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Pix2PixGAN + ™ Hlo]Elo] 7hzolw F]
2B WS 93 cGAN 7|ute] AutslE Fxo|t)
71¥2] GAN (%= DCGAN)ol A= Noise Distribution
© 2 YE Data Distribution & ¥oluli= Learning < 3}
Al "ohd, o 7]A+= 3k Image Domain (ex. Laebl Image)
ZHE X thE Image Domain (ex. Synthetic Image) = -
Ef 2] Mapping Function < Learnlng A a1, o7]
] 5-E] Discriminator & E3fA] XA A] ol A=
AVE WA H = Aotk CNN S &3} Loss Function <
o| %, GAN Loss & 7184 =¥ o] A% Photo-

realistic g Image & wHEo] & 4 A HATh
L1(reconstruction loss)} cGAN(adversarial)E 7#o] AR&-

Sh= Zlo] Pix2PixGAN °] 8 ofojrjolegta o <
ATt
2.2 Identity loss

HItH g5 Hlolg &
] ldentity loss ZH= HdS =4
Transfer & & wf Loss ollt}7} Y
Mapping Function 2] Loss
Domain 2] Image 7} £9f
2| ¢kolr Y Domain & &
AN Y &2 7t Mapplng
5 A7 glo] st+= A
| A ®th= Ao
%”LH We ge A

7]4

il
-y
a

2 3k CycleGAN 9|
X oA Y 2

o
o]

o] o
1:}

< BN



20194 EAlsts

eECH3|

=2x ®26A ®135 (2019, 5)

A& F d FevsA wt=s Aol
2.3 PatchGAN

GAN €] Discriminator 7} A A ¢d<jo] ofjg}
A 2719 patch V92 ARAE e, 1
ol HtS FAsh= W2lo] PatchGAN ot #A4
te] AL Azl wleste] Folx Aol 9
om, A =7]9 patch o tiste] 2% 2o o))
= AEE o Jvpd, e]al 1™ patch o G27F ol

1T

)

A= WFow ks shAl Fvhd, generator o A
- 49 2=E 5 9
2.4 LSGAN
LSGAN <+ Discriminator ol sigmoid cross entropy

loss thAl Ieast - square loss & A}-&3l 4] decision boundary
oA He] A sample S penalty & T+ HY
=5 sample o] &% 9o real data o 7MgA UYoxH
generator = 6‘*“ T A Y
2.5 MLP(MuItl Layer Perceptron)

dukA 2l CNN +Z%+= local receptive field ol A]
feature & FE3W+= 8L $F3A % non-linear g
feature & F=5H71<l o H&o] Ut} o] S FH
317] 9l&l feature-map 4 7H—r—é Eﬂ“ﬂ/ﬁ ALko]
S0y e pxryt g sl 184 Convolution
o 23 0}7] <23k fllter tf 2ol MLP(Multi-Layer-

Perceptron)= Al-&3lo] feature = FE3IE= 1)
Fully-connected NN thAle] Fhe]]l global average
pooling & AM&3ATE dAbeFo] Fojux] koA

non-linear 3+ &S # &8sk = A HAUTh
3. Aok wy

3143 ol
ghszoll SkA], gray-color Wi H F&E3 HlolHE
A8l dlely 73S A5 skglth Place365 H ol B Al
A&l 128*128 ©] gray-color RGB &7 ©o|n| A& A
A=
3.2 Y EYA
3.2.1 Generator -3
Generator o= U-net 7% AM&3t}h U-net &
encoder-decoder 3ol Al FAFAVIE ESU7E A
7155 FHANA detail ©] AFEFAIHA] d2Fe] blur 3
A= A= Hsh7l f8iA 9 a"EAE skip-
connection = 2zr+=t}. encoder °| 4] decoder & 0.2 = H
AHEE {717 diid #& Ags A9E 48 F

ATt

(29 1) U-net & 20154 Olaf Ronneberger H©°]

“U-net: Convolution Network for Biomedical Image
Segmentation” =woZ W EATE.

3.2.2 Discriminator 3=

Discriminator ©ll 4] PatchGAN < % &It} 7]9
GAN ol A Discriminator ©] <3t2 Image M A& Hil
AAAA] 7HAAA S FEe A H=d o3-S Image
o] Overlap ¥+= Patch @92 B A= FHolr), ¥
Al =™ Patch ©9]=2 Loss 7} Back-propagate %] o]A]
% O Detail 3+ K-+l 4 Generator 7} Feedback < %
< T A =HAGH

(=¥ 2) PatchGAN

Convolution layer 2} Batch normalization layer &
Wzl ARg-sh= UWHAQl GAN o &= filter o &
Aol linear 371 wit-ol non-linear ¥ &S 7}x
feature & F=3t7] gl o] &AE A5t 919
convolution layer ¢l 4] MLP(Multi-Layer-Perceptron)& A}
&3] feature & F=3HEF Skl 1 2+ ofd

"I gk

(¥ 3) MLP(Multi-Layer-Perceptron) -

AL-8-3le] feature-map & =<
T AL A "H=7] 9@, MLP layer
£ oA MNE %o} *}%——"* gtk MLP layer mtt} ol
Batch normalization layer, ReLU function, dropout layer &

F7hgleh,

1*1 convolution <
Nws S Be 2

3.3 loss &~
o g AQl s H}E TH5 #13 LSGAN ¢
olo|tjol & degrt 71E9 G = %
minimax problem & ¥+ Hh

LSGAN & Th=3t o] Wdd £AlE 27 Ao

- 416 -



2019 EA|stawtEol 5| =2 H|26H M[1= (2019, 5)

o] 7] A b <= real label a &= fake label c = G )7l A]
D7F W% star A2 kit Generator B 783k
53 oMAE B ES F 7HA loss S FME
gIt}h.  Image-to-lmage Translation with  Conditional
Adversarial Networksol| 4] A Fgl Reconstruction Loss,
Unpaired Image-to-Image  Translation using Cycle-
Consistent Adversarial Networksol] 4 #] ¢+3} Identity Loss
7} 9tk o] =FolAl GAN 2] 5o Al L1 loss
function & 7Fol=¢] &5 A L1 loss 7} Wow
BETE v A4 97 gkt

3.4 8¢5

% 1000 319 A dHeolHE 5ol A&
o] T TFol EFEHA &2 100 Fo ovAE
& HolHz AREAth F4S 128*128 o= A}
5 grayscale 34 Hlo]EJAlS WHE QAT

A3 daelEo R Adam Optimizer & A8
SHES 24 2 AAIow,  Generator I}
Discriminator 2] convolution layer °l 4] . LeakyReLU
activation functions, Batch Normalization, dropout & %]-8
glt}. 100 epoch & &5A AT

O o
N olN H

4. Ad &

i

O+

4.1 B7pa

A5S 57437] 938l Image Colorization using
Generative Adversarial Networks =50l 4 #]|¢}al mean
absolute error(MAE)¥} Raw accutacy(AuC)E || & gt}
MAE &= 7t A7 A dol disll J4 FFolA Aol gk
o] H& FHalo] AArETE Raw accutacy(AuC):= A
AE olm A i ojm x| I Fof T2 A
AHE 7Hx] Ao v|&S 7Akettl 5 color channel
7kl A7} A3 threshold distance Bt} 2 oW 7+
< ZARE 7HHTAL T

42 At

Pt A 2 dolE Ao R 7+ network ©
S vk 2 =EoA ARES FERE Y
AFES Jd& Zo 7 Helth LSGAN 2 stable 3+
A, w2 =% Reconstruction Loss 7} GAN < 3}
5% ouAE AASESF ki, Identity Loss 7F
Mapping ¢ 545 & o Fon|stAl vh=51, MLP 7}F
olu] %] 2] non-linear 3t feature = =3 Generator | 7l
o] A3t feedback = HE3$Fo 2 colorization 4]l
Aol 23S M F2 4TS EE T UsS 2

S o]
= MAE =
= &3l A

1L i ofN o
(o rlo off

O

o

MAE
9 7.9
8 1.2
7 5.9
? T AT 16
)
3
2
1
0 LSGAN
cGAN+ LSGAN+ LSGAN+ +.
CcGAN+ ) ) . Reconstruction
. Reconstruction  Reconstruction  Reconstruction .
Reconstruction . ] . Loss+Identity
Loss+Identity  Loss+Identity = Loss+Identity
Loss Loss+PatchGAN
Loss Loss Loss+PatchGAN N
uMAE 7.9 7.2 5.9 5.1 4.6
m— MAE e S8 (MAE)
5
(29g 4) A3 v 1
Raw Accuracy
93.00% 91.74%
oo
b
B
.00%
33.00% T 87.23%
87.00% -
86.00%
85.00%
84.00%
o0 LSGAN LSGAN
CGAN LSGAN + Re(onstru;t\o RE(DnstrutUo
CGAN+ Reconstructio ~ Reconstructio n n
Reconstructio n n
Loss+Identity | Loss+Identity
n Loss Losstc\)d;mwty Losszc\)d;nt\ly Loss+PatchGA | Loss+PatchGA
N N+MLP
Raw Accuracy 86.10% 87.23% 88.91% 90.60% 91.74%
Raw Accuracy
(29 5) A} vjaL2
_ = .
(13 6) Ad47 M 2LE% LSGAN+ Reconstruction

Loss +Identity LosstPatchGAN+MLP ©. =2 A Az}

- 417 -

o u] ]



2019 EA|stawtEol 5| =2 H|26H M[1= (2019, 5)

x =
Sk

ro

[1] Image-to-Image Translation with Conditional Adversarial
Networks, Phillip Isola, Jun-Yan Zhu, Tinghui Zhou and
Alexei A. Efros, CVPR 2017

[2] Unpaired Image-to-Image Translation using Cycle-
Consistent Adversarial Networks, Jun-Yan Zhu, Taesung
Park, Phillip Isol a and Alexei A. Efros, ICCV 2017

[3] Image Colorization using Generative Adversarial
Networks Kamyar Nazeri, Eric Ng, and Mehran Ebrahimi
[4] Least Squares Generative Adversarial Networks Xudong
Mao, Qing Li, Haoran Xie , Raymond Y.K. Lau, and Zhen
Wang

[5] U-Net: Convolutional Networks for Biomedical Image
Segmentation Olaf Ronneberger, Philipp Fischer, and
Thomas Brox

[6] Network In Network Min Lin, Qiang Chen, Shuicheng
Yan

- 418 -





