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Super Resolution Fusion Scheme for General- and Face Dataset

Jun Won MunT, Jae Seok Kim''

ABSTRACT

Super resolution technique aims to convert a low-resolution image with coarse details to a correspond—
ing high-resolution image with refined details. In the past decades, the performance is greatly improved
due to progress of deep learning models. However, universal solution for various objects is a still challeng-
ing issue. We observe that learning super resolution with a general dataset has poor performance on
faces. In this paper, we propose a super resolution fusion scheme that works well for both general- and
face datasets to achieve more universal solution. In addition, object—specific feature extractor is employed
for better reconstruction performance. In our experiments, we compare our fusion image and super-re—
solved images from one— of the state—of-the—art deep learning models trained with DIV2K and FFHQ
datasets. Quantitative and qualitative evaluates show that our fusion scheme successfully works well
for both datasets. We expect our fusion scheme to be effective on other objects with poor performance

and this will lead to universal solutions.

Key words: Super Resolution, Fusion Scheme, Deep Neural Network

.M E

ol R 234 = (super-resolution, SR) 7] H-2 #]
3= (low resolution, LR) ©] 7] A& 234 = (high
resolution, HR) WA & A dst= 4 A2 71
07 A4 AZE, TA Fhgtell A A= U4, o R
@EAE, 94 AA, A7 Y4 T b
Al ARgETE (1] SR 712 A1 G2
© 2 duitHone to many) AHE EA0]7]
&3 9o a2

—

glol AFAAE s o2&
AR ARG Aol Peld 7% wa Y8

o] SR 7I'H¢] Aol w-¢ A F713kA L olo w
g H A oqd Tt &S B ATV e
dom 53] @ oA & o] 83 SR(single image
super-resolution, SISR) 7|¥ o] F&E1I Ut} [2].
Z3H = I A7 F =% (super-resolution con-
volutional neural networks, SRCNN)[3] 7|H& |
2 7R thEAQ 7] RAEA P o]da
AHESEAE EE ‘ﬂiﬁr(sparse coding) 7]“}4 s
He 2kt & 3709 layer® o] Fojx vl
e AAT FZRE HAY, AAE 2L S /‘]'%i
SR 2do] yAA o Z ALLdlE HHERT =&

% Corresponding Author : Jaeseok Kim, Address: (03722)

50, Yonsei-ro, Seodaemun-gu, Seoul, Republic of Korea,

TEL : +82-0-8876-4018, E-mail : jackim@yonsei.ac.kr

Receipt date: Aug. 13, 2019, Revision date : Oct. 11, 2019

Approval date: Oct. 28, 2019

¥ Dept. of Electrical and Electronic Eng., Graduate School,
Yonsei University

™ Dept. of Electrical and Electronic Eng., Graduate School,
Yonsei University (E-mail : jaekim@yonsei.ac.kr)

% This material is based upon work supported by the

Ministry of Trade, Industry & Energy (MOTIE, Korea)

under Industrial Technology Innovation Program

(10080619), and Graduate School of YONSEI University

Research Scholarship Grants in 2019.



#S CIOIE At 2= HIOIE Aol CHEt Zoials &8 J18 1243

o

& o) &1 (Peak signal-noise-ratio, PSNR)
Ao AL QYT o] & e AAYLS §
o =2 sgete W EC] AFEHYEA B & A4

£ e A7 AP HAT =
A= 71 (very deep super-—
resolution, VDSR)[4], Z3td 4& =34 = 7Y
(enhanced deep super-resolution, EDSR)[5] 4 +&
ANME Bt 22 AAWS 78S &2 AT
TZET 52 A%5S 24880 e BgeEs
A& XA 217 (generative adversarial net-
works, GAN)[6]& ©] &3 AFEo| MPo| HY+=
ol PSNR A #9H-& &4 42 AL AS o 94
o] ZE A= o] AZEHAY] wZolth thEZ
Ql A2 SRGAN(super-resolution generative adver—
sarial networks)[7], 743} SRGAN(enhanced su-
per-resolution generative adversarial networks,
ESRGAN)[8] &d7E°] o™ PSNR 7|8k &4
T HEo] A3 &4 (adversarial loss) &+
QIR 2 ¢4 (perceptual loss) &FE F71sle] A
Aol AA~H & A (texture) &2 EHA AT

2 ool mo B &
lo o £ dlo

u
2
o
N

o

(<]

[6,71.

SR 7|H& s MEN I 72, &34 £
71H, AR &4 dEE s HAY F&
deE Boli QUth sHARE SR ZEZH R dr)
o O EAEN GO JE Tatr] oy e BA
(ill-posed inverse problem)©]”7] W&o &3] 7t
5 (universa)Ql SR 2d& 2= AL AP, =3
HHW 72 dlolE 7|HeE YEYIE SHFA
717] &l vlolElo] £3x7t 122 ¥ T olH
Ex9o FAA "ot EA g Aol FA
2T} 53] Al ol tigk A9 Aol £
0}9’)\

,ﬂ
e
o

°lE VIR B =EodAE W& volH
A A= dolg Aol tigk SR &% 718 S AL
o wA A olm Ao tisl dE& AEdt 4=

ol

o] d&= F&ol thsiA wtAaE F3nt. o] & Hig
02 HE Holy Aog FHE UEYAY d=F
tolg Aleg FHE VEYAE 747 FHAANAA
d2 A3} GHES SFAIA o] wj, 4= HolH
Al tigk SR VE T &4 AA A 429 54
< WYl 53 A E7](feature extractor) & ©] &
3l d=F FE SR H5 S FVMAIFHTE B =&
Al AjbskE 8 Ve AHe B IRt

ol QuAel olu)A dlolE]
o Tisl A shefol Hw TS

S TN T dv= Aol

2

d

12 fo
4
o wt 2 rfr o oox 2

>
o >

— F
ol

¢

> do Y

g

A

l

o
ﬂllo%_g

)
o i & o %
O

o
N
52
rlo
far m
o,
|
N
N
i
e
2
il
2
o >

N

N

oE

o o
3

‘0,

ne

XZ af

£

n

'

)

fu
=
oL
rE

2 o
¥

Ay
e
o
>
dm o
o
tlo
>
o
o
32
o

2 oo
o

N
oo
il
wa
il_l“
At
o
(i
o
m
e
N
>

off oo

e <y rr 2 oox X o
X
:<I>1=
oft
i
B
fu)
:?g
inj
Hir
ro
dz
[
ox

et yo gx
e

50

)

fr

)

o

o

A
lo
rr 4
ox

=3 2t} 2% E %Q

R ¥R <l ESRGAN
°]%5P SR 7] o] eholl EHSHH M <est
ZkA3] 7]

S
>
oo
[
B
2

O
ng

N
ol ol [U[O

o
j‘J
w =

w2
Bl om0 X oo o

o
r
Ky

2,
=
o
4N 0

L S
i)
o
A
N
Moo
LI

=
i
rh
o ¥
¥,
fr
i)

2. ESRGAN 27 H

2.1 ESRGAN Z2&!

SRGAN U E9 3 A= 7]E2] PSNR 7|8k
o] Azl A A Rl A4
s dstr] AsiA AdA 4 et JAAFH &4
FrE FUHH R ARSI o] & T JAH dF
(perceptual quality)E A SHAIFH AT A AS F
FollA Azte] A2 A (artifact) 7} Fa= ).
ol At o U2 AIAH A5e 47 AslA
SRGANE 7|4 2 &= ESRGAN HES = =d
o] A(EAT. A WA E Residual-in-Residual
Dense Block (RRDB)®] #(high capacity)
o|HA TFol A& WEYZ T72& AHE3SHA
i, F HARZ AANA HARIAE e 71E
GANS tiAlste] Foid o= o= Ao] o A<
2] & #AF3l= Relativistic average GAN(RaGAN)
91 AHg3st o, uxeto g QIR H &4 F+5
AR o A3} grE T olAY s AE
st B} @7l2-8 AAE 7HAE 94 A4sA
th. ESRGAN®] AA3% F+x= Fig. 19 2t

o fo

1_—-1—0

2.2 AAUE 0|88 SR 7|HO EXMH

AAeE Ol%fﬁ SR 7I®E°] 2%A %—?—t— |
H



1244 ZEDICOESE ==X M22A KH11=(2019.11)

conv _UP- coNv coNV SR
Sampling

+

CONV LReLU

<RRDB=>

< Dense Block in RRDB>

Fig. 1. Network structure of ESRGAN [8].
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Table 1. Quantitative comparison for DIV2K and FFHQ dataset
Test Dataset Training process PSNR SSIM
DIVZ2K 28.793 0.799
FFHQ 28.315 0.788
DIVZK DIVZK+FFHQ 28.588 0.793
FFHQ* Ly ¢arce 28.317 0.791
Fusion 28.846 0.797
DIVZ2K 28.438 0.845
FFHQ 28911 0.842
FFHQ DIVZ2K+FFHQ 28.720 0.847
FFHQ* Ly ¢ arpee 29.037 0.841
Fusion 29.227 0.846
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Table 2, Subjective Quality Assessment (average*standard deviation) Results for DIV2K and FFHQ dataset
Test image
. DIVZK FFHQ Total
Training process
DIVZ2K 3.69+0.91 1.95+0.82 2.82+1.23
FFHQ 2.91+0.98 2.38+0.89 2.64+0.97
DIVZK+FFHQ 4.09+0.86 2.34+0.85 3.21+1.22
FFHQ* Ly aruce 3.27+£0.94 3.55+0.97 3.41+0.96
Fusion 3.68+0.89 3.75+0.91 3.71+£0.90
W, FFHQ® & ¥ 73} DIV2K+FFHQ dlo|H = MRS TS ES FArete] tastE ThsAd el
=4 @ A AY Aol7t (e ol & S 54 AL G F AA Aol me} e FxE AA
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A% Aol 2A UolAd @ AL AAT F 8l ERIHE 2 MENAR AP Fo o
ATt vpA Rt 2 F HolE Al B tigk §A 2 AToME AE dAS AT A2 T8 =4
Folth, Agtst= A WY AR o] B A gk SR A WS FiE Ik WHoE s
SV BT BE BRE M B AL & % st o) WA Aol
F e, ols EHFoE £ A5 FFA
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