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ABSTRACT

Recently, super-resolution has been intensively studied only on upscaling models with integer magnification. However,
the need to expand arbitrary magnification is emerging in representative application fields of actual super-resolution, such
as object recognition and display image quality improvement. In this paper, we propose a model that can support arbitrary
magnification by using the weights of the existing integer magnification model. This model converts super-resolution
results into the DCT spectral domain to expand the space for arbitrary magnification. To reduce the loss of
high-frequency information in the image caused by the expansion by the DCT spectral domain, we propose a
high-frequency attention network for arbitrary magnification so that this model can properly restore high-frequency
spectral information. To recover high-frequency information properly, the proposed network utilizes channel attention
layers. This layer can learn correlations between RGB channels, and it can deepen the model through residual structures.

FIHME: om]A] 234, Joulg, a3t Wg, 28 EY el

Keywords : Image super-resolution, Arbitrary magnification, High-frequency attention, Spectral domain

Received 18 August 2021, Revised 23 August 2021, Accepted 10 September 2021

* Corresponding Author Seok Bong Yoo(E-mail:sbyoo@jnu.ac.kr, Tel:+82-62-530-3437), Seunghwoi Han(E-mail:shan@jnu.ac.kr, Tel:+82-62-530-5361)
Assistant Professor, Department of Al Convergence, Chonnam National University, Gwangju, 61186 Koreaa

Assistant Professor, School of Mechanical Engineering, Chonnam National University, Gwangju, 61186 Korea

http://doi.org/10.6109/jkiice.2021.25.11.1477 print ISSN: 2234-4772 online ISSN: 2288-4165

€9 This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License(http://creativecommons.org/licenses/by-nc/3.0/)
which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.
Copyright © The Korea Institute of Information and Communication Engineering.



B2 HEASHS| =2 X| Vol 25, No, 11: 1477-1485, Nov, 2021

I[.M B
54% HrE WA ok o] 2 W A+
Al |

X173 (Deep Convolutional Neural
EA] ASAE o] o] Tt &
12 Wol 7 glek. Tt Zaly
9] ofm | A TRt A
= A= AR
e °‘E¥ Oﬂ =4, ofn XIOM ] AAE A4
5171 HOHHL 7“Zl % A7 “J% S OH ofm| x| A 74
&2 012 A

ol 7)o by =
@ CCTV, By, £ S8 Agelel 294
AA elulAE F, fAee 2L 2

norle 08.
_\:__I,
o
)
X:
4 1
2o
2
_\',L
o}
)

hat ﬁ

o =
Hl o
W o
N, o
NS
oxl XN el
o e Row

Dowoy
N

;
m
B
£2
fr
off o to o % 30

24

%“?‘%4 olul o] 2443 e
‘%‘QEH—Gyoi”ﬂ 7}11]] O]A 2421-5 olt/\l—-% 7]—}:1_‘%
o1, B, 712 iR ZebE
2719) A& AR G BEAT| R W3
ARE AT QiR ZE PSS
(2, x) 2t B A5, 912
e
2 53] AR Y5} et of
o119 B Fi S e )
9lo] Hick. wjebd A Zh4

&l F—U} LOH“E Aol 28

[

f

ok
o

= i
lo

o
oS

(R
o rE X

o

oN &
N

B Do Lo e

l'ﬁ
OO
0
5% 2 ol
>
> ol rlo
rr
oC
©

o
H
L

=2

i/

ol
2
>

c

% 9
o =
=
o
9,

N
S
<
£
%
O
1
=

|
i)
N
3
N
©
o,
o
o,
2
B
ol
~ N:
O
il
201
oM,
ol
o L m
[¢]
i
ox

&S HdPstal gt wje-& $13 ¥XHS Discrete
Cosine Transform(DCT) AHEYH T

It} o] o =FAIX1 DCT ¥1H
ook, ujeby 1%} 3% YELE
O R e e T SERS R E S
ek & R AT Y 252 A
g o] 04310 ]O}J—i Z71A Q] ¢louj&-S A3
5 G Yl WS gt el A2
S 4 Slh 2 ) B4l W82 Tkt el Al 7}
Az aoke 4 ok

pul

1. DCT 28|28 wolof 4 3} 842 Foto] B3

S o] ofm| A = Ffigict.

2. A2HEY THQ] 27 Ao 2 Qo] BES 15
vHE 7t =)l AF Y3 U EQEE 8 a5
vHE St

3. 7|& ZFAbE melo] xS nEE, 7R ny)
o et 54 9 27} 8¢5 glo] ZHHsH SlolHels
Q] Fhef A viE MES SRR RA, ol oful
& 5 dse BT

Zolgmo] S Adimel oA ddon
£ dlZs}e Aol 1
E‘]"]’ .J_.OH”'EE—,—E'] A= AslE YA T = O F
3k 4Qlo] Q7] wiZel ol s A5}l 0131—c Aol AL,
olF sfasty] 97t vt Aol Y Atk
SRCNN[2] JJ_I_E ZAEE CNNS 2831 &
U S Yo ReITSIn olF U tot o
o AT AS = QI dAtEo] AYE Tk
VDSR[3] %{}x} Q zﬂ%}‘«g E3] mElS g2 Zo] A
A8, ESPONN[4]-& QJ2 0. %3 v &2] o]u]4
2 ok AN FHP g9 s 4 Al
upsampling © 59 Akt
go| on| X & w7hHow SalA YoliA oohe
7] shze] 437 vlgol dobslz, 2 2712 U

52 Z83te] wet o A HEAE 48 4 U
Qom} DBPN[5] o|u]|2] YAA L, th2AA Y

She 28 wHEH o 4T Y oful A 2718 &
A
[e]

W STjE whE st BY PAE RhEe] Bk ke 4

2 wo] F:9ich RCAN[6]S Z& 2P 9] 91
A 4% WAUBS 295H9a, DRN[7IS 29
3ol w528 Aol 7|E0] TAAE Eulel 4]
4 Qo ZAHYE 2t olu A chesAUYs

Olr D% OXE

o] 912 ofn|x|2}e] ol A= AHAE ErQ]
SATSE FTORA BY 5AS FAAAY

1478



0 B £ A2 HolFE9t} E35 SRGAN
[10]2 =3 = A5 FFAIZ17] A8l AdZ g5

A7 A 4 gl 2o
A RS EL AS BH o2 A HTols Y
ExoA B SEREE 9538 normalizing
flowS &85t SRFlow[11]7} % Jk37 Qi) 113jAt e
o|ul & EXe FERELE M F of= B¢t FE
sko] A8l e o]
u| 2| 9] Atz 2 Hak GEEES vEs] Uitk E
3t SRFlow of|+= affine coupling 50| &A3}+= 4], o] &
< A o AU FANE Vo, 7 ) AFde I
2 50, Y x| 2L shift @ affine HE-S gt o]
e Folf e W ofsin|et S H A 9] Ahbo] 41¢]
2}, ot ulit S ShEsHAl B, A e o]
n|2| o) Azt dgo g Soled 4%t e
X2 W5 & 4 ok B33 FEREZ = flow-based
generative modelS 2-g3lo] SHER LA o|n|x]E
A5 Etk SRFlow?] A O 2= Generative
Adversarial Network(GAN)oJ| 4] 31 #|3[|A1= o]n|
A of| A g o|u| A& THE 4= Qli= thek/do] Atk
= Aoltt E3T log likelihood lossE ARg-5}o] &H5 A]
PARS Aok A& BASIL, GANS| A4 Akt
AL Wz oh<55h= A tiH] Shego] fohal =45
At} SRFlow-DA[12]+= SRFlow 24 9] receptive field
£ Tl 918 AR 22 671 o Ftela, 2l
T Jrxof WA] 9F= normalization 22 A AT O 2 A4
o] FAFE A58 2Tk NCSR[13]2 3H5 A] AJajAk
L oju|z|e} At e ofm|A]of| lmo]=E AFYSAL, =
o|Z&2 2l3l o}lg]JHMEE A|A35}= noise conditional
layer & A|2ksto] flow o] chob4 & S,

N
T,
B

£

4o

=

M

o
N

o
o,

ko)
fllo

o

op

rr

)

Hae) ZAYEE AHYE ofu S a4 uhe
2 shefat v ] s} 7)8k Pl olEsteic Shi ot
al[14]-& pixel-shuffling 22 A|Qt3F o 2 K sH<50] 715
St S ahH-S AL} o] 0]8-510] VDSR-E A3

o

A oS B AR TR 5 2o AE B
=
= =

o ol Yol e g 4 ik et
thoto] 41745 XA = B Y
shguich 2 melo) 7HEA| S 7h 3 glofof sz 1

oS FHMTE 25t 5t0|E2|= o9l nFn} TS HIER

A Adilee] o E8E A & 4 Utk
Meta-SR[15]:> 7] & 28l ReoA Sefsh=
S upscale-module 2 T A|3F o 24 slLte] maE ¢
W83 21 4 ATk 24 Meta-SRE Bh&3t
% 9= weight prediction & F-0] Hu} 8-S Syt
= e 7FAE 9EET) o] 71EA= upscale-
module] 2-8-E]|11 o|n| 2| & Ao &= Shfigict. o
gt ojm| Al ¢ ofufj&of Bhi= # A maskE ©]-8-5H
A 9l olul Aol lelulgol B Apo] 2ol
uA| FAZES A Egit) o] k-neighborhood 231z
29 Qeid Ropol] Mewom, /| delEo] 2
& S535k31th SRWarp[16]2 ], 4, F5
©5 warping H o|0] A& Yegho.z Wi}, o
1Z]o]| th5lo] backboneol| A Hi-&(x1, x2, x4) ¥
W& F%35}3, adaptive warping 22 £33 &
W o)X & Y FEZE BT 4= U= transform
functiong o] 53T}, ©] % warpingo] = A] 42 FeH=
] M2 ZF ul8(x1, x2, x4) HZ 7}4]
RHE 0]&3} multi-scale blendingS
. olo} o] SRWarp& QloJul &= 3}
multi-scale blending-& 53} & Jul&o] 7}
& Atk

KU & o e o
A o of o
o H

oN

1=

4
it}
=
o
il
T dm
o

Ir
ol
-z
ol

o =
—= %
Eomyor

gk

ot

I
ox

23, Fol ool Az
of M| A| = ThoFet Fuha EH9Lo 2 wigke 4+ 9L,
2 599 5

o ol 2kksto] s Ie ofm|#|

Y= SUey. Kumar et al[17] L3 oln|#] €]
Wavelet Al4~E ol|=35}= Wavelet domain Super-Resolution
(CNNWSR)S A|9FITE. ol S5 Wavelet A= 22+
inverse Discrete Wavelet Transform(DWT)E- ©]-&-3f 12
e o A5 At st Hl ARE-EE T o]m] |
2 ATets JEe] zspgE sume g,
CNNWSR[18]-& 3%+9] o]u]x|7} 7}X] 2L Q)= Wavelet
A% BHE 28 B9 dlZsio] on] | Belala
t}. FNNSR[19]%} IFNNSR[20]2 Fourier domain®f| 4|
ZAE BAE 54513 tl. FNNSR-2 Rectified Linear
Unit(ReLU) B335 ZAAIZ17] Q18 T 2+
2 ARESte] A~"HEFH  =HQloA point-wise
multiplication ©. &2 1}etu| g dlol= Al A WS FAISksH
At IFNNSR-2 Fourier H3} o Al Hartley W32 A&

1479



B2 HEAISS|=2X| Vol, 25, No, 11: 1477-1485, Nov, 2021

3t
o o= AN e, 28 7S fEEE A A
Qbsto] et JRo] /5 7F=5H3ichk AYDIN et
[21]2 4" ol A& Hanfe= HAH S S 2
3t & DCT A9 EF =1 Qlof| 4] Fully Connected(FC)

o= &l LSS oW A& Hd T 4 3= DCT Al

g 2=, o]i= DCT L E7 = Qlof| 4 2] CNN g3

ol Aol A= doulE 2 Y=E Al & A
ol Al Al ket W ol sl g Rtk sHAA 3. 1004 =
DCT 7l 80f tfshA wA] Argsiar, A4 3.200 4= A
QHel stolHe = Q] ) 35 I EYAE, A
339A= & HIER A A ARt &kl dis) A
gt

3.1, 0|4t AAIRI #%H (DCT)
St = Qle AT EY Erlo Wehel 4 Q)i

7kt 71 ghol o] 88k ek o] 4k Jrefof| HE
(Discrete Fourier Transform, DFT)o|t} DFT+= 54l
E7} 4491 A9 WS AL BaSE mF
e}, Badh EakE e A S Bolol At 4
QLAIRE, Bge Ak o] Aulg 4HA|o] ol & 48t
o] A 7E AR whebA AJu]g AR o= AT E A
ARl k2 Hafistal AR EY d Al Asgiit A

Fig. 1 Example of 2D DCT.

3l o]AF FARRI HBHDCT)S gl ARg3tt) =27]7}
N x M¢l 23b919] g7t mojel o]k 415 1l f&5
DCTE Faf Fub =v|¢l F2 38 4= 9la, 22449
DCT+= o9 4|02 st Hrh

N—1M-1
Flr,yl =a(z)aly) Y] 33 flijlyigay), (1
x=0y=0
v (i,4,2,y) = cos( ﬂe;};,l)w) s W(zg;:_;)y), ®)
1
— =0
alz) =1 ' N 3)

\/%x #= 0
AL (DOllA flinjls A el 9] (i,5) $12]19] HA
grolwl, Fle.yl= (z.y) $12191412] DCT A= glo|ct.
4 @9} (31 AR 7| Aakeot Akek Aol Ao
2 717t wojzr), g, ok Qelen WEkE Al
= 2] @] AAE Anp Zo], 224 Inverse DCT
(IDCT)E o]-&alA &3t Yoz Hehet o= Sk

N—1M—-1

il =3 Y al@)aly) FluwlyGigayy) . ()

u=0v=0

% 12 AE olu)AIek 71 ofulAe] tste] 2749)
DCTS 43t A} HolZc), TgolH 2 5 9ol

DCT 29 E9] olu] 48 5l F7F 2] WY uhi2
o ATaol 4] YAk, TR O] Futd An
2 470 3% 4 9lk DCT v ol o] ] 33k
2 Y 7 IDCTE SPORN, BER 51 27
2712 7K A olulXg ANT 4 ek o,

=)
>~

(it

S
o,
ot
©
=
A
fu
ook
o
>
N
rr
S
o
H
o

I
©

ERE
54| & A el RHES D RS B A Ao
& 8 4 Ik ojo] wek, - i=Fo] A= DCT Zfelo
A %S GUOR BER S iR ofu|XE 2
S}, IDCTE 3 B7F EWlQlo.2 %9 5 24

[e]

.
TS Eohs stolHe|= Q] A HE | E

1480



= 7HE dojulg Z3A=(Hybrid-domain High-
frequency Attention network for Arbitrary magnification
Super-Resolution, H2A2— SR)E A|¢F3lct.

32 5l0|22|E o9l nFul FE WESA
o Aol A= sto| Bl & w3l il HF U E
QA(H? A*~ SRy dfsf gt AQksh= H* A~ SR
REo) e 9 291 Ay Yo g vk A=
ojulx= 71& XY= HEYIE ol SujE&x
S35 Al ER gy A, HaE wigo] 2.5
A 749 Feulg MEY A= 2uil&S Astar, St
Hjgo] 3.5 79 3u&S X3ysict. FuE&R Fojf
H o] A= DCTE &5 3%k =HQlofA] AHEY
¢l oz HEtETh DCTO] 541 2/dehe] A1},
Sotet ek upuly W E o] e 54F o835k,
Sobe ko 2 it uiEo A Apif&E tHe o
B Y& 2Rt DCT 2¥EgofA =}
T EHQlo A E Z2 3 375

.

2x image

6 =P SR NETWOR»’—V —
2-DCT

Transform

2lolulE EHMEE 2l 5t0|H2|E ool nFa S UESS

7] $13) RGB A dzke] AeAS & s 4 ol
channel attention =2 A5}, Za} 85 L2 E &35
WS ZA wHEo] 17 3o A A Zo] Residual

2
RCAB 302 %o} T4}, 7} 25 2he)
2 913l B2 14 852 A gk 7| E duie
Shef o] A= bicubic M7IHE ) B & 2}
det ¥ 2elAE A4S Bastoss AHY v g
3} mElo] o] ofLhs BAE AHAlch E5k A AL
$A1 Qofugubct BE AL 3
o £ g3 7hA 3 glojof ae.
ol B PelAE g 7SS T B
Eol upet Y A BEsky, A oR

o
o
>
@

Fig. 3 Configuration of RCAB structure.

DCT spectral domain

space
lexpansion

2-IDCT ’
Transform
e e

SR 2.Nx image

Spatial domain DCT spectral domain

High-frequency Attention Network

Spatial domain

SR 2.Nx image

Fig. 2 Overall organization of the proposed H2A2-SR model.

1481



B2 HEASHS| =2 X| Vol 25, No, 11: 1477-1485, Nov, 2021

33, nFut TE U EST &AEs
Ake melo A= DCTe) &Jsff 4 Foof A=
Bl 1S T BS99 4 (5)2 o] 24
L) E B oRtth
H A 5]; ( "h‘)) — a2 H 2' Q)
o]7] 4 N2 o]u] 2] v 2] Afo] =& 2Ju|5}, F, (2")
& A= o) R] 2 & 2= Y EY T B A
FHlER Sfohs LS QR[S F. . o0 2Ho

2= vl B m e oju] i, O‘AHHgioH A
a A9 g g Ele THAAE ofu|X] o aho] WA

A5 o) gste] Y=Y B §I5E £ A
Akt
v, & An

41 4 EQT st

HEZ Q] ZAHEL sH A olel o]n| 7]l Aa)A}
I oju|x|e} F3E ofu| x|}l ALs e ofu| x|l A Z}Z}
2] Fo| = ETet vl E Foto] sh5sA et oA
o, 60x60 =17]€] s dt= s 2] of thake] 2uf Srf &
dlof A<= 30x30 37]94 AT o Hx= shAHe}
YEYA 55 . of2fRt 9 %] 7Rk Sk
Hofuie= @%ﬂﬂtﬂ =4 o]F el ¥ele] H7]
w2l F-AAE = Qlek. whebA AQtshs Sk ol
A= 2] 7]8E Al g ez ZioH*PE O]U]x] AR =
LR Eﬁ: o|n]

A
Qe g 2 ol

4.2, Meta-SRz} M|t B4 O] M H|
o] AldofA= Joufgo] 7153t a2l Meta-SR
I} A ¢FsH= HPA’-SR Q| A%5-& v st} gt} 712
Meta-SR2 1 OJul&A] &0l & &3k 75 1
2-851H4] 7] W iZofl 5ol $HAI7E Jlem =, bl
h5-2 A5l HA%-SRIMO] 5 27 H
3l Meta-SR Y| E|=o] thaf) ufj& 8 sk A
tol ettt Aolulg melo) glo] PulEs
Jlfg mdo] JRSER, 1 =rofA=

111}
o 1

DRN-S 2|4 x2, x3, x4 Hlj&]| tjs}to] sh5A# <l
£ rndz g 6]—011‘4— glo]E] Al 2= Celebrate[21]
= AT, S8 40,9208, AZE 5060802
733t ke AAFTE Meta-SR2 gl 2
ol A o efull-gf S Afe]z=of BHA] HA
AEsH uho] HPA-SRL: Al wo] 315u} 2
AL AzHoz Hogozn uzu}
NA 9} BAH 52 TS W B
oluIAIoA 2 4 Sich, HALSR] T}
e} ofn] 4 9] o] 27} &3, U Q1AE
290 b Aep
= k. E=3E 3 19] ATFA 9] PSNR H7HA| %

ol 4] HA%-SRo| 7] {4 thr] 0.5~0.8 dB H L9 &=
= FAE 2ok

il

N
~
N
—~

1
i

-

)
=
o]
o g

re,

ok Koo ox e &l
fy = Mo fr © o i J
o ﬂﬁ; PERE=L)

g =
rg i 2
) £
fr
<
)

o
f

sto] dele 1FskiTh DIV2K[22] HlolE A& °]&-
stof At HIEAS THAIZL, Shad 2ES gl
E3b7] 913t dlolE Ao B100[23]& AHE-5H3iTh o
oJuiE dY omAIE w7 8l 4 dojuied
bicubic &= F 4| ARBSIRTE 7|E AullEo] 7hs
3} State-Of-The-Art(SOTA) A1 7443} v w8}7] ¢35
g o]u] 2 & A= 8-S 9]3) bicubic 0. & Aslo] W
ofF= AL, 92 mES oula ofn|X|E Iz ¢
oF=3lt}. Aulle& f18lA RDN 2&S ARg-shar
Aol &2 913l HA-SRE F713te] A@sHct.
T2 SOTA % 5116l SRWarp2 AR & oJufj& H|AE
£ 9Igt 2 AT} o] 7HEEHA] 987 wfiel] AR ol
E7FsHTh 3 2004 & = ol 2268, 3.2vi& 2
of ofm| x|l A A2} 9Juk-g 2Pslo] I PSNR =] of
& &S Eoh AT Aldtete ] BEE g Y
22 93t BA)of| U3 Zrelsl 2 B PSNR =10
A 9F3dB = 915 HojErh

1482



oE EHMEE 25t 5to|H2|= =gl nFm HE WIEXS

Table. 1 Quantitative comparison between our H“A*-SR and Meta-SR.

PSNR(dB) on Celebrate[21] with arbitrary scale factors

Method x2.2 x2.5 x2.8 x3.2 x3.5 x3.8

DRN + Meta-SR 30.32 31.45 30.64 29.45 29.35 28.89
DRN + H2A%-SR(ours) 30.32 3213 31.46 29.95 30.13 29.58
Scale (a) Bicubic (b) DRN + Meta-SR (c) DRN + H?A%-SR (d) Ground truth

x2.2

x2.5

x2.8

x3.2

x3.5

x3.8

Table. 2 Quantitative comparison of the state-of-the-art SR methods.

PSNR(dB) on B100 [23] with arbitrary scale factors

Method x2.2 x2.5 x2.8 x3.2 x3.5 x3.8
RCAN [6] 24.60 28.20 25.31 25.66 25.16 25.40
DRN [7] 24.65 28.31 2531 25.69 25.28 25.51
RDN [8] 24.61 28.24 2531 25.67 25.18 25.44
SAN [9] 24.61 28.21 25.32 25.67 25.17 25.41
RDN + H*A%-SR 30.07 30.26 28.27 28.85 27.36 27.38
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