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[Abstract]

Today, the restoration of cultural properties is done by applying the latest IT technology from relying on
existing data and experts. However, there are cases where new data are released and the original restoration
is incorrect. Also, sometimes it takes too long to restore. And there is a possibility that the results will be
different than expected. Therefore, we aim to quickly restore cultural properties using DeepLearning.
Recently, so the algorithm DcGAN made in GANs algorithm, and image creation, restoring sectors are
constantly evolving. We try to find the optimal GAN algorithm for the restoration of cultural properties
among various GAN algorithms. Because the GAN algorithm is used in various fields. In the field of
restoring cultural properties, it will show that it can be applied in practice by obtaining meaningful results.
As a result of experimenting with the DCGAN and Style GAN algorithms among the GAN algorithms, it

was confirmed that the DCGAN algorithm generates a top image with a low resolution.
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I. Introduction
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II. Preliminaries

1. Related works
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Fig. 1. GAN Result Image
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Fig. 2. Direction of GAN development

2.2 GAN Introduce
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(Generator network: try to fool the discriminator by generating real-looking images
Discriminator network: try to distinguish between real and fake images

Train jointly in minimax game
Discriminator outputs likelihood in (0,1) of real image
Minimax objective function:

minmax [Eynp,,, 108 Doy () + Eanp(z) 108(1 ~ Doy (Go, )
e ¢ Discriminator output
for real data x

Discriminator output for
generated fake data G(z)

- Discriminator (8,) wants to maximize objective such that D(x) is close to 1 (real) and
D(G(2)) is close to 0 (fake)

(8;) wants to ive such that D(G(z)) is close to 1
(discriminator is fooled into thinking generated G(z) is real)

Fig. 3. MinMax algorithm
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2.2.2 BEGAN(Boundary Equilibrium GAN)
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Fig. 4. BEGAN Architecture
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Table 1. The performance(FID score) of the model in
the different configurations compared to ProGAN. The

lower score the better the model.

Method CelebA-HQ FFHQ
(A)Baseline Progressive GAN | 7.79 8.04
(B)Tuning 6.11 5.25
(C)Add mapping and styles 5.34 4.85
(D)Remove traditional input 5.07 4.88
(E)Add noise inputs 5.06 4.42
(F)Mixing reqularization 5.17 4.40

Table 1.2 StyleGAN Z=o] BIHS A2 ATt

Zlo|ct.

Table 2. feature of StyleGAN

Characteristic Resolution and content

(4x4 layer~8x8 layer)
Affects poses, general hairstyles,
face shapes, etc.

Coarse(Bold
features)

(16x16 layer ~ 32x32 layer)
M LB S, HOILEY, &
It 7/Influence on attenuation

Middle(Medium
feature)

(64x64 layer ~ 1024x1024 layer)

Up to resolution-Influences on color
combinations and subtle features
such as eyes, hair and skin

Fine(Detailed
features)

Fig. 5+ latent vector Z& ©30] utg Y= 7 ofy
2 oj WERIS ARN UL wE AME3iTh PGGAN
¥ vl latent vector z7} BEo]] So{7}H training
data®] probability densityS wetof siA] H2l7tet, &,
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Fig. 5. Style-based generator
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III. The Proposed Scheme

3.1 Configuration of test environment
2 AFolM= AollA AAJE DeGAN[1], StyleGAN[2]
o] 27119] La1e|EE A7gdsto] 2ol 592 st A
ASY3UCE. Table 3 A3e 93 e e3Aolct.
2l =2Ug ofdt ABAS SIZTolEL S 4
26072k BHA17F B0AIZE o]4fo] £Q5h00, Fig, 62 1
9 22 93%0] GPUS| CUDA Jo4g Atgstel H98S

90% ol AFg3LE e & 4 9t

Table 3. Configuration of test environment

DIV Configuration
0S Windows 10
RAM 16GB

Graphics Card 1080ti

Language Phython3.7.7

tensorflow-gpu 2.3.1

platform phy-torch 1.5.1

Learning data Al HUB(Pagoda Image )

Learning time 80 Hour

Image size 1920%1280

Learning Data 150
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NVIDIA GeForce GTX 1080

GPU

0% v Cuda

~ Video Encode 0% + Video Decode.

T GPU B2 Aty

T GPUHE3 AE

2721145671
2020-09-30

12 (FL12.1)

PCI #2 1, B30, 715 0
5o 022 113MB

GPU T2

6. 7/1GOGB 0 1/8 OGB o

Fig. 6. GPU usage rate for artificial intelligence learning
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Fig. 10. Procedure for creating training data
3.2 DCGAN

Original GANO]| CNN@t A-8517] =|H QhEAe e At
7HUbE 4 91002 table 49} 7o) 571] e A83ck

Table 4. Architecture guideline for stable Deep
Convolutional GANs

the
the
and

layers such as
the size of
convolution

non-differentiated
max-pooling layer, and adjust
feature-map using strided
fractional-strided convolution.

¢

1.Remove

2.Add batch normalization.
{4
3.Remove the fully connected hidden layer.

¢

A4Tanh is used as the activation function of the
generator's output stage, and Relu is used for the rest.

&

5.LeakyRelLU is used as the discriminator's activation
function.

Fig. 11. DCGAN LAYER
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nn.ConvTranspose2d( nz, ngf = 8, 4, 1, 0, bias=False
),
nn.BatchNorm2d(ngf * 8),
nn.ReLU(True),
nn.ConvTranspose2d(ngf * 8, ngf = 4, 4, 2, 1, bias=
False),
nn.BatchNorm2d(ngf * 4),
nn.ReLU(True),
nn.ConvTranspose2d( ngf = 4, ngf = 2, 4, 2, 1, bias=
False),
nn.BatchNorm2d(ngf * 2),
nn.ReLU(True),
nn.ConvTranspose2d( ngf = 2, ngf, 4, 2, 1, bias=Fals
e,
nn.BatchNorm2d(ngf),
nn.ReLU(True),
nn.ConvTranspose2d( ngf, nc, 4, 2, 1, bias=False),
nn.Tanh()
Generator
nn.Conv2d(nc, ndf, 4, 2, 1, bias=False),
nn.LeakyRelLU(0.2, inplace=True),
.Conv2d(ndf, ndf * 2, 4, 2, 1, bias=False),
.BatchNorm2d(ndf * 2),
.LeakyRelLU(0.2, inplace=True),
.Conv2d(ndf = 2, ndf *= 4, 4, 2, 1, bias=False),
.BatchNorm2d(ndf * 4),
.LeakyRelLU(0.2, inplace=True),
.Conv2d(ndf = 4, ndf = 8, 4, 2, 1, bias=False),
.BatchNorm2d(ndf * 8),
.LeakyRelLU(0.2, inplace=True),
nn.Conv2d(ndf = 8, 1, 4, 1, 0, bias=False),
nn.Sigmoid()

Discriminator

Fig. 12. DCGAN Generator and Discriminator Source
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Fig. 13. DCGAN Result

Generator and Discriminator Loss During Training

Fig. 14. Generator and Discriminator Loss During Training

3.3 StyleGAN2(Style-based GAN)
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GPUs  1024x1024 512x512 256x256

1 41 days 4 hours 24 days 21 hours 14 days 22 hours
2 21days 22 hours 13 days 7 hours 9 days 5 hours

4 11 days 8 hours 7 days 0 hours 4 days 21 hours
8 6 days 14 hours 4 days 10 hours 3 days 8 hours

Fig. 15. Training times required for images with various
resolution compared against no. of GPUs used.
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Fig. 16. StyleGAN Result

IV. Conclusions
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