural assets based on Generative
Adversarial Network(GAN)[1]. The research is a process in which the rest of the damaged/lost parts are restored
based on some of the cultural assets excavated based on the GAN. To recover some parts of dammed of cultural
asset, through training with the 2D image of a complete cultural asset. This research is focused on how much
recovered not only damaged parts but also reproduce colors and materials. Finally, through adopted this trained
neural network to real damaged cultural, confirmed area of recovered area and limitation.
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I. Introduction
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II. Preliminaries

2.1 CNN(Convolution Neural Network)
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Fig. 3. General CNN and classification
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2.3 GAN(generative adversarial network)
20140 &2 AEQl o]t 2 (lan Goodfellow)
9] GAN(Generative Adversarial Network)[1] 22L& A
Al e | 2fdol Tt @7)2 T B Efees
gh AtEuoltt. AoiAl A =l GANZ HEA}
(Discriminator)?}t AB’4AHGenerator)2 ©]F0jX|H, @
EQFEQ tt2r] wo] =2 SeedE AY/dsto] AR 0=
Aefie] HlolHE Aot e sh= Aldolt). webA, o
AR AR oAl SRR, AEYY AR A
v|%all Atk &, 71#H(Fake) ClolEl& AY/dsto] vl st
H AEY= UololEsty, AR SeedE 2ol WA A

ophe zolct,

ol

Discriminator

ar
S SIS

~Fake image

Training set|

Generator
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III. The Proposed Scheme
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. 10. Training data Set
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IV. Conclusions
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