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A Study on the Restoration of Korean Traditional Palace
Image by Adjusting the Receptive Field of Pix2Pix
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Abstract This paper presents a Al model structure for restoring Korean traditional palace
photographs, which remain only black-and-white photographs, to color photographs using
Pix2Pix, one of the adversarial generative neural network techniques. Pix2Pix consists of a
combination of a synthetic image generator model and a discriminator model that determines
whether a synthetic image is real or fake. This paper deals with an artificial intelligence model
by adjusting a receptive field of the discriminator, and analyzes the results by considering the
characteristics of the ancient palace photograph. The receptive field of Pix2Pix, which is used
to restore black-and-white photographs, was commonly used in a fixed size, but a fixed size
of receptive field is not suitable for a photograph which consisting with various change in an
image. This paper observed the result of changing the size of the existing fixed a receptive
field to identify the proper size of the discriminator that could reflect the characteristics of
ancient palaces. In this experiment, the receptive field of the discriminator was adjusted based
on the prepared ancient palace photos. This paper measure a loss of the model according to
the change in a receptive field of the discriminator and check the results of restored photos
using a well trained Al model from experiments.
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Fig. 1. Pix2Pix Application Flowchart
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Fig. 3. Calculation of Receptive Field
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Fig. 6. Gray Scale Image for Model Training
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Table 1. Loss Value of Learning Model according to
Receptive Field

Receptive Loss Value

. Filter | Stride
Field d_loss_fake|d_loss_real

avg.[0.164848405 0.17976252
std.|0.186950959 0.16444898
avg.[0.328153781) 0.35145922
std.|0.0950732310.07776048
avg.[0.231567161) 0.24459372
std.[0.194432537 0.18423063
avg.0.218216024 0.22635299
std.[0.1961218860.17419041
269%269 avg.0.034326785 0.03748992
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