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A Review of Reference-Based Image Super-Resolution Reconstruction Algorithms

ZHANG Dongxiao, TANG Ni
('School of Science, Jimei University, Xiamen 361021, China)

Abstract: Single image super-resolution reconstruction refers to the process of reconstructing high-resolu-
tion images from low-resolution images, which is a typical ill-posed problem. Recently, a new reconstruction i-
dea has emerged: Taking the existing high-resolution image as a reference, the rich texture in the reference im-
age is used to compensate for the missing detail information of the low-resolution image, so as to alleviate the
ill-posedness of single image super-resolution reconstruction. This new method is called reference-based image
super-resolution reconstruction. Different from ordinary single image super-resolution reconstruction, the input
of this method also needs one or more high-resolution reference images with similar content or texture to the
low-resolution image. Although the related research on this reconstruction method has been carried out for a
short period of time, many advanced reconstruction ideas and algorithms have emerged, and a comprehensive
review is urgently needed. Therefore, on the basis of analyzing and drawing on relevant research results about a-
lignment-based and patch-matching-based methods, this paper gives a general introduction to the new methods
emerging in recent years, and discusses the future development direction. It is hoped that this will be a useful

reference for subsequent research in this field.
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R4 4 e 5 B 4t ('super-resolution reconstruction, SR) SEFE M — KB 2 RAIG A B R (low-resolu-
tion, LR) FMFHEEHF /2R (high-resolution, HR) FEMRAEHRE | J&— 2 L 1 A 3E 5 P m) AT
TS E A G b PRATIS B A FFE 7 1], RS SR FESERRA 6 AT £ W N, dn ae
R BEEERARS . AN | RGBS AR,

1% SR Al 43k Z2 Wi MG AR 7 PR B2 (multiple image super-resolution reconstruction, MISR) il
BRI S A R (single image super-resolution reconstruction, SISR) i MISR '~ 3@ 41
XAl 3 AN E A EE | AR EHRT S, F TR 2677 91 2 [BIFAAE i BAME B AT s, (H7ESL L
Yoo MISR I AE R, WN7E$R T IH BB R Wit X — s fe ok k%, A LAJeikikis
FAEEAME B LR EIR RS, s MISR 38 B 22 30, 10k i A Bk LR R IE, SISR i
WO A ) W ok B AR HR S, ASCEEOCH: SISR TRy ZERE

FELE LY SISR Jridivh, TG FARBLRY 5 k0 RN 35 75 B 22w 1 vk S B A S iy
HRCR AR, B TR S AR IYRHMERINRE ), BT IRE S R SR it 14t SISR
ik, WO TSRS 1207 IR A 2% 1 o 2] LR RS HR 5 R s 3 i ) 55, AT
FA ) HR E4,

H M Dong AL YO A R 22 W 2% ( convolutional neural networks, CNN) JHTFEMZHE PR E
LR, FETIREE TR EMER SR 15 B P A&, AW B LB iy 2k g Ay, A AOR BB AP 4R
Ft, 3T SRCNN ( super-resolution CNN) VR TR SR ER Ay e B
FERAE R EE R,

VLI, 7E SISR MIAFE, — o # GRS e B B AF i I 2 4ty . TEAR TS B Ok iR o —
o F WITF LG OCHE SISR TR . KA M HR BURIME NS %, RIS % B b 4 & SO A M
LR FUMRER AT (5 2, T ff IR SR B GEE MR, XM T 2% B PR E A (refer-
ence-based super-resolution reconstruction, RefSR), HE@#SFEMAE 1 Frn, HE# A SISR A[F, Ref-
SR I ABR LR EIRS), dFTHIMmA—iKk 25Kk LR FRN A SEA LI HR 25 E1R, KZ

SERARARY], T Ref FUERYHREBI T, RefSR AEAS T At 30 2 HLSC R 40 FNS AR B, HER I T
SISR,
P —-TTEEEETEEEEEEEE ST ~ .
[ - :
I LRIEI% I
SR % . ;’; [ L—R 1me I
o SR network BEE )’ | : - a :
I -, I
LRIEE HR&I % : :
LR image HR image \ !

B 1 EiESISRFESRefSRAERXTLL
Fig.1 Comparison of common SISR method and RefSR method
JLAE RefSR (AHICHIETEIT R (] 5, (HALTRER ) 1 1R 22 e ik iy el e EARURIGRE | PRI 2055 it
i— AR, 7EBAT SISR ML MR b, #4511/ 49 RefSR, 41 Wang %121 AT B
T W B R R U =5 T, AT R TR TR A4 2T 11 SISR HEAR ;s B BT RIS |
WIZELEH | A B D U D AT SISR 5k h & R LA T T PRI i AE = 55 2 B T IR A
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2J (4 SISR J5 3153 A Wi B SISR Jr i MR HLXS SISR 7k, JF#FAT TIRA G-I 4E . ik 2656 T 43 3F
RE AR EHATEIR ST AR 42 RefSR 7, BORM HAATIEA A, I, ARSCEEP A 4 1
T K& RefSR WFFT MR AEERL T, ML TR FFAY I ik A T R RR I RC Y TR AT, WA R Y
RefSR Jr ik gt AT eI 40, LUIIIAS 51 £, iz Uk p e St it i ti 2%

1 RefSR WEFEFZE

TE RefSR HIE BT, FFEFHIE
0 S A A T Ref PR 0 A
16 Ref PR 1 4k LR BUGR BLII S AT
B, RATHERIH Rel BRMEAMATE
BRH LR FRE AL, W 2 FR, Kk ‘
& Ref IR 5 LR BURBYXN 7=, ATLLK
RefSR 40 W P K. 5 F G0 55 10 )7 ik

R T G e VT L B 7 v, 6 T R 5% —~ o s
#9 RefSR 72 M HYGI . WA B & igrossNet/ ,:[TSR; th
BORLH A LR 1R 5 Ref FUZIET 2 — —

Wi, BN 36 G 9 Ref 114 09 S0 H T B2 RefSRAHES%

LR @, HALEBRA SSEN . Cross- Fig.2 Classification of RefSR methods

Net, IMiJET EUFIRICHELK) RefSR 77 7k WA S A UG o3 B8 T3, X R4~ B 47 40 8L BE DE e,
FEFHVCECLS ) LR/ Ref BRI TEEE, 207 A4 SRNTT, TTSR, MASA 4,

7 Ref KU A LR BEHGRF — Mg 5 00 T, JEF UGN 55 100 75 Bk RE A RSO 55 0 31 A UR
(ER=Seg MNibE /5=y i: ] (i e S L E S0 By R I 03 SIS O ST S S S e N ST
I S G EER AR AR &, IR T H Bz S i i 58 1
1.1 ETFEGITFTH RefSR 77i%

T Ref 155 LR FMGAFAE S, 45 A4E% Ref FMG TP AYSOE S B S) LR IR+, W E
() HR MR AN, T LK DI UG 57 AR L B2 XA ST IEME AT 5519 RefSR J7 ik A% 0
SRR SR, HAEZLNE 3 s,

LRI e el . 0000 4

IR image PSS == T - -~ - N (= - ==~

lmage e | AR |

| 1Alignment module: 2 I Fusion/recovery |

- z | module ]

R B N——---- EVall |\ _ module _
Reff[?é—lf% Ref” {2
o mase Ref’ image

B3 ETEGNFHIRefSRAEIERE

Fig.3 Framework of RefSR method based on image alignment

1.1.1 CrossNet

BT EUGXIFF TR MR FIE Zheng 524 IURFSY, MBATERE Y 1 — -5 RUE 3t 39 s 14 1% SR I 4%
(CrossNet) , HrrEEXFEAH] 7 OB . XMEHFI T SISR J5 4 LR BURHEAT EoRAE, 73515 Ref
PRI I/ SR AE IR, 50 S IO R AR IR Ref R 2 ROBERAAE; SRS, A SRy
FlowNetS #8125 R [ RUBE LR/ Ref EURFFAE A G TR R B8 Ref %, i 52 BRI G  55 #5
Y5 e, RS EE S HR R, 20k R P R BAT R AR R, BT LY LR/ Ref
FHRAR DM, RO 2 BT MR
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1.1.2 SSEN

1T CrossNet HOGURAS FFAY A Ry, ELASE A A 00 4 A9 I 28 EA TG UR A T R AN HER Y, BT LA
Shim 25V T T Al AR TE B AU M 45 454 SSEN  (similarity search and extraction network, SSEN)
SSEN FIHI Al SRk T4k LR/Ref RUR AR R ZR,  ELH Sl 2 0 B Al & X il 28 92 2 AR A0 i 7% 1k
AT, W, S T I SRARAE ]S RURRAE 2Z ] 14 42 SR AR 5G| Shim 250 78 S A R AS Al 148 oA
TARRR, ZITIEREE AL AR NI AR e PR, RO, (R TIOR8 X 7 [
1.2 ETEBRLER RefSR ik

HI T BRI T 42 R PO v SR KR B AT BRI AR UYE, 24 Ref BIRS LR ER R 2 S AR E &
WNASHHRIRE, HETXS 7Y RefSR Ik MRS HE N R, XL B, — 2822 B IR I R
VERCYJ7 20k 348 Ref RS LR BMRAYXI IR , X Rl T EFHR UL EC ) RefSR J7 RO 2 B
B VE AL fry Al A LA e i b BRAFDE IS BN X S IRLRE, HAEZR A0 4 firs, HorP & 4a o LR/Ref [§]
BIRIEHRE R, K 4b T R IEEL R RefSR J7 YT RE A,

LR | F Reffel%
LR image g Ref image
/h \\
B e
PR

Awwwemy ' Fusion module

.......................

-----------------------------

~.
LRIEH% ~ | | i~ ReffEf% | | LRsconsimetion module
LR image ] Ref image
HRIAE 8
HR image >
a) LR /Refl&{§ R PLHL b) RefSRJ7 L i
LR/Ref image patch matching Folwchart of RefSR method

B4 ETEGRCARRe!SRTEIELRE

Fig.4 Framework of RefSR method based on image patch matching

12,1 KGRI

LT ES DT EE 77 35 AT LLE B 2] Boominathan 25127 (AR 5T A 1432 5 06 (light field, LF)
BAZ 43 HE R R SEIRAS , B R B AR LA 3K 1 HR S AE R Ref E11%, 185 LF BMRMIRE . HE
BRI Ref MBI Ref BUR T RAESG, HOEH K. ZBrBRRE, T MR B 70 6 B oy
L h S48 5 LR EHREAHSRRY 9 AN, RIS A5 B R & 4551 . 7RIS et seh, %071 % 9px
YEZRVERC (patch match) , ‘B RIVCECE FERTERIR IR R 25 0] EaEATHY, $RAEMRIS, (HICEE R b A
s R E R, TERE B Bot R R inACr-1 . SEGRHIE BRCA 15 2R R 5
1.2.2 CC-Net + SS-Net

Xt B B DU FC 7 R 1Y [1) 781 Zheng %[Zs]fim CC-Net ( cross-scale correspondence network ) FRR
AT PR 2 P25 S LR/ Ref EUSAFE, AN BUTEEARRIE, SeRAf Dl B2 5 i i R B A Sy DE T
Xt SRJE, BEUC B A ) % Bk A )] SS-Net ( super-resolution synthesis network ) #5817 22 KRB il
G, BEE] SR BUR . AR T RS UC L J5 2k rh B BR BERRAE, 2007 ¥ ] CNN $2 O FRAE #E 17 D8
Be, HOERREE SR EJRTERL G I BUR X EURH B EAT BT LLZOT B 5 7 HEHUIRRLNE
1.2.3 SRNTT

ZEBGRAEER M K, Zhang 51 1 RefSR AW SRR A, BIT T A3 B9 SRNTT
( super-resolution by neural texture transfer) A%, P50, XFHEPUW EGRHE AT 2 AR DL IS, SR 5K
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VCHCS 1 Ref BMGIEATEOEEERS , IS B SR BHEIA F 8 MW8EEE . 5 R ITHE 7 i
ANl SRNTT Jr 7R ZS AT VLT, BARIZIrE et 7T 2 RIEM ST, AR s L
FHOCHY A B2 S B RS IL e, [HR R, AR TSR]
1.2.4 TTSR

Yang %745 1 SRNTT 20 T 25 8, XA HA Jrikxt H2s LR BRE U A, £Fxd ik
] 25 AT T — M B R S HLE ) SR P45 2885 TTSR (texture transformer network for image su-
per-resolution ) . 1% 0 4% 18 1 f FHVE HLAZ R Z I B RRIEXS LG &R, FRAF DL LT AR R A RS R
JERG R, H51538] SR K&, TTSR MUAFMEVCRC H 4 DR AL, 45 SRR IE SR U B | AHOC
PEHRABL | TS B RETE R A T 8O A i O s B e, AR AR S MR AR
A4 LR B PRI AR IEAE N e g P I AE3A) (query) , H% Ref EHR P 4R IR RFAE AR S e 45 8%
M (key), DARASEEN:E I AEREFIEE B . TR Ref BIGUE Z0d T RAE S 5 FoRAT:
ENR, ZERETCER A B R0, I S BVC RS 0 B2 TR, RRIRTE 40 XBUR AR I
1.2.5 MASA

HAT, HARHHERGIICE )y iE ROR b, (AHI ST R R HAE SR A2 ) FTlh, Lu 457
T —AH-gIXT R PCE %, RO MASA  (matching acceleration and spatial adaptation for RefSR) :
T 76X LR/ Ref BURHEAT— R RBE ARG IS, ARSI R AR RN, X BB Pt
Fr/NRBEDERE . 207 6] UK IR, [, B4R Ref BIRS LR BIEEAHRIN N A SIS,
(BHB ST REA—FE, 5 BRI TR SR ENBCR A T DA e AT AR R R & 2/, AT
23 B B & AR, XA RN Ref FRAERI RS, (AR (0 e B 0 HA S
1.2.6 AMSA

IR MASA J iR TR BT N R, (R E 2 R UG R SH R 9 BIikd, Xia 55
%f 2009 4F Barnes 25153 32 4 09 IS B DT I 7 s 64T T okok , &1 T CFE-PatchMatch ( coarse-to-fine em-
bedded patch match) PRIEEVCHEL %, FEHA H T RefSR H, i LR/Ref FEM% Y VT L1555 M7 4%
) TS, R T R R BN RE SRR, Xia 252 R HY T AMSA  (accelerated multi-scale aggre-
gation network) A&HL, Forb o BFXP /NIRRT SRS, 2T ShASRA AR B R R R X 5% )
B, PR T 2R AT, XA RS BI ERCS, A TR RS RCR
1.2.7 C’-Matching

Jiang %I TAERIA LR BHR 5 Ref BURZ MIFETE P> 22 Bi— A He 2205 (bR . 4k
S5) RGP IR, AR AT R B AT A AR AR B Oy IR ME, BT Xk S ), flfiT42 th T C°-Matching
(cross transformation and cross resolution matching) AR | T B2 [ 3 PR A9 6 R VCHEE . X FAR
£33 B 5 DOl B A L 2 AV 1 AT ol 21 €19 ST 18 117 N YL ol [T S SR AP R 5 2 225 =3 S T
-2 R R AR 4, SIEGRRITRZE R MR, M2 H HR-HR PERC ks SARXS RMERT LR-HR
VLiC, A5, TS S RS RO R RS TE A 0L R, % BORTE B ATH B, #R i
B TR AIZARE ST, DLW R RUBE R e A8 46 it e

2 MmEKERH., HEESITEMIRE
2.1 MEKEH

PR eRBCTE ST RV RE D7 T A OCSVE T, T IARR BL A Jl R HR RS I As BEE R Y
225, M5 RefSR MZG A BAFAY HR BUR . $% R e FRU S, — ALK R L
REASHE DAY S A0 A0 B e st e 8, [ inp 45 3 BA SR B2, B 5 HLSE HR BB #EE 1) HR R, 78
RefSRI7 6 i FH IR 2R e =2 LUR LR

1) FEPK (reconstruction loss) IR EUL SR i i BB kB, —Menl 70k L, it
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. 1
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i,k

1
SR — SR
Lre(‘,7 2 (I ,I) - hwc z ik ]

i),k

Hrp by w e S RIFREGIE . SEREBIELL 1 R HR BUE ; 1 8m JL g,

2) B (perceptual loss) BRI A B BCUE A o] FHEFHIGE B, JFAERIE SR )iz

Mo !E’?%DTES’EB"J*Z!UE*HEi"“?ﬁ?ﬁ{ﬁ“ FEHG AN H bR BURAERREZS (B AR, AR .
= | |le. (PY- @, (D ],0

Hrr: o, KRR ?En‘mﬁll—léﬁﬂﬁﬂ% =

3) XU (adversarial loss) — 7EEIME SR 40k, HFK SR AREIAE A — A As, FiE X —
ANSE SRR T A GRS A A = A, AT DI Y — X ST 2% T X B AR RE RS A A
b AR P A TN LS A G, HEARSRIA R

Ly oo == 1g D),

gan_

L. «q4=-1lgD(D-1g(1 - D)),

gan_

Ho: () FmPRGR s Ly oo o SEEERERBORIPUIR 5 L, ., & SR EIUAR AR XL K

4) B (texture loss)  Zhang 252 LU E A 5 A B RefSR ik, K/ S %R S
AR EUR B2 5, HRIAATN .

=Y N1 G (e, (FHOS) -G (o, (IFDOS) | 4o
1

EEP G, (+) FIRKESMAE I ; A, R LZFHEEXT N A IERAL 5 S FoRPT A LR BRI
13BN AR VE R M O B s © 4 Hadamard SRR, RRFEFEXS I TCRARAE; | - ||, F8 Frobenius JLEL;
@, TR L ZRHERE,

2.2 BUEE

TE RefSR W, ey FHROREAE Jy CUFEDS, 1282 Zhang %Y QIEERY, 08 1 MIIZRAE

(11 871 4~ 160 px x 160 px MIEIUZXT) A1 ANEKE (126 4IKIME) . EMES, SHRGOE 15K

HR EURH 5 ASRRIFEREN S HES, ik s B,

HRI&IE RefP‘ZH%I Refl¥l{52 Refl’&zﬁ% Ref[?ﬂ% Refl&lf45
HR image Refimage No.1 ~ Refimage No.2 ~ Refimage No.3  Refimage No.4  Refimage No.5

B 5 CUFED5TR &R ARE
Fig.5 Two—group images in the CUFEDS5 test set

Hi T CUFEDS #dldeh i bl B M =N . AN, BAMEAIR MR, HALE AL BIR A, il
Jiang ZEPV T — AN ROBUE 4 WR-SR, B4 & T 80 ANEEXT, M LT CUFEDS ik,
WR-SR $l RS Ty, Mibs, #RERIESE, HNETMER, WE 6 Fim, Rikzsh, &
FRYMHRAE LA Sun80) (80 5K FAR MG HA —S % E1%) . Urban100™*" (100 sKEEFEG, T2
FEUGMH S EARIYE) . Mangal09') (109 3K, TTS% WKL) .
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Building Indoor Outdoor _ Animal Landmark Plant

LREG
LR image

Refl&lf%
Ref image

E 6 WR-SR%E%H’JT@J £
Fig.6 Example of WR-SR datasets

2.3 MR

UL BT PP 32 248 EPE AP P 2E . 75 RefSR BF5EH, W HIBY 2 W Fabn A 16 (A
PSNR) FIZERIAHMRIYE (structural similarity index, SSIM) =5 U}
P — R EMUF R IE 3% (mean opinion score, MOS) ™' ZEEI& SR h, X HLdisk . &
DG SRS A BB ROR , (ER B LS AR PSNR Al SSIM 247 it I ; BrLh, 7E{fi Hl PSNR/SSIM

PO RefSR J7iARS, AMUEZIEIE T IrA IR CBAIHIR . WPtk mEmARSE) rRRPEA,

{5 (peak signal to noise ratio,

i EE R PEAN H i F AR R U R

3 JLF SR Fikxftk
AU R 55| AR SR BIK, 4 B TUR % T 1 PR SR 7 i R BL, 4R,

mﬁRﬁﬁwﬂTﬁMM% MTHRE TR BE R 22 R 25 TT 8 T AR 2 A BB BT 5T . AR 3Gl i He A

EARENER RefSR J7E:, M5 TSR] RefSR J5 B 1 2545 5 KA 5, PRI 1 FiR,

1 RefSR FiEIfLL
Tab.1 Comparison of RefSR methods
J77% Methods 45 45 1. Network Features B, Algorithm Advantages
CrossNet SISR [ RAE + L X 5¢ Ui $] 3y , 42 Ry R 5%, BB

SISR upsampling + optical flow alignment End-to-end, global alignment, faster
AR + ShAS AT + AR AR REAS AL BEAR RIME AR e i 1R T 5N
SSEN Deformable convolution + dynamic Capable of handling non-rigidly transformed

offset estimation + non-local blocks images, less computationally intensive

— BRBEE + R/ Ly BEEY ; .
’ Jrid g L PR
PatchMatch

CC-Net + SS-Net

SRNTT

TTSR

MASA

AMSA

First and second order gradient +
minimum 12 distance
CNN FEAEFRI + AR

CNN feature extraction + inner product

ZZ IR RBIRILHEL + SO R
Multi-level dense image patch
matching + texture loss
TERE IO + 2 RS R ERL
Attention mechanism + multi-scale

cross feature fusion

RL-20X65 I DR IC + 5[] 11 3 A
Coarse-fine correspondence matching
+ space adaptive module

M- A R ILES + Z RS SRS

Coarse-fine embedded image patch matchin
+ multi-scale dynamic aggregation

The method is simple and operable

DC e B v A

Match more accurately

ANZ Ref PB4 R S5 46 B BR
Not limited by the global structure
of the Ref image

PP TR IE U B RIE X T 56

Mining deep-level feature correspondences

A THEI )0 0 e B o HE R
Saves computation time and is more
robust to color and brightness

BT R R E

Computational complexity close to linear level
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g3k
7% Methods 45 45 . Network Features B, Algorithm Advantages
0 N2 FENE N 4
HILFETR « BOD0 1 CRRIIR sy s i it st
" DR BB B i
C*-Matching Contrastive learning network + BRI

. C . More robust to image size and position
teacher-student relational distillation . . . 8 o p 7
. improving visual quality in detail regions
network + deformable convolution

WRTATE, ANERILTEZX ST RefSR Fik, RS FRGHICE Y ik, #XEE LR BR
Y5 Ref BUZAYXTRL I, HRTMISAME, W51 i, XEEg R0, SAS, BARE
gHunE .

1) FENERERR I, FETRUYGHIUE B )78 S RefSR FF B T3 07wk, HxH 5 (9 R S 1k R
A IETFEURXS SRR . A, BRSO E WITF AR 22 % EI IS SR J7rik, U0 Yan 25140 41
B CIMR-SR AR R4

2) HSHEGNEE L, ZHEIRS LR RNl RefSR k@AM HR ESRCR 8
U, 32 AAFIEAEAFMMENSZ GO, EEH M HR EI{RA PSNR F1 SSIM, HHr,
L1 3 14 R AMRLUERUGEIR S % E%, B L1 25 LR BMGARUE o i HR B%, 14 A
I RARA HR B ; LR £ LR BURE M AR S HRG , &2 fTUES, BikmEESURS
SHEEURERRA XRN, SHEEBS LR BSHELE R, ERCEL, K7 HE S BRI
i CUFEDS 3R 4E BG 3L TR RIAUE S % BG4 45 1, T F£nE AL HR |I%, WA,
ZZEIRS LR BEAHUE B, SEA A HR BRI A5 8T, IXWIEN] T 2% KR XS Ref-
SR HH A5 RA —E R

2 AEBUENSZBEGT PSNR F1 SSIM B0

Tab.2 Influence of reference images with different similarities on PSNR and SSIM

L1 L2 L3 14 LR

AL 7K Similarity level
PSNR SSIM  PSNR SSIM PSNR SSIM PSNR SSIM  PSNR  SSIM

CrossNet 25.48 0.764 25.48 0.764 25.47 0.763 25.46 0.763 25.46 0.763
SSEN 26.78 0.791 26.52 0.783 26.48 0.782 26.42 0.781 26.38 0.781
SRNTT-rec 26.15 0.781 25.98 0.776 25.98 0.775 25.95 0.774 25.91 0.776
TTSR-rec 26.99 0.800 26.74 0.791 26.64 0.788 26.58 0.787 26.43 0.782
MASA-rec 27.45 0.814 26.92 0.796 26.83 0.793 26.74 0.790 26.59 0.784
C?-Matching-rec 28.24 0.841 27.39 0.813 27.17 0.806 26.94 0.799 26.52 0.784
AMSA-rec 28.58 0.849 27.52 0.816 27.25 0.809 27.04 0.803 26.63 0.789

7 T\I‘MEMFH’J*%EM%TI %H’wﬂb?&%ul‘]
Fig.7 Visual effects of reference images with different similarities on the results
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3) MWEMITNFRMERTE, RefSR HikmRCRZAE TEA 1Y SISR Fik, R 3 NARMEIZR SR 7
:/E CUFED5 , Sun80, Urbanl00, Mangal09 MR iy SEgm g iR, SEgu 25 R A AHOCSCHk, X
BT H3E RefSR AR B IEBIRCR, WIHE T EH A SISR Bk, RefSR ik AL T F IR B 1
PSNR 1 SSIM, X b6 T H R EE A R N AR (F-rec /) A9 PSNR FI SSIM, HZRATIL, 5
A ) SISR JT¥EHH L, RefSR 5045 oAl KRR T,

R 3 7[E SR AikH PSNR F1 SSIM
Tab.3 PSNR and SSIM of different SR methods

CUFED5 Sun80 Urban100 Mangal09
% Methods
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
SRCNN'?! 25.33 0.745 28.26 0.781 24.41 0.738 27.12 0.850
EDSR! 25.93 0.777 28.52 0.792 25.51 0.783 28.93 0.891
RCANM! 26.06 0.702 29. 86 0.810 25.42 0.768 29.38 0.895
SISR SRGAN'® 24.40 0.702 26.76 0.725 24.07 0.729 25.12 0.802
ENet'* 24.24 0. 695 26.24 0.702 23.63 0.711 25.25 0. 802
ESRGAN! 21.90 0.633 24.18 0.651 20.91 0.620 23.53 0.797
RankSRGAN'* 22.31 0.635 25.60 0. 667 21.47 0. 624 25.04 0.803
CrossNet 25.48 0.764 28.52 0.793 25.11 0.765 23.36 0.741
SSEN 25.35 0.742 - - - - - -
SSEN-rec 26.78 0.791 - - - - - -
SRNTT 25.61 0.764 27.59 0.756 25.09 0.774 27.54 0.862
SRNTT-rec 26.24 0.784 28.54 0.793 25.50 0.783 28.95 0. 885
TTSR 25.53 0.765 28.59 0.774 24.62 0.747 28.70 0. 886
RefSR TTSR-rec 27.09 0.804 30. 02 0.814 25.87 0.784 30.09 0.907
MASA 24.92 0.729 27.12 0.708 23.78 0.712 - -
MASA-rec 27.54 0.814 30.15 0.815 26.09 0.786 - -
C?-Matching 27.16 0. 805 29.75 0.799 25.52 0.764 29.73 0.893
(C?-Matching-rec 28.24 0.841 30. 18 0.817 26.03 0.770 29.79 0. 896
AMSA 27.31 0. 809 29.83 0.803 25.60 0.770 29.79 0. 896
AMSA-rec 28.50 0. 849 30.29 0.819 26.18 0.789 30. 57 0.914

4) MWHLBERCR 5, 7E RefSR 77751, Ref KIS LR BURARL T 2 48R, K8
H AT b i JURP RS SR 5 R (SESR25 R A FHOCSCHR ), IR T Bk BUR I 2 B
RE R HSHEEIE, LR PR SISR 71 (ESRGAN H1 BankSRGAN) F1 = RefSR /7% (MASA ., C*-
Matching, AMSA) XA AR AR, WK 8 iTLAFE], RefSR LA . TR 5 B M
PR FRCRTEAT IR B A (R B LS, Hirh AMSA BIRVECRIE 5 R A R

5) 7E RefSR Jigv, BEIHIMAERE LG JE)R s, BERIREEETHER SR MRCR ., & 44
O QN S =0 M (SN VB ) = o NI . 17 [ 07 Ne | F1E 2  e o[1  1  e (
X2 TINS5 R EUR E RO, B SHERIRINITH AR | S50, (BB AG F T S2PR
M., 45 HAEHEAIG SR PR R, TTRUES] AMSA BRI R/, HHESORBEE
GiEza/ SR
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Fig.8 Visual comparison of different SR methods

R4 RefSR FEEBSHEMITES
Tab.4 Parameters and FLOPS of each model in RefSR

BE Methods CrossNet SRNTT TTSR MASA AMSA
ZHH Paramerers/10° 35.18 5.75 6.99 4.03 4.12
84 Caleulations/10° 348.31 6500.70 1044.28 367.93 279.52

4 REMREE

FEM& SR AE R T E AU TSR 2 0 38 i e L fn) 81, — H DR Z BIAAMTRY) 2z ki, HAr,
FETUREE S > (1) RefSR JikHUS TREERIRCR . R, (A5 FE— 2L n) B R ff ok .

1) AR RefSR Jrik, LR K& % & HR KZ F REAS R, DU 3RS T K%
ARAE R, 17 S PRI PR AR i B AR A | ORI RS a2 5 A T Lk 3 5 A
MG B 25 384 R

2) BREALE RefSR ik, 22 H1HUBRE], PA RefSR FETIETE Tl SEWERENIX&E [ L
R, FrlA, e 3iA 17 RefSR Jrikieafb, AEARIERCRIERT, BRIRSECR FIBIRLIE I8 2 Ref-
SR 5T BT

3) FESISR Jrikrh, BUAMMZEE (anig a2z | BEEES) I PLE (N2 iass |
ERFARRIPESE) XF SISR MG A RIFMIHETE, 7E RefSR Jrik, BEf iz X Sk it — 3T+ A
REPERE, (EARE—L LR,
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