E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS

Tel: 010-58887035 O HEERERFRIRINFE

REESES TP391 XERFRIRAED: A XEHS: 1006-8961(2023)07-1927-38

®X3| AKK JiangJ J, Cheng H, Li Z Y, Liu X M and Wang Z Y. 2023. Deep learning based video-related super-resolution technique: a survey.
Journal of Image and Graphics, 28(07):1927-1964 (VLARH , Fi5E, 22T, XIBW], Trhoo. 2023, WREES: UM /- B HoR gRik . A
S EIEER, 28(07):1927-1964)[ DOI: 10. 11834/jig. 220130]

ix 5 SIS o P R B AR LRI

TRE"Bx,FREF ,XEH , T’

1 BRI Talk R MR SRS GE /R EE 1500015 2. BRBURSAIFEMLAEBE, I 430072

B U PR HORTE LR AT R4 R B T SAAR A5 D T R A6 OGS T, 7R 2% SBURAT T i ) 7
PRS2 22 R (AL G A IR 73 B R S HA — S JR BRI o B TR P2 2 > AR 1 R e, 6 T TR L
220 2% B B AR SR EVE RE B IS TR R . T Bl G DU IR 25 £ B AT LR R O B ELSE HL F AR
L, ?ﬂ%ﬁ%ﬂ?%ﬁ%Elﬁ?ﬁi%ﬁ‘]%@ﬁiﬁg’*ﬁﬁﬁm o ARSCRGE X HE TR B2 > TR 3 B A F 5 i
FTVRARZRIAR | X TR E 25 ~F BRI 73 W3 BOR RO RO SR AT 48 b 2 AT 2 T 98, K BA PR 23 B 07
‘Fg‘ﬁ?ﬁﬁn R P RIS, IV PR IS P AR 73 9 3 05 0k AL P AR E v A AU 7 B R 07 16 JF it — 2D S A2
TR PE A B 22 I 245 O R 25 Ky BERLAIE A 1 R 002 Bl A 342 D T DUIRE 73 R I 45 240 53 10452, [+
P 7] P 0 A2 4 S 0 5 ] e o 532 PR A SELARL L B I A8 5 R ) DR s AT 1 E T o AT R 0 3 I 4 114
A RCRTE AW AL BT S0 7R 1 W7 BRI, DI AR S 8 R W TR, SR 1T 2 AT 1) 190 2 RS B e ek R B AT 9K A
FEPETH TR o AR SO B TR BE 2 ] A RRAIE 73 R BARAT AR IO PR AR AR A 10 R SR AT 37 BEAT 198
KB R ] U 73 B3 (VSR) ; BRI HE ; 13 Sl 1T 5 18 sl Ab 2

Deep learning based video-related super-resolution technique: a survey

Jiang Junjun'’, Cheng Hao', Li Zhenyu', Liu Xianming', Wang Zhongyuan
1. School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China;
2. School of Computer, Wuhan University, Wuhan 430072, China

Abstract: Video-related super-resolution (VSR) technique can be focused on high-resolution video profiling and restora-
tion to optimize its low-resolution version-derived quality. It has been developing intensively in relevant to such domains
like satellite remote sensing detection, video surveillance, medical imaging, and low-involved electronics. To reconstruct
high-resolution frames, conventional video-relevant super-resolution methods can be used to estimate potential motion sta-
tus and blur kernel parameters, which are challenged for multiscene hetegerneity. Due to the quick response ability of fully
integrating video spatio-temporal information of real and natural textures, the emerging deep learning based video super-
resolution algorithms have been developing dramatically. We review and analyze current situation of deep learning based
video super-resolution systematically and literately. First, popular YCbCr datasets are introduced like YUV25, YUV2I,
ultra video group (UVG) , and the RGB datasets are involved in as well, such as video 4 (Vid4) , realistic and dynamic
scenes (REDS), Vimeo90K. The profile information of each dataset is summarized, including its name, year of publica-

tion, number of videos, frame number, and resolution. Furthermore, key parameters of the video super-resolution algo-
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rithm are introduced in detail in terms of peak signal-to-noise ratio (PSNR) , structural similarity (SSIM) , video quality
model for variable frame delay (VQM_VFD), and learned perceptual image patch similarity (LPIPS). For the concept of
video super-resolution and single image super-resolution, the difference between video super-resolution and single image
super-resolution can be shown and the former one has richer video frames-interrelated motion information. If the video is
processed frame by frame in terms of the single image super-resolution method, there would be a large number of artifacts in
the reconstructed video. We carry out deep learning based video super-resolution methods analysis and it has two key tech-
nical challenges of those are image alignment and feature integration. For image alignment, its option of image alignment
module is challenged for severe hetergeneity between video super-resolution methods. Image alignment and non-alignment
methods are categorized. The integration of multi-frame information is based on the network structure like generative adver-
sarial networks (GAN) , recurrent convolutional neural networks (RNN) , and Transformer. To process video feature and
make neighboring frames align with the target frame, image-aligned methods can use different motion estimation and motion
compensation module. Image alignment methods can be segmented into three alignment-related categories: optical flow,
kernel, and convolution-deformable. This optical flow alignment method can be used to calculate the motion flows between
two frames through their pixels-between gray changes in temporal and the neighboring frames are warped by motion compen-
sation module. We divide them into four categories in terms of the optical flow alignment-relevant model structure of deep
convolutional neural network (CNN) further: 2D convolution, RNN, GAN, and Transformer. For optical flow-aligned 2D
convolution methods analysis, we mainly introduce video efficient sub-pixel convolutional network (VESPCN) and its
improvement on optical flow estimation network and motion compensation network, such as ToFlow and spatial-temporal
transformer network (STTN). For the RNN methods with optical flow alignment, we analyze residual recurrent convolu-
tional network (RRCN), recurrent back-projection network (RBPN) and other related methods using optical flow to align
neighboring frames at the image level, which is required to resolve the constraints of the sliding window methods. There-
fore, to obtain excellent reconstruction performance, we focus on BasicVSR (basic video super-resolution) , IconVSR
(information-refill mechanism and coupled propagation video super-resolution) and other networks, which can warp neigh-
boring frames at the feature level. The optical flow alignment-based TecoGAN (temporal coherence via self-supervision for
gan-based video generation) and VSR Transformer methods are introduced in detail as well. Due to a few kernel-based and
deformable convolution-based align methods, it is still a challenging issue for classify network structure. Because convolu-
tion kernel size can used to limit the range of motion estimation, the reconstruction performance of the kernel-based align-
ment methods is relatively poor. Specifically, deformable convolution is a sampling improvement of conventional convolu-
tion, which still has some gaps to be bridged like high computational complexity and harsh convergence conditions. For
non-alignment methods, multiple network structures are challenged for video frames-between correlation to a certain
extent. We review and analyze the methods in related to non-aligned 3D convolution, non-aligned RNN, alignment-
excluded GAN, and non-local. The non-alignment RNN methods consist of recurrent latent space propagation (RLSP) ,
recurrent residual network (RRN) and omniscient video super-resolution (OVSR) and it demonstrates that a balance can
be achieved between reconstruction speed and visual quality. To reduce the computational cost, the improved non-local
module is focused on when alignment-excluded non-local methods are introduced. All models are tested with 4X downsam-
pling using two degradations like bicubic interpolation (BI) and blur downsampling (BD). The multiple datasets-based
quantitative results, speed comparison of the super-resolution methods are summarized as well, including REDS4,
UDM10, and Vid4. Some effects can be optimized. The reconstruction performances of these video-based super-resolution
networks are balanced in consistency, the parameters of the model are gradually shrinked, and the speed of training and
reasoning is accelerated as well. However, the application of deep learning in video super-resolution is still to be facilitated
more. We predict that it is necessary to improve the adaptability of the network and validate the traced result. Current deep
learning technologies can be introduced on the nine aspects as mentioned below: network training and optimization, ultra-
high resolution-oriented video super-resolution for, video-compressed super-resolution video-rescaling methods, self-
supervised video super-resolution, various-scaled video super-resolution, spatio-temporal video super-resolution, auxiliary

task-guided video super-resolution, and scenario-customized video super-resolution.
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Fig. 1 The architecture of this paper
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Fig.2 A taxonomy for video super-resolution methods based on deep learning
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Table 1 Datasets of video super-resolution
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A Pl .

SPMCS(Tao%,2017) 2017 RGB WA https://tinyurl.com/y426dcn9 975%31 540%960
MM522(Wang % ,2019¢) 2019 RGB  YIIZkHE https:/github.com/psych/ MMCNN/ 542%32 1 280x720
UDM10(Yi%,2019) 2019 RGB  MIiX%E hitps://github.com/psychopad/PFNL, 10x32 1 272%x720

. 4 AR+ .
Vimeo90K (Xue %% ,2019) 2019 RGB WA http://toflow.csail.mit.edu/ 91 701x7 448%256

o AL+ . S
REDS(Nah %§,2019a) 2019 RGB WA https://seungjunnah.github.io/Data sets/reds.html ~ 270x100 1 920%x1 080
UVG(Ebadi%%,2017) 2017 YUV K% hitp://ultravideo.cs.tut.fi/ 16x— 3 840%2 160
Y25+ hups://drive.google.com/drive/folders/1-8M

Real VSR (Yang%£,2021) 2021 RGB MRS+ hitps:/fdrive.google.com/drive/folders/1-8My 200%50 1024%512

M4 MEYMOeOE713DjI7TJKyRE-LnrM3Y

deep video super-resolution) 1 VA% 2 iz Bl kM AL
AMERE M T A R s S 4l /Y SPMCS (sub-
pixel motion compensation) ¥ H& 5 , % B ¥a % 61 %
975 /4~ 31 WML A , & it 3 HE K O 540 x 960 18 K .
PFNL (progressive fusion video super-resolution net-
work ) (Yi % ,2019) #] F§ MM522 (multi-memory 522)
B L BEAT ISR o ANTR] T IRl 2 6 A A (55
44> 37 5 AR 70 B A A0 IR AR 4R Vid4, F
T UDM10 (ultra dense memory ) BYE4E, UDMI10 G
F10 5 BEWII RN 1272 x T2018 3%
2019 4F , Xue ¢ A (2019) 3% it ToFlow (video
enhancement with task-oriented flow ) , 5§ X #0 J5 fe t |
PR AT W AR fire ) AR A8 S 9 38 S5 AN [ LA Ak
PR 55 4 A 0T L B D6 U 23 A 0 2% o e 5 B 4 A
vimeo. com | £k 89 800 LI, A H T — > K FL
A% e T F) AT 2 Vimeo-90K (Xue 55,2019) .

IR = TR R SRS S, 1 IR AT ST A A
55301734 Triplet B4l 45 Fl Setuplet B4l 45 o Triplet
B T OSBRI AR . Setuplet £k 46 1
TR 5 R 2 M A AR Sk A R R A3 3 B SRR
Setuplet £ 4E H1 91 701 4> 7 WiAT ¥ 51 4 W, 18] 2
IPHERA 448 X 256 (R H o AR A EDVR (video
restoration with enhanced deformable) (Wang 4§ ,
2019b) . TDAN (temporal deformable alignment net-
work ) (Tian %, 2020) . DNLN (deformable non-local
network ) (Wang ZE 2019a) il MEMC-Net ( motion esti-
mation and motion compensation driven neural net-
work ) (Bao 45, 2019b ) 45 W S i 43 B 5 1) 28 4§ 1 FH
Vimeo-90K £ A AT YN ZR it .

NTIRE19 (new trends in image restoration and
enhancement) Pk i F€ (Nah %5 ,2019b ) 1, %590 J7 $2 43t
T E K& B8 A Y 5 1Y REDS (vealistic and
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dynamic scenes) BU4E4E o %A 4R h 300 443 B
720 x 1 28015 3K ¥ 100 MOHLIF 51 Ak . e,
YRR 30k 4R AN 3 4 Bt 70 1) o 240.,30.,30,
H T U OR B4t H O o €8 ) AR R 3 B 3 07
VF 22738 A5 REDS $04 42 5 X S Firify Jy i A7 1k
RELAER

Yang 55 A (2021) #1185 1> % 2l o B 52 37 5
)RR 53 B3 445 42 | 81 iPhone 11 Pro Max |
PSS R B2 1 AR AL AT DoubleTake #4FFAFEAS ] )L
i 149 X LR-HR (low resolution-high resolution ) f{ 45
JP 41,52 mm 58 3 R A2 A B4 ) HR J 41, 26 mm
Bk R AR EAEAE 0 LR 791, Fe 4Pk 500 % LR-
HR T, 5t 816 5 S0 i BEA 1024 x 512448
RO . A ECAE G T R T3 12 A2 AR DI 2 i A
7 7F Real VSR( real video super—resolution)iﬁll?ﬁ: 4]
BOAL AT B AT 5 EE S, Aok T
Z XS AN [ iz Bl 37 50 1) FLSEARURE 73 B R B 4R
PE— DAY S5, S T FE A A0 o

2 ETEGEENMBIBHRTE

1T A R AU i 2 () 7 AR s s 22 e, HARKG 2
T PR A5 i T 2 SR ORI B SRR
TRV SF R A SR IR . R, RS R
FEAESE X AHAR TS H AR WO T

T G ICHE DT 5 B AT 1~ 7% | B e e e <5 90
b PR, Tk 2607 AL S B AR TR AR BN
FIGFABCHERSCR . IUTE L T TR B8 25 > ORIt e
5 AL O3 AT ORI A RO Iy vk TS AL T
FRITC T 5 VA AN T ] AR I B AR A IO HE DT 1k 3 7
2.1 ETARRHEAETTE

T FE A A I s A5 L BTSN DL T
MO AT IE S A TS 18 Sh A R AR A8
PR 55, SR 5 TR BE Al b RlA RRAE , F A e A R
A . Lertrattanapanich F1 Bose (1999 ) 5 i1 #% 52 #5
RURAEAUAIHL Y IZ Sh S50, A AR PLIZ 3l ok 4 it
iz g, 5k CAESE A (2013) i i G iR 4 iz 3h il
TR 40 A e DT I , AT AR A B A B8 1E 1A
P52 T L B R 2% . Liu AT Sun (2014) {5 A1 1L
T B 38 R 7, DL KR 38 (maximum a posterior,
MAP) 5977 AU T A B . AR TR (E
AR 3 B3 07 12 L UE LIz A T i 23 R A

O A R TR 2 AR AU, D R
W s st 5 s a2 Jr ik . 1950 4F H Ik
P TOLRAIMES . St e S 1a1s s PR LE WL Al
Bt EARZ s sh i BRI U . aniE 3 B, R
i PG LA E A b SR P R AR AR LAY
3DIBFNHCR , KL BEINAE AR WK AR R

CCD

[

-
7

-
PRgrs

Ve
o
f’ 2D i

K3 =4z shfe g e
Fig. 3 Projection of 3D motion on a 2D plane

BTk AT e s T AAE A B
B e — RS EEE o Bl IR A e AE AR 4R Iz
][Rl —15 2% Hbriz shd, s B ORI A sk
AR o TR DGR T I s S5 . 2/
izl FHARWIZ (8] [ — R R B AL A ] it K, RIBE
&R 22 A RR R 27 A R B o AR Ak
TR T LA R BE AR AR TG B B SR IR
JIE A I ARAS AT sl e ) B R A5 1

T AU P B — MR R I (x, y, ) TESE 1AL
5t (¢ AR L AE B B ) 48 B ) ™ T de B[] B8 8l 1
(dx, dy) BUBEES BT —it . ARHE ESCHR B A s R
FE AR, Al G

I(x,y,0)=I(x + do,y + dy, ¢ + dt) (5)
WX () A m g AT 2 It , 15
al

ol ol
I(x,y,t)zl(x,y,t)+adx+8—ydy+gdt+g

(6)
X, e (LR Jogs /b, ] Zmg At ¥ (6)
RAR(S), i
ol ol al
adx+8fydy+gdt=0 (7)

B whllo 43 531 A 6 IR T X Bl 5y Tl %) o P 2%
5, i
_de o dy
Tt (®)
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IRE, BR,

ZTEF, WEHR, Thx/ REFIWTED P EREARLGA

1 =g = SR R 1
x y ot

BB BENT x, y, 007 ) O 8 25 b, 507 AT
IS

AI _87]

~ L, =

Tu+lv+1=0 9)
A, L0, 1T R SRS (u, o) REFITSROE
Wi, FEAE— AT B 2 R B )L
R, 7E 2K G B, Lucas A1 Kanade (1981) 2 1
Lucas-Kanade (L-K) G % o %54 3 78 19
ez ] — ok, BIAT— BT A SRR R RS —
PRI AL AR AR o I — M 2 MR R A
BRERIACNAZEA D, WTLSRAHE R s H 572, JF
) die /N SRR EAT SR A L X 2 YT o iz
B 6 A T 57k o Ak, Druleas %5 7% (Drulea F1
Nedevschi, 201 1) W &80 H ML S )ik . Cui 5%
A (2014) ,\Wang %% A\ (2015b) . Cheng %5 A (2012)
P T AT R DGR I
H1 1 0 BRI A T A 3R S Y B
BB, o O Nz s, Rt
TRME H A G G Ir ik i AT, e —280r
T ] 4 RS ,  SE X i PR AR T
17T SRAE 3 i BEAR R R R AR G T,
FAARMTHEAT X 55 IS, BN W ] b SR A AR AT S R 4
MG, B 2R HER DB B . T4k, ik

b A VR B A AR 2 I 4 ke S . i TR B
2% 2] WO I 4% 4L FE FlowNet (Dosovitskiy 5%
2015) . FlowNet2. 0 (Tlg % , 2017) . EpicFlow (edge-
flow)
(Revaud %5 , 2015) . SpyNet (spatial pyramid network
for optical flow) (Ranjan #1 Black, 2017) I PwcNet

preserving interpolation of correspondences

(using pyramid, warping, and cost volume for optical
flow) (Sun 45, 2018a) 2 o £ F i Ay Bt , S 3 e #E 1Y
PSR 73 A7 VR RO o5 R 22, AR SO LA 2
Hu Il o3 Dy B T A R T vk e TR P 22 0 45
1 77 ¥ T GAN 19 J5 % Fl 2E T Transformer 1Y J5
2 JFHEAT TR A

2. 1.1 ETFHAERBOET BT %

2011 4, Shahar 55 A (2011) ¥ 3 T 3 F 6 1Y
TGP PRI . B TR = T BOR AW &
Ji& , Liao 55 A (2015) 1 UK & AU 22 M 455z T
OB 73 BER AOBIF ST BT T TR i e TR 4R 1y > O
% (deep draft-ensemble learning method, Deep-DE) ,
A TV-1 63 (Brox 5 ,2004) FliZ Sh 4115 11 B 6 i
(Xu 45,2012, 3t 2 38 55 9 2 AN, A AN [A] TE I A
3z S Al A A, SR 5 ) PR VA (BT 30 A5 A
HE O B A e 18] o B2 N BT A O B A 1R R
AERH M2 Th TR . BT AERDE
T BCHETT VR T IR A R, S T7 L i S A AN 26 2
Fi7s o

x2 ET2DERBRREET E

Table 2 2D convolution methods with optical flow alignment

Ttk FE I JBOR A %
Deep-DE(Liao %,2015) CNN, {570 B ik x4
VSRnet(Kappeler4§,2016) 3 B 38 B M X2, x3,%4
RVSR(Liu%:,2017) L SV ke x4
DRVSR(Tao%,2017) WAL B B M X2,x3,x4
VESPCN ( Caballero %,2017) LT, AR R BT, 28 AR 2% x3,x4
STTN(Kim%5,2018) ef 25 A5 46 X 244 x4
SOFVSR(Wang 4§ ,2018a) HROGHAL T x4
MEMC-Net(Bao %% ,2019h) N SR 2% x4
MultiBoot VSR (Kalarot Fl Porikli, 2019) FlowNet 2.0 x4
TOFlow(Xue %5,2019) T 1] 4T 55 4 D' Tk ) 4% x4

Deep-DE A3 Tt 1 12 B9 LA 70 HE R R 42
(e S DY e R A A e VA B ke O R E R U
5 B Tz 2l i, SR 5 18 T I8 S AME X 5 A

LI, F I H B ot R BRI 2 ), AT AR 3004
RRAET7 I E AT AR R, LA ARAT i 20 B R A0
Kappeler %5 A (2016) #% i T~ VSRnet (video super-
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resolution with convolutional neural networks) , #& i
ORISR IBEE 2 PN P72 5 =N
#% o 7% B B I, 3% #% Druleas 5 7% (Drulea #I
Nedevschi, 2011) #4742 a4k 1. BIAE ot 18] 47 78 K
BL % IR R AL, % HUR EE CLG (combined local-
global ) 28 73k ] UKL A 1106t . SRS, (] H ik
N iz Bf #b £ J5 3% (adaptive motion compensation,
AMC ) AR 0l b A8 b 2R X6 56 A R 48 T 19 52 )
VSRnet (video super-resolution net) [} FSE (filter sym-
metry enforcement) UK U I ) AL 4 2 #2 i
efs B[] B 15 FH 1 X6 R 8 5 B, AR 2 800 T
FE I W AESE T AR 7 0 = ek

RPN RGN T I 43 B AR R TR
A B T 2 N 2, DL R 8 43 HE R I
Wi, SRTTIX LT R B Sl s S AMERR S
PZE 28 G 1 AR ARG 1A 4 B DI i

T R B I A 5K, FR A3 A R R AR
3 258 ) B 488 DAy 221 BT P15 S R 38 )
) SECR (ELI] ik 22 T T ) P B A S, A LA AR
ARG TP AT i D 52, JE T 52 e LA 1 B o o
BTG 25 B R 24 (video efficient sub-pixel con-
volutional network , VESPCN ) J& Caballero % A (2017)
VIS 14> vty 3] 3 11 5 00 P40 3 SRR M 4%, —
gy At (R  25 6 221 i e A 22 (] ) 1) 25 £
BTG . W 4 s I 2% i is sh Al TR |
iz B AMEERT A Z TR S A s B L SRR
H bR 28 o Bt , 115 F0 1Y R i — i ZI s
— I ZI AR o BER S 25 T, 1 7 H BRIt o3 Bt
G T A

1z BSR4 5 B 0 245 figk e o 5] ] BEAF
TE R A AR R AR T, S5 R DKL I 21085 240 1 56 U
flitt ik # o Iz B AN H R T T A3 (8] 28 46 9 4%
(spatial transformer networks, STN) (Jaderberg aE
2016) . STN AT LA W7 ] 15 22 6] 2= (6] e S5 24, HL
C nEh I T 76 M B I 25016 U 4 iE 4 A (Ahmadi 1
Patras, 2016; Ganin % , 2016; Handa % , 2016;
Patraucean 5% ,2016) . VESPCN B UCK iz HL 5| A
PRATTIGT ) C 7 A, STIN A H T Y 12 sl AME T % .

2 AR R B AR DL E AR A X B LY
FESER ARG o EFXT VSRnet 75 22X = IR 2R AE,
B 4 1 TR IR B AR A 1] &L, ESPCN (Shi
85, 2016) 1 HI 92 I (RGO 23 BE 30 ik 04T R

LR >
I

ZEAME = I

=0
. s lgsesi [ ] .«
; MR '
F EEhE —l

IR o EIEME el 1R

K4 VESPCN [ 254544 (Caballero 55 ,2017)
Fig. 4 The network architecture of VESPCN
(Caballero et al. ,2017)

18 15 W15 2 45 B (sub-pixel convolution) 33X Ft = 44
P HIC 2 05 Z FHESN I 5 2R AET LIRS
SIHERAIAMT . T VESPCN 7638 & Ak BE A9 R
P, JR SR 2 07 AR e B T M 8 HE SR A it iz Sl A
TR B B MR LA S 53 % 5 B i

Liu % A (2017) 42 1} B9 RVSR (robust video
super-resolution ) FH %5 [A] X 35 A5 H I B[] [ 3 7 55 B
LA, 2RSSR P 5 A 6 B o 23 X SPL bz
FHHCR G 1 (rectified optical flow) (Liu % ,2017) i
AR AT T 3] H A5 i 4 25 8] A48 40 280 KR R 00 1Y)
18 Bl R 2 R, DARE S fi FH AT g -5 BB sl R
B WA A o RS I H R A5 30 A K- 3% FD 2
(L% AR H 28, 2 ) X SE AT 52 BRI 43 B 5
ARSI X5 o B T 35 0 ) 26, 55 22 8 3 B
FEEBIT 73 32— R ] 8 ) 23 SR ] 2R 5 0 45
S8R 43 HE AR AME W 43 SR ] ESPCN 34 25 1 400 431
PEAT ERAESRAG o B BB I T30 ) 2 SRR
BT o PRI R 1] o B 3 B 3 5
Az 8GR 15 3 P 2 PRGN I [] 3] 1 53 S 0 AR e
J& I T 1) SR 0 288 il oA v o3 PR R AL 51
I T [ 38 I A P 400 2 2 L S 5 I 2% 2 FlU A
I3 PR Z ] B 15822 o 4% TR PR e 9 485 2k 2 ]
FHRE GG IR AR5 (14728 4 2 K00 A i 157 9 265 A1k
T EBRSHCZ IR 2 . RVSR (Liu % ,2017) 4
B PR 451 2K pR KR, >R P o 21 g 1) 6 4527~ 755X
PIZRAERL

75 VESPCN R JE Rl -, K2 7 40 1 1) T8 B L0
3 R 4% (detail revealing deep video super- resolu-
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§28% /E7H /2023 F7 A
e AR B
'__ TENLIL —l
E(g“;ﬁ B ) SR 0%

5 2[R FF 28 48 H (Liu 55, 2017)
Fig. 5 The network architecture of spatial alignment module

(Liu et al. ,2017)

__| LR R
o3

2585 PR
| o3

2] — NG

LRIV

6 i) IR 2 4 (Liu %2, 2017)
Fig. 6 The network architecture of temporal adaptive module

(Liu et al. ,2017)

tion, DRVSR) (Tao %5, 2017) 4& Hi 3 (1935 5 b 2 2%
o AN 7 iR BT T RS A R R A A A
B4 A% 2R 32 B MR B (sub-pixel motion compen-
sation, SPMC) . SPMC ¥t 3 Bic 5 A5 R & BUHH
4546 TEARSRMUE S AR rp Rl R AR B
B Ay R A FE W, DRVSR I T 4 i 5 — i A5
i (Mao 55 ,2016) Z5 4 (9 41 7 fil A AL B, I AERL e
RN ConvILSTM (Shi %5 ,2015) M 4% &b BRI 45 4., [
i, 19X 4% R o 1) B BB 32 4 L o e 1) 2 P S 7 47 B

mshtE
A P 2 A YR AR L RE A T A 1 22 it (R 2R
i % e
(LR) EAe [ AR

BRI —I H bRt

|—' (HR)

H bt LORFE
(HR)

7 DRVSR WML HLH (Tao % ,2017)
Fig. 7 The network architecture of DRVSR(Tao et al. ,2017)

FIEARID) Z 18] LI , AN )20 K 2T VIR
JGi, AR N A H AR B X RS p ARk,
Kim 55 A\ (2018) 7E STN B:fili [ 53 1 i 4 25 6 [ 2
(spatial-temporal transformer network, STTN) , STTN
AR 23 [A) 31T HLAE I [R] 3 bt Al DO RRAE 1]
I 24 ZE AL AN P 8 I/ , STTN A4 B 45 Y6 37 A i e ]
DU Z i 75 125, PR D 0 15 e A B 1 ) 2D
KN [R] IR Ab B2 AT 3z sh AT, i 25 eI
Fli TS H AT LU AR ) i 25 728 A 1) =
THEAL HH A IS 238 55 28 0ok I 25 SR S B LA 1 ) 43
TR J5 , STTN | IS 43 B A e i R AR 1], —
UL AAS 22 H BRI 5 23 BER T 1

YBWUFS | ] B it
(LR) itz (LR)

espenn || G || E
B2 R RES s iy

18 STTN Ay RZ5 454 (Kim 45, 2018)
Fig. 8 The network architecture of STTN (Kim et al. ,2018)

1 48 i AL B3 73 9% R J7 ¥ (Chen 45, 2018 ; Kim
2, 2019b) T 283k B K P (8RN S 3 ) Bk 08 A 6 53
RN IR 25 7 A T e B A R BRSO LA
G3 PR RS AL SRS B 1 X 1 G AR L DA i v R
AT ] P ESE R RS B2 . Wang 55 A (2018a) T 58 1Y
15 93 R O i M S5 B % J5 1% (super-resolution
optical flow for video super-resolution, SOFVSR) 1] H
OFRNet(optical flow reconstruction network ) Ef 3K H
i O BEAOG I EA T iE S A QIR 9 TR o R IR
4iJ7 % (Bouguet, 2001) , 5% 3 94 5 B AL R Ak B!
ORI B, AT Z & 75 P, SOFVSR Al
FHAETRLL S5k 22 5 B HOR ORI A R AL AR 3
PIRMTEIOGI - 57 3 )= 4 785 W 45 55 i P J= A7 AR AR
S22z B (ER R G T Al T ) 2 Bl 4
NAR R, B FRAR I B3O 6 I A i oy
BE AL o SOFVSR R I %5 ] 3] ¥ i e e 1 4%
(space-to-depth transformation) (Sajjadi 5% , 2018) ¥f
7o 23 PR O T W G B o PR AR ROA% . SRS
OFRNet [ 1 i#F A\ SRNet (super-resolution network )
B 2 EIUR  ELL R BRI MR R
BUAE i 0 B . 454 OFRNet F SRNet F 45
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‘ En ,

L. Jelifliit || ZmEwE

|—> B B

I} BEME

K19 SOFVSR ML (Wang 55,2018a)
Fig.9 The network architecture of SOFVSR
(Wang et al. , 2018a)

R BRI ZRAETY , Fe 2 RATAR P B RCR

Bl A5 D' it 0 265 1) e L AR 22 5 2 22 10K BT DG
LI 28 5 | AHLABURR 73 PR3 (R g BIE 5 . Herbr, 2B
B £ 2 % H B ¥k (multi-stage multi-reference boot-
strapping method , MultiBoot VSR) (Kalarot F1 Porikli,
2019) 7¢ it A 5 M rh Fi] ) FlowNet 2. 0 #1712 3h il
ito FlowNet 2. 0 fH# T FlowNet 1. 0 75 P Z5 4544 |-
PEAT et . FlowNet 2. 065 FlowNetCorr % % 1 ¥ 4
FlowNetSimple % 48 #E47 HE & |, [F] 44 2 221> 53 32
2%, 3 DL ORISR T | SRR R i —
(9T B, (R DR AR JEOR A, L [ AIR T 50% LA L

B AT A SRR 3 BE R R AR 5 01 S AR
HIRG ETREWREA . BEFETMEHZ 25
FRIY R 22 B 2H A, O BAT NS 1Ak 22 SR B i J —
AR 2E A BB o e I P s ) B SRAE 0 455 3
P oy P B A

6 X5 6 Tt Ak T 28 9 e i R, Xue 5N
(2019) FF X WA 53 B ARSI 2 W LB 3 g 25
AN 55 WEFEAS IRl i 2% ) I 2%, Bt 1155 %
) 28 56 38 9 2% (task-oriented flow, ToFlow) . H Tt
DAL AR bR 9 2% ) AR A U 2, DR kg oy )
B R EAL 55 Hh Bl B R IR FFERDOE T o 1810 JEoR
(RS AT 73 B 384T 55 14 I 265 454, T FlowNet B¢
HH R AR AB LA P 3 2 4 7 B AR KL 20 4 M
JGi, IR It R 55 AR QB MU A 25 5 W M 1
125 10 2 (1) 722 488 [ 28 THEA T 0 SR HRAE IR IE S
AT FE R PP Ak BERASE R 2 s 0 W AR

BT W ARG BCIE T R R A B L
THET W S DR R U S BRI R AESE . X

F5 |l R g B P R T ik ) AR T AR
Ty it it B b i T 4R Vimeo90K Fl REDS 7
WL 75 B 4 o (& 20— 2D & BOUE LA 78 43 Ab 2
P A5 5, AR AR a8 B, S A B
AT 73 HE R M 4 R i 1 o FE T H RS
(DGR C I i Xt i sh Al T PR E i A L S5
{5, AR Z G 5L TAER 2 B 2% (baseline ) o

% Z3[B) SRS | TR
NIRMILS —T
ILR {%hﬂ e ISR
! [EES !
SR —l
IR AL || TR

110  ToFlow I 454544 (Xue 55,2019)
Fig. 10 The network architecture of ToFlow(Xue et al. ,2019)

2.1.2  JETEFPHZE 2 B G B HE 12
AL FRAGIRL BCHE T 1k R R T Bl 1 ik
[a] A Ak B 22 o, LS g o0 e H s ot W sh e D
R SR sZ BB, [ I A B It 22, At 14 B A o
o U SO T U E e SRS IS R e /R
JETERRS P P 35 PSNR 19 25 AR K o A pi 22
o0 26 U 3 A — 7 T JRE T35 30 S AT ot ) L o ot
I HL AT RSP [+ o Aok AT 23 B A< T A SR BGs
PR 91, 3 3 LGS 1 A TR PR Ph 28 9 2% 1 ' I
BCHET %
*3 ETEABEMNEHSLRE LT E
Table 3 RNN methods with optical flow alignment
Jrik EEEM ORAR A
RRCN(Li%,2019a) x2,X3,%4

CLG-TV Stifik

ZACALHTT A 2% x2,x3, x4
ZEIY x4
MG JLmxs s x4
AL x4
BasicVSR++(Chan 4 ,2021b) Jtinids A ASIE R x4

MMCNN(Wang %¢,2019¢)
RBPN (Haris %5,2019)
BasicVSR (Chan % ,2021a)
IconVSR (Chan %% ,2021a)

RRCN (residual recurrent convolutional network )
(Li55,2019a) 255 1A T 000006 73 B 28 10 TR BE A1
WML, s 11 Ui, RRCN B AT M 4% 5 )5
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LRE,

1 P 28 R 43-2H A, RRCN | i CLG (combined local-
global )28 73 S I A 712 B Al 11, IF4 & G xf
FERTS E R MVE S A A R AR BBCE ) 5% 22 1
5% 2% . H RRCN e 2823l & BT A i i 1 o 22 [
DL 5 B AR B SN . 25 RS ARG
XPREERLYN G OEAL , AT H] A 4R A (self-ensemble ) Y
75 2 e 1B e e AT, AR 18 221 A 6] )
AN SRE BT 550k B 2 PR R 4 T
JIT A i s R Th B8 R - Y AR B 1 =
BRI . [ U 5 9 RRCN+5 EDSR+HFH2 7E
— R TR ROR W TS RRCN+H+

P11 RRCN M4 454 (Li %, 2019a)
Fig. 11 The network architecture of RRCN (Li et al. ,2019a)

A BB OC IR HE T VA 1Yz sh il s sl b
PR B M C AR BIE I, 17 22 35 00 B0 ot 22 0
2R BOGIRBCHE T 12 K 25 1 AR X 2 (o 45 Bl | Bl itk
R fIE Rl 5 B R 1 23 B R AR AR . Wang 45
A (2019b) 42 Hi 9 2 32 14 & BUA 22 ) 2% (mului-
memory convolutional neural network, MMCNN) F %
F I VESPCN H f#¥) MCT (spatial transformer motion
compensation ) 152 L FC AL AT T , 75 ot ] 45 5 il 45485
WG ATERMZR 25, B0t T 2012407 R SRk
MMCNN (1 9 £ 45 #) ] 12 7, Z2ic 424075 il &
A FH ConvL.STM &b FHAH &R Mt 55 H Ao (8] 1) s J3
fii o ConvLSTM HYSSHRE1E 4. 3 T AT TEANN 44
ZACAC AN Rl S AR S R B AR AR 22 N 45 LA
WeIs /> Z OB IEBBBET K o R Je B BT A Rk
AWAR R BER)Z 5 =0 R B AR i
LA B HER AU

BET G MU 73 BRI ok i % AR
Zh I RAE NG 451 it — 20037 . 32 R W
2% (Yi%5,2019; Bao 55 ,2019a; Lai %5 ,2017) B9 52 W ,
18 I [ 8 52 W 4% (recurrent back-projection network ,
RBPN) (Haris 55 ,2019) 7 RNN &l A 14—

B, =EF, MNEW, Thx/ fEZIWME S BERBAEZE
st | BE) || REE || it | RHE
(LR) AP b AL H

f I
\—’ Bt At
——L_hi% (HR)

H bt FoRAE |

(LR)

K12 MMCNN A9 925 254 (Wang 45, 2019¢)
Fig. 12 The network architecture of MMCNN
(Wang et al. ,2019¢)

fi# 7% (encoder-decoder) #5254 . U] 13 firR , W) U FF
e3R8 BB BB E T 2 KR8 23 B 2R (multi images
super-resolution, MISR) i 1& 1 5 & % i 43 #f
(single image super-resolution, SISR) i i . MISR ¥
FUbR L AR SBTRIT 3 OGRS O , B ARG 28 H
FAFAE 7K i Mo SISR B H3R A5 H AR Wt i 4 iE 5k Bt
Lo JEFRMZE B ZBOERHR R KA MKk 55 K - 1
ALk A B bt ds o FoRFE . AR U o B
FHESK R AR 88, T SRR AR PR TR
T—Z BB A . RBPNIRABREZANGIF
4 e 43 BERARE | A IR 23 PRI

(15 Fop BNIDS Fo D[ I63, Fop 190
: ] |
B [BH BH
e/ [ HRE B

: l l L
&%ﬁﬁﬁ%H&?ﬁ&ﬁ&\m f&%'&iﬁ

113 RBPN 442544 (Haris % ,2019)
Fig. 13 The network architecture of RBPN (Haris et al. ,2019)

SRR BTG 1 PR BC R 5 2 A A O #R A 22
W28 IS, M DL & 4% RRN B0 #2352 ax 2e 7
AR TG AE R G0 ) 5 AR & vt , I HL & fe ]
22 K XoF ST By 190 2% ok A ARt , Gk 2 Bl B
F B R o BasicVSR (Chan 4%, 2021a) i 1D Ui
X FEAH AR RPAE , LA sl B 115 R0 0 547 Ok A A
WIFURHERAYE . AT SCHR B A4, K FI B R AR
AMEEA R T BART, — 2807k F XL JH ER
P08 2% Aab BT RE AR S5 I ST i 1o S BERZ A 8
I 28 S5 R AN & 14 7, Basic VSR I G 0 55 AH AR
B2 A RRAEAR S, , B AR AT 1 B RO

£ BasicVSR Wy JEah -, i —20 5] Af5 B FR
(information-refill) HL i FIHE & £ 4% (coupled propaga-
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LoRAE | IS
|
Vi
2 LRAE - IR
53

LEREE | IR
AL .
Vi

P14 BasicVSR Y 24454 (Chan 55 ,2021a)
Fig. 14 The network architecture of BasicVSR
(Chan et al. ,2021a)

tion) FL I , ¥ 1 & it T IeconVSR (information-refill
mechanism and coupled propagation video super-
resolution) (Chan %, 2021a) . TconVSR [ [ 2% 45 #4
TNIEL 15 fivs A AL R EE S T R 19 26 5 )5 1] ) 2%
Z IR DR, BT A5 4% 23 SCnT DL Z R TR S
A G EINEEPSI Fc e =Y U 5 7 B o <
PHEFEHLHITR IR OCSEMIZR T |, JF S RPAE SR IR
HE BAZ R R v Y O T A, DL e 2R
1o A H Baisc VSR, Teon VSR B 548 2 TR 41 ) 4
W o FE NTIRE2021 (new trends in image restoration
and enhancement ) ¥k fi% $& 77, Chan 5 A (2021a) i —
A U Basic VSR, 4 Hi ) Basic VSR++7ELAT 8 43 B
R R AR TG 5 55 TR A5 4 DT FARIC T =g —
A RS , HE RNN BEfily b i — 2080t 1 RS 14 1
WL, SIS 7 2l o (B R A 5 7 X0 o) £ 4 , 3
A R PR €35 5, T DA S G A URRAE L 1EL
HOIFAS I o B A DG I 12 A T i sh Al i S iz sh b
22, 1 J2& #F SpyNet (spatial pyramid network ) (Ranjan
il Black , 2017) 2R B SETAE Ay al 2298 4 B 45
5 B IXAE 2. 2795 Bl AR M 2 B AL AT 0 B %
TIUE R AT TR AR

TEAG R 22 90 285 v M FDIG R 15 SR FC TR AR 208 5]
R IESAT TARGF ROPERE , (075 R B/ 2 B
RIVAT S PR A RO PERE L (H TG IR ECHE IR 22 I AEAE
Bl S iE s AMER S B P RESE R IER . TR
PRpf 22 R 28 % B AL S R v, T RERR R TOLIR
T AR5 25, TS MR 1 Al T B g
SR X D' U o 1R 1) - R M S (B A I — 2D AT 5T

boRAE 165

]
Fiea

S boRAE >
3

: SRR | I

Jilﬁj —
g

K 15 TconVSR [ M4 4544 (Chan %5 ,2021a)
Fig. 15 The network architecture of IconVSR
(Chan et al. ,2021a)

MBI I7 1]
2.1.3 AT GAN BGI e iy i

INFE R SRR IR K 2E [ Goodfellow 55 A (2014)
2t —Fi A P M 4% (GAN) o BEJS , GAN 32 %]
DRI 2] QU )2 6T o AR GO Bt R0 45 Hh 2B
#% (generator) 5 J) 51| £ (discriminator) 20 hY, , A1 H. 14
g2 o] 1) ab AR A PR 5S84 e ) o) 5 0 34 5, A
J5 A AR 24 R ) 48 TC 125 DX 70 LS 5 A A
RS . GAN BT 2 P AR ST 55, 40 3D A
FEE AT . TR FHLALE AU, GAN 194 il g
T ESE T EES A ER . Ledig 5 A (2017)
FRISATHI GAN P45, 255 RRIE AR 2 A il 17 i HL LS
TR e P AN v o B AR o XN R B TR
G 73 HEARAT 55 v U 14 U i f ke 1 22 1) Dy vk
0K GAN HI T I - B foR

TETFIR B B, 2200 W HLAY GAN 451 2% pR %,
HAR

mﬁin max Lch(d)»a) = EX[log D(b(X)] +

E,[log(1 = D,(6,(1)))] (10)

b X RLEE N x NI o0 BE B AR, Y 2K

e AWUT S, D, & IS H o R, G,

EEATINGESEO M E NS . X 2 S HO R

FHT A2 ) P28 A AR o IRl B A T )

X BT A0 2 B2 v BT %) o g, A A I 45 AR I AR
SAFER PRI T IR 1 = MR 5

TEEFEE B Tk KRR A BT 7 a

25 H) 5 2%, AE M Al 1 48 H TecoGAN (temporally
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coherent GAN) (Chu %,2020) . &1 16 JE/= T A FH iy
— R 2 BRI R AR LA L T8 16 Th @7 KR
FRAEERZE TR AR, Tl 78 i 0 B AR A
Ji I AL 25 AT MBS i 23 B A AT 4 45
S SC R o $2 T PEAG 5 AR tOF FILP,
TN A TR 2 okt AR [] 174 1 ] i
T . TecoGAN F) FH B 25 X} it 4t & Ping-Pong loss
DA T e 43 B 30 A0 1 1 58 23 AR 50 I &, ) LA
AT ROR BRI N R I (B PR 5 o Bt I 23 S 0010 4% 1)
AN 5, DL K I 23 R A8 R B AN TR B L D PR AR
JUL A i 26 T LA s 400 A Wi 22 i) 1Y) 3 BT L O AR R
B 1 B LS i A

LR
I

1 -oiaattit] -+ wm @~

LR
1 t+1

bR
K16  H&shSaEr a4l (Chu 45, 2020)

Fig. 16 ~ The network architecture of the frame recurrent

generator with motion compensation(Chu et al. ,2020)

F4R T T GAN B CIBCHETT 140 28
RMUHRCORAS AR, Al LI Y, 26T GAN BRLAE 7 Bt
BT HEARIRS A TR GAN A7 B [R5 ke 0 Pt
FREHIFE TARIAR R 220 PO S5 45 7 2 A Wt
Tz 18] e P, PR T AEE R . (EURE , A SR il dt
ST HEARRYT FE ) 2 W LA KT B U, GAN
W BT B

F4 ETFGANHINEREET E
Table 4 GAN methods with optical flow alignment
Tk FE A RAG A
TecoGAN(Chu%¥,2020) GAN, Ping-Pong loss x4

2. 1.4 T Transformer 196G Be HE 7 7%
Transformer ( Vaswani 55 ,2017) It 345 17712
BT, iE4E T NLP( neuro-linguistic programming ) I
CV (computer vision ) sl , 7E.5& T /¥ 41 94155 LR
H 8, 4% KL T Transformer #E ) A9 BERT (bidirec-

tional encoder representation from transformers ) & %

TE 11 35 NLP T 55 1 25 15 SOTA (state-of-the-art) 4%
o EERFE NS RNNALSTM AH EL , A 3 3
B IHATHEERE 7 R i AP 9 R AR 1 14 T A
AE 1o TETFEMLILGE H | Transformer [ fL $57E T4k
PRI 55 b B 23 AE A5 2 o AR T i o 2

e AE LD ST ST, 7E A 23 B A ST A 1
REESIE (S SAoe

2% 587N T FTF Transformer 146 I BC HE T 72 19
TR AT %, FTLUE S0 T AR S 51
S B A BRI SN B (Cao 55 ,2021) 42 H 9 VSR
Transformer (video super-resolution Transformer) .
Transformer {1 T2 VE 2 1A R B I & i 4 7% %
R JEME LUAZ I AU O I 25 & o iteAh,
Transformer fifi F 1) token 25 Fif {5}t )2 it = H¢ 11E X 5 fig
71, b B voken i 220 1 ) FAS [ i 22 6] F AR DG
VSR Transformer £ X} F iR [Al B VEFT T 2ok B 4 i
P 2 45 A B 28 P 2, DT s — ot 1) Jeg 8 45
B AT token 7. VSR Transformer 7E fij 15 )2 77
IS0 T O] S C HERRAE , R T5C M RRAE Fl B A 1A
A SR 20 130 5% S T HR o

U i N AE B P R T B B R AR oK, J2 Trans-
former [N T A AR RE 73 Mk 30 U 1) B EE PR A, A
B4 T LR R4S Transformer [ 5725 , {H 2 A0 #
PUAT token 1 EE B 5 23 B A AI PP 51 ) AT 06 LA Jik
%o Transformer {8 77 i A A5 2] 7873 R, MM
A ALY Transformer 175 8 SC AT 73 B3 1
PERERER,

&5 ET Transformer B3¢ B 4 77 %

Table 5 Transformer methods with optical flow alignment

ik EEUANSY S| ON f
VSR Transformer(Cao %%,2021) Transformer x4

2. 1.5 FETOLTEEECEER NG

ST AT U 43 BB 5 v fi R
Z— WML 2t ZAEBFSY, B A HSUR R
fit o AHDEI T T8 2% 13z she LA, (i A8 R
(1938 Bl T 5 ST T 5 IO G TR 55 I 6 IR AST
G| APARE , X Se Pl 52 23 1B 75 2 Ja B2 00 5 43 HE
R IR IR e AT A, M DL GRIE A R v 43
BRI s )2 22 o ] S SR v A 6
DL TR 0 s 138 sh M i R AR

1941
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HEMFETT ],
2.2 ETERRMGITHEGR AT E

bSO IR Ty 2 M R R A T 6 U Y B
o YRR A A AR SR A5 ) R , 113504
DG 2 AN HER L e Rk T 3 SO o) B R
P28 BRI T -

TEAR AR T 450 408, e 6 I 50 42 10 ) T Bl A8 4 R
Btz ettt Siz s, AR TR RAAOLR
T5 ¥k A AU m R, T H AT 558 A 4R
FIKHETT o Niklaus 45 A (2017b) 42 Hi #9 AdaConv
(adaptive convolution ) 1% 784 1] LAk i 5~y 14 &R
Fy 25 [0 H N B . T I AR 2K, SepConv
(separable convolution) 77 (Tao 45, 2017) R & TR
BIe Al o g 0y I A — S U (— D T E
F—N KP4 S L 2D B R, DLtk — 25 /b 2
B R THB TR,

Bare 5 A (2019) ¥ &R AL 12 Bis Sh Al i+ 5
18 BAMEE 1 7 R S I ARUATGE 73 R BT, it T
S2EF WA 4> HE R 5 7% (real-time video super-
resolution, RTVSR) , W 28 Z5 4 Wi 141 17 flr 7w, 51—
ol L e — AR b e A XA 4 B 22 I 28 4 S iz 5l
B BURZA TR, FRAN T — X R AT Iy 1) A2
B W — 412 3 4 U . GEU (gated enhance
unit) (Li %, 2018 ) X0 5% 22 HR B B 1142 B TR dhe s A5
R PERE , AT Bk BR 2 4 5 JF GEU N8 A e Al
(4 J 0145 B R GEU Hin it iy KA 8, ] L7
AR B A AT 15 53 B AT 5] Py I

AdaConv il SepConv J5 kit 471 Bl i), #BA

L4 —

—  EZEEE

Y (R
y

n* e e I A
X

|—> BEERW

|_. M

I IR

KI17  RTVSR B 4454 (Bare 55, 2019)
Fig. 17 The network architecture of RTVSR (Bare et al. ,2019)

AEAL PR R T HUE XN R/ NIIB S . —26T5 221K
K Z2 M5 ORAR THIUR N 55 AU RBCR . Bao 55 A
(2019b) ¥t % 5 EBANTTHAZE & L f s sl
1 #0328 2l %5 2 W 4% (motion estimation and motion
compensation network , MEMC-Net) . % % 2% 1] ) i/
FHT RS T RS T3 38 R e M A AU A )
LTI . WA 18 IR TR T WU 43 B AT
G5 IF X P28 AL 5 AN ER Sy, BTG AG 11 2% 4 1
FAt T L T SCHRERR 45 | 3 I 28 45 Do 26 1
43R 45 o MEMC-Net £ F FlowNetS H A 114 <18
T O TR G (6] IR AR SRS AR s A
A5 71/ 2% , B U-Net (Ronneberger 45 ,2015) & , 7] 3k
a3 ) 8 4 B S 8, Hod, Al SN 2
ResNet18 VE Ay b T SC 4 ) 26 48 B H A il 5 AH 48
[l 151 1< o N o S N S B AV LT R4 S RO B
A P AZ 92 B b SCIle S5 AR <08 ot i) BBC 7 o
AN G G A B 2% R P HE S 9 R SUE R
TH BR AN T B0 1 3 Al R ARG R S R B T R
MEMC-Net ¥ 4h T & BUZ AL 1 149 12 3h3i F 5/ ADie
DLV 08 550 B 1) Bk i, (B O 1 DB R Y A7k
577,

Jelifdit
B

£13ig

s i Sy alt

AR N
bg 7 #R)

AL

BB
RGeS

BT GRE
BES
118 MEMC-Net i [ 2% 2544 (Bao 4 ,2019b)
Fig. 18 The network architecture of MEMC-Net

(Bao et al. ,2019b)

FE AR o3 9 R 40, 56 T B AL T %) B o
IriEmZR 6 R . W T BB K/NR Sz ST
JU ], X 7V I IS RR 43 B 3 o RO AR R 2% o
DRI, A R e RRURZ A 1 S 0 AH A1 T %) 5 1) D
A . BG ZFpiE S il i A AR AT
My o 5 5 BT RS
2.3 ETAITHERMEETE

1Eiz s il 5 is shAME R R v, DG X DL S
IAFAE R N 12 s i (B A BCHE . 38 shAlt iy
ANER M 25 T B0 U 5 23 B AR LA LR E B[]
o BT ERANTT Bz S 52 BR T e L
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Table 6 The kernel-based alignment methods
Tk FEEA K AE A
RTVSR (Bare %,2019) EIEBMTT x2.x3,x4
SR BN 4 x4

MEMC-Net(Bao %,2019h)

WAZI RN . BAMYIE S Al AMERBEE 1 1
2hop ) TR, BRI T RUAUE 73 BT LA B
SEE R RN o R, R T ik Sl ] T AR T
A BB AR5 H AR TR BCHE

P B R R AT MU SRAE , L RTAT B L
A 25 4 0 31 2 £18 28 52 B e LA 3 o R AT oA A ) R
B BRI AR, Dai 58 A (2017) 1 k2 0 B TE 5
T (deformable convolutional network ) . 1] A8 J& 45 FH
A0 A 0 A B P B SRAE SIS ] RN T 1] Y
i B ek ke SO S 32 BT 08 O 7% i 114 JR 2 BB B B i 1K
BN, 5 EPRIE R DL

K19 7R 1 Rl B B AR /R o B ACRR
TIE T = 8 SR A: 50 2ok B AP 1 5 B 27 ) i A% 6, HL
B IZ S A BUZ BAT A R R 48 52 S i i i %
Tt A B ARFE B SR BLA AR TR 23 (8] 2p B85, i
(14) 30 T8 2 J3E A 2N, WIS N A i RS o A% H )
AL B I 7 ) W i A AR IR 2),

HNRFAE 12 i AR P
19 AR ERUR ER (Dai 5 ,2017)
Fig. 19 Illustration of the sampling locations in standard and

deformable convolutions(Dai et al. ,2017)

PIkE R ST A2 B I R/ 23 T 5 1 5
=S R 08 3 x 3R, BZ B
R={(-1,-1).,(-1,0),-(0,1),(1,1)} (11)
AL B RS T o , XF iy R AE ]y B4 7
B po KU, A

y(po) = Dw(p.) - x(po +p.) (12)

A, f555 - Fon ok, Bim & N, p, 25 FR
R — AN SR G JERSZ B b R A — S S R RS &, HL
p HMZET RPIAE . ATASIE G RER (12) 19 34t
AR RIG I T RS Ap,In = 1, -+, N}, o,
N = IR (12) AT e 5 2k

y(po) = Dw(p,) - x(po+p, + Ap,)  (13)

BAE R RLIALE AL T p, + Ap, AL A
AL, R P J0 0 SRR st ST B Ml B I 07 5 ) R AP

A B BN W (AT A2 R AR RE ) i, T
e 2 B R Fe i, o] ARz B R /INIEAT A 3
BUE DL SEBURS R E N o IRl Al AR R BN R R
BEH ALTG D RS R  , BVRT 5 5 | A B3
AW, C TR — RIS R GEAE 55 a0 B
FRAS I (Dai %, 2017 ; Bertasius 25, 2018) i& X 4> &
(Dai 55, 2017) MR ZE Al T (Sun 45, 2018b) 45 ¢
T RGE T ET AT AR I A RRC HE 4 R O3 B R
itk

x7 BETUTEERNEES X

Table 7 Deformable convolution-based alignment methods

; N K

7k FEEM fre
TDAN(Tian%:,2020) A AR LA x4
EDVR(Wang%5,2019h) EFHEAEIEE x4
D3Dnet( Ying % ,2020) 3D AT AL AR x4
DNLN(Wang %,2019a) A[AF R non-local x4
DKSAN(Xu%%,2020) QIS 255520 x16
VESR-Net(Chen%%,2020) TR ER, x16

Seperate non-local

BasicVSR++(Chan%:,2021b) JGiRIEFAI LA x4

A 18] AT AR JE X 55 M 4% (temporally deformable
alignment network , TDAN) (Tian %, 2020) & t ] H
AJ IS Y A FR S AT ] B4 X 5 . i AT 20 i
TDAN = 2 iy FRAE S I ] 28 H 25 B 55 00 55 1t
HAY 3T AL, P AR QR M2 0k 221 5% 22 B PR
FE RS R UE S I 2, AR A AR R AR IE P o A5 R AR
IR AL — L, B T BRI 48 27 ) nl 2 2 B U Y
BRI E A . AN B8 1 AR n] LSk
PR SBWIAERFAE S X 55 . SRS, TDAN ¥
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A FFWURAE S H AR WURFE R 25 5, 15 R i o) B
AL 25 N o ] AR IR AR IR T L A
SpyNet(Ranjan 1 Black , 2017 )i i1 56 i #E 1712 g #h
B RIX FFRCR . ZJE ARZ Ik iU nl A
TR 2 2T 45 LR 55 3 7, LA 3 T s o3 B8
AP 5T B

ATt AR B2
@R STt
Lﬁ FEAE
A i £ 5 _
AT VE R oY IR | kbt
— H kit ERc0E (HR)
H bt BT
(LR)
|

20 TDAN HY %5 4544 (Tian 45, 2020)
Fig. 20  The network architecture of TDAN(Tian et al. ,2020)

3D A& FRLL 2D AN 1 i [) 44 B i) b B, 7]
PAIF] B S 5 iz 3l . TDAN ] 2B BB 5 | A
A 7> BRI OESE IS T LR B SR I AR 2K 3D
& M50 AR B AR 5 , 32 1 AT 2 3D & R
(Ying 5§ ,2020) (14 75 125 , 3 AT XS WA 73 HERAT: 55
1% i1 T D3Dnet (deformable 3d convolution video
super-resolution) (Ying 55 , 2020) , H: [ 2% 25 # 5
TDAN FHALL, J5UA 19 n] A8 T 45 B 4 0 3D [ A2 TE
GBI TES AR AT BB AL R [E I, 5 1A
] Se 56, 5 ) = 4Er A%, S5 B A 3 N Y Az Bl Ab
B TETFR ARG B A B0 T SEBL T L TDAN
SO B > BT RE

Wang %5 A (2019b )1z F = 2% 4 35 A il i) ml
A I B (Zhu %5, 2019b) %31 T PCD align module
(pyramid, cascading and deformable alignment mod-
ule) o H5G, TRAEFURIBUTF S, T I3
JEAS R 5 2 T /N R AR AN 86 e .
UK B X 55 IR o3 PR AU AI T i B e AT EoRAE
55 H bR [R) A A2 2] 26, DUIRTS Y HiRAE R
i B i, I A W [0, e HE DR I S K 40 1) 5
2, AW THA] ST 4 B SR RS T B

% T PCD align module, 5% £k n] A8 JE 45 B A5k
2 M2 (enhanced deformable video restoration , EDVR)
) FH T2 AR ASE Bl A P AT, 82 g DA AU AT
J it , A3k B AT BT R AR X IS 8 (%) R AT 3 3
2y AR UATROR R S5 & 21 s . — 2607
PR e =W EIN i PN 25 o g e S N T

TR 5 A AN R 0 A AT ] B A B 22 ) 5%
T, SR J F A R 3R AT 2B Y A0 LS
O HER A . (E A —$E 02, EDVR J& NTIRE19
PR VK 52k 6% 38 (Nah 45, 2019a) i 42356 4 3838
(Sl ZEAE Y 5 T AT AR T8 4 B OO0 8 4 R
T2 A AU T A IR e VR Bk B R AR E T U
A AR 45 B Sk BIF 5% 400450 8 43 B SR ) 445 (1) B B2
ik

o
(LR)
T M, PCDX S5 [TS AR, | g g el EFRFENE g
LR F I e 1143
i
R
| REE

E21 EDVR BMZ45H) (Wang % ,2019h)
Fig. 21  The network architecture of EDVR
(Wang et al. ,2019b)

73— 867 SO A i #1248 R T
ek, it T BT E UCRHIE il B Chierarchical fea-
ture fusion block , HFFB) (Hui 55 , 2021) {4 A] 25 JE 4
Jar ¥ M 4% (deformable non-local network, DNLN)
(Wang %5 ,2019a) . HFFB | 5% i #: 1 (Yu 1 Kol-
tun, 2016) £ H B 2D 5 B LA 3R A 5 K 1 gk 22
B BT DA 1~ 8 45l A< 18 1 10 45 B R0 265 4 IRURRAIE
e RHIE Rl & LRI sz B S AR i B ARG R . 1
2832k 220~ DA MO AE 2 S il 9 7T A8 08 B AR e, SEE
KELI ZI0RS 41 14 (i 7% 125 ) i F2 . DNLN Hak 5] A
T non-local B ZAEHOR TR J5 SO RGN 41 .
W 22 i 7R, 7 T A2 T8 45 BURE AR R TR 55 b B
DNLN ] F X 55 Mt 2 2% it i) R 5G4 48 5 J A3 ot ke
KI5 S o DNLN HoRE Al 22 78 4 #1 5 non-local
ARS8 235 H L AT LA 0 230 0 245 114 S HE
Bz —,

i

FHIE e v IMNSE AU
o Y eI S5 AR = non-local _’%@W%—. (H]l;))
@R) [

%122 DNLN 25454 (Wang 45 ,2019a)
Fig. 22 The network architecture of DNLN
(Wang etal. ,2019a)
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5G] 2R TR E AR R ek
T IB B AMERCR o O T T R b 3R 0E S F
B, Gao 55 N (2019) & 3 Al A2 2 4 B AT DLod i 25
A BRI A% B, X I BR R AT F T SR AR
AR B AT AR B R ] S B IR AR A
AL ICE &2 2 133 B 5 L X T ST 55 Fsz i
55 #4008, Xu 58 A (2020) 42 A n] 28 4
TR X} 55 45 B (deformable kernel convolution align-
ment, DKC Align) 7] A3 HCEARFE R , - ok035 R i
GeMBUBARAE, R I0S FF A AR T, & T I Ay AT
AR A5 B 25 ] 1 2 W 2% (deformable kernel spatial
attention network , DKSAN) fx 3545 T AIM (artificial
intelligence in medicine) 2020 F 55 48 73 % Pk i 7%
(Fuoli 5§ ,2020) 155 244 .

£ NTIRE 2021 Pk 2E 1, Chan %5 A (2021a) %
AT AR A BN 55 AR BAT DL TGN S5 A PR RE
(B2 TSI A4 R A I i R wfl LA WSS, i 7% 1 Y 2
03 R AR AR X 5G5S AR
KMk, 7T F) ] SpyNet (Ranjan F1 Black , 2017) 35 B
[ GIRT FEARER WL, I 20 % 55 J5 AR AR T 5 B AR
oz 5] F) i A% 5, B 2R G S i B8 i D AR — R .
YEU T | B AT AR A BUN TG 25 T BN BR 22,
TR RUE AR FARES G . 2 T I T S ) [R] )
BB E B I HLHI A o BasicVSR++ B EN & 5 T
UG A SO TS, 4745 T NTIRE 2021 #4435
PR R TEZE

55 LA A T i i AARURR 73 R AN ], 7T A
FEA AT LATEAFIE U0 H 18 N X 55225 WA AR 4R
Wt , M e A B T s S A T AR R BC . X 5F
AR o B A A PR 150K BT B D g D s, i T ek
TEMA PR R . SRT, n AR
el i, 27 ) B A ME B A, B
B2 M G A A~ Ak R, GnAR 2 4k
T PEAR P HE R AT UGEE 70 B R A HOR — R, 7 2
2 BEANART A RS 55 o, AR T LA il g o |4
DA 2015 BSR4 3 F ) 2%
2.4 ETEGERAETEN/NG

Tt g il o B AT S 2 WU HAR &R M ] £
JE AT BTN 55 , B 7R FFAE 0 B XA T i
Rt , A FH T AR A RO S AT, A0 L 22 52 B 1A
S BT o B AEOR o (B U A PR I T A6
PALAE 2ok & ST R AL . RSN I,

GV LSS LB A R R . L
HRI I J7 2 22 BT 13 . 00 B R B
(31 A X2 0l TR P 6 TR,
PRI B P A7 A RO . B, FTLL G
SRR R0 PR T B O B
HERAE.

3 FEGEENATBIHERTIE

H A A R BC AR TC 138 B SC R SR . A
Xif HiL, VR 258 AN A0 21 G PG B AR i 2 T
F2 ) A 2 0 245 2 2] i () f1 32 s 45 8 il A i st
2505 B AR FEVG B o ) AR o BRI BT
TR FHAS [ 118 D) 265 235 4 o et 7R R A3 g ] 174 DX B¢
P, DT R 4 b il 75 R B Y A SO R
O o AKX I AR IC M AR 3 Py 14
HRHEL TR 45 2870 0 A2
3.1 ETFIDERVIERGREESE

3D B R (Tran 55, 2015) J&—FPHEHU 25 B AE 1Y
AT B AR R SE R (Ji 55, 2013) S50
WA B R AR 43 B3 R8I, 3D-CNN
SR ST AR 3 A 3 B S B A W e 27 £ 2 RS
B, AR A 4R B - R SR . A4 2D-CNN, 3D-
CNN it 5 - 1 37l 000 430 1) Bisf 25 248 8 A AR AE £ 8
N 23 Fi& 24 7R , 2D-CNN X BAAS FL35 i 78 25 [
Yk P AT 2D B FRAE LUIRTS B ARIK ST HE i 1 1)
FEAE F.o 3D-CNN JE XU P 51 24T 3D 6 B ,
HAFUE FE . K24 1 3D-CNN & B A s [) 4
g3, BIXF RS 3 WL 1N T AT I S A
FRERAE LLARTS B AR RRE F o B Y B R T
AN T B it 0 45 B A (R L R — B R
2 LRARXS 5 SR I BT RRTE L. B
J2 v A — SRR [ HR2 5  a) 4 B X6 7 £ AR AR AR
e, LA HE M) 1932 315 B .

F 8 BLE T I T 3D & LAY IE BUE L E T ik
W 28 IR, — FBER ) 3D 5 FREA T 2R3k LA o 25 ]
TR R K 22 5k 7 LR AR T 25 £ B R Al G
il n , 3DSRNET (3D super-resolution network) (Kim
&5,2019b) 7843 A H 3D 4 Bk S B2 Wi (1) B 25
K. 3DSRNET 1y M4 25 an &1 25 it . (&1 25 h 4
FOoN3IDERE BT EHETH 6413 x3x%x3
MU P o Rl PIZE TR A, 3D & BRE YR AIE (B IR

1945
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LR
I

23l 4ERE
K23 2D HR K (Tran 55,2015)
Fig. 23 TIllustration of the 2D convolution(Tran et al. ,2015)

15

v

ZSu)4ERE
24 3DHBUREE (Tran %5 ,2015)
Fig. 24 llustration of the 3D convolution(Tran et al. ,2015)

*8 ETIDEMMIERKEATE

Table 8 3D convolution methods without alignment

Hik FoEAd ONRES
DUF (Jo%,2018) S LORFEIE AR x2,x3,x4
3DSRNET(Kim % ,2019h) 3D AR x2,%3,x4

FSTRN(Li%5,2019b) PR 23 B 2= x4

J& 43 VR 1 M. 3DSRNET 44 & 1 4> SF (scene
change detection and frame replacement subnet) ¥ [ ,
MORZ7B SR Tl DLV RTINNVA wii X i e Rl EI BB e
AR5, A B A A )37 557 H v B3 24 iy o 7 11 45 i
Frefhe P 2 L5 A0 7 91 326 31 ) 68 1 R AT L 1)
AR 3 AR 1 AT LA b 3 R A
4 [

3D HBRZI I 20 2 S Bad TR
51 4#% 71 . FSTRN (fast spatio-temporal residual
network ) (Li %, 2019b ) 1| IR 43 B A2 WA J2 R AE
PEHL R 4% (LR video shallow feature extraction net,
LFENet) , R 3D 45 ROk SR Ak A W AT U 37 0 3¢ )2
23 [ RRAIE , I 76 DL B 25 5% 22 BR (fast spatio-temporal
residual block , FRB) H 1 ] 3D 45 B U int 22 5 &
FRBAEHLH 1 x k x kFlE x 1 x 13D HBUZCEE
kx kxR B BN A Bk 22 e by 3D & Ry
i R U A BB 25 45 6L, T IR OR AR |
TR ). FRAEME B 5 FRBs AY5% 2215 BAH Rl
T2 e 2k ERARE S BER M 45 (LSRNet) 42 1
I PRI

555 R FH 3D 26 FRUZE B 4 24 5 88 U3 252 M 1Y)
FRAE , SR -G B Y HUASEE 23 B3R 05 A8 A], DUF
(dynamic upsampling filters) (Jo &, 2018 ) AR #& 11X 73
BT b B NMR R PRI 23 R AR, A R Y B 2
FORFEIRIE AR . AR 26 FTR , ©FRR 1 2 WA RRAE
P, T . @R GTERIE, DUF 185X 4>
AR SR 22 0 2D S BUZ SR BURRIE R SR 5
I 3R 25 42 i 422 1) 3D 45 A R0 26 g 1 A PR A, 43
BRI 2205 B 5 3 S FoR AR IR D &8 . SEERERYT,
WO 10 s S Al TR X H AR U Eh
B ERAE 2 WAL G0 i U M B R BOW =K
AR S Gy VR 2 VR AR SR 1Y B 7505

T 51) 3D 3D WS ZERL | Hbsbi
(LR) ER) BN R (LR)
Rt
El 25 3DSRNET A4 /4% 2544 (Kim 25 ,2019b)

Fig. 25 The network architecture of 3DSRNET
(Kim et al. ,2019b)

AR, T RFFIRE IR A,
3DSRNET 7E 4 LU R b, Ayt S A3 i 1) FF Sk Fn g

-l %‘;T%{/F LR f'\ SR
1 —~Q—~D—

LR B JEI B Iy BY

I; ‘M*@* éI{EﬁJZlTXJé% > SRR

LR %R L =y - ﬁ%%
i Gl e | T

i

K126 DUF M 254544 (Jo % ,2018)
Fig. 26 The network architecture of DUF (Jo et al. ,2018)
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IRE, BR,

ZTEF, WEHR, Thx/ REFIWTED P EREARLGA

K 3D B ARA I T AU 0 BB, ATLASE
SR RSB S E AR TR A 2 15 L AR b, 23 A7
TESHR R I ARG R ), A T4 5 3D AR
AT HR SR I Bl B B R P o)z sl 45 O
BT Z—

3.2 ETGANKIEEKEET %

TEHT SCH X GAN FI3E T GAN Y6 It B o 7 ik
AT T4 SHAME R, i R DR, B
AT A A XA 5 A A e v S it i o, X A PR TE AL
WELENE , IR G B DA 3

Lucas 25 A (2019)¥ GAN [ i 9™ J2 2 L3 48
SR PRI, X PR e BIEAT TRk . BEJE AT
P FE XY R B BEAE |, 30T YA O AU
PR o Xk A AR PR 5 T 5 1 3 LA T B e
ik, F| FH Charbonnierloss ( Lai 45,2017 {08 e /MEAF
J7 122 (MSE loss) V55 22{H . 27 JB7R T VSRRes-
FeatGAN (generative adversarial networks and percep-
tual losses for video super-resolution) #Y A= i % 2% &%
o eI Rerh, Se il i 245k 22 4 BRI 2H A
(0 A R 465, SR K -5 A A B 5 U e, T 1A
ok 50 e oA AR LA

LR %*/El
o LR
mys G

PN
w | BRE
K27 VSRResFeatGAN F M 254544 (Lucas 55 ,2019)
Fig. 27  The network architecture of VSRResFeatGAN
(Lucas et al. ,2019)

JET GAN BYHR ERECHET i iR 9 B o Al LA
AL BT GAN FEAT R 23 B3R 05 T 5 R
Do TR kg S 03] i ) W AL i 2 ] ) i 2 1
MIMERE R o HAE BT 73 8 I 28 1), AR
xS L T 7 5, {Ufd H ResNet Fl DenseNet ¥E L
IR B A AT 53 B 05 R B B
3.3 ETEAMEMENIEERGEERE

RNN (Schuster f Paliwal, 1997) £l LSTM (Hoch-
reiter fil Schmidhuber, 1997) 7£ &b #1117 5L I & 3R

x9 ETFTGANWIFBEGREHET X
Table 9 GAN methods without alignment

Tk B LY ONLE S
JEAHRL x2,x3,x4

VSRResFeatGAN(Lucas %5,2019)

LR . LSTM nf A ] 45 M43 i B ook A
T SE IR RFAE (5 B PR AP R 45 ] . 5 RNN AR LE,
TP 25 F AR A B 7 A S A AL B S s B AR
P, BTG ARE T AT TR T .
ConvLSTM (Shi %% , 2015; Toderici %5 , 2016) 2 i ¥
LSTM AR AH 3R i 7 2 0 i B AR A L T S B R
15 e 51 B AR M 52 | O I O 4 b A R AR Y B
TR o T AU A SRR A ZE ST AR 43
PR, T 275 1 H AR5 F S Wi ] 3] DGR .
Graves %5 A (2005) ) FH X )+ 465 39732 42 9 2% (bidi-
rectional LSTM , B-LSTM) $2 BURFIFAR B , Z 5 fl 5 B
R 25 RRAE R ARAT 5 3 PRI . 3 TR A4 22
26 11 A AR BC 1 D7 ik i 32 R AR R R A SR
F10R

F10 ETRIHEMENIEERGREAR
Table 10 RNN methods without alignment

Fik FZE iGN
STCN(Guo F1 Chao,2017) BMC-LSTM X253,
x4,X5
BRCN(Huang%%,2018) B PHZ ML, —4E5 x2.x4
RISTN(Zhu %:,2019a) BRIET] i x4
RLSP(Fuoli%,2019) (EANEXER =Y x4
RRN (Isobe %, 2020c) BRZETHER P 4 x4
RSDN (Isobe %5 ,2020a) AWATE R EHER x4

Fisf 25 2 BRI 4% (spatio-temporal convolutional net-
work , STCN) (Guo F1 Chao, 2017) £ 5 46 F FH ConvL.-
STM B RSB 73 W A8 [ 265 2 — , W 25 S5 40 B 4] 28 I
7, Fo Y 23 )RS B A 4 2 46 BRI 2% )5 A1) PReLU
(parametric rectified linear unit) (He &% ,2015) 3 B dE
ZRAENE IV o STCN A FH S [E] A5 B Ak B 322 52 AU HS AT
ISR B o IR 7 20 D ERUZ 432
5 > BMC-LSTM (bidirectional multi-scale convolu-
tional LSTM) 15 2 B . 41 GoogleNet (Szegedy 55 ,
2015,2016) P 25l I ZA>/INEY 3 x 3 B B 4 K
TIPTS5 1 . STCN & Ty Aot
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9 5 AIE 5 A — BB A9 fa Hh RS, 225 KRR IR A
3FPANTRITREE (9 3 x 3R LS, IR J5 45 AN [F) i 1
AP P, FFAT 1 x 1A BRAS He i o W] [ 265 v
[F] i Ak LRI MR AE AR B o R AT 1 -5 1] 5
{1 i 13 4 I ] el 5 R — &, A i —
B2 2 R OB I 2 (5 B R A R
BRI

| |

s ] (N /BR

- BMC- BMC- Bl =
IrLR"i"ﬂEﬁi"{ LSTM H LSTM Ef’f; &

LR
I

]

- BMC- BMC- e
I e Z=RBER 1 [stM | | LSTM fn,

N

K28 STCN [ 445K (Guo Al Chao,2017)
Fig. 28 The network architecture of STCN(Guo and Chao,2017)

BRCN (bidirectional recurrent convolutional net-
work ) (Huang 55 , 2018 ) 22 A1 43 ¥ 32 1% S i 3 5]
LA 1 G R e i L B S DA R K 82 e A 2
P N QER AN IESITTINEE kS 1R D (61153 SN 1
€129 Bz, BRON A FH 3D w5t 0 465 i 42 A2 5
)2 | R )2 o TR TS M () A 2 D A
TEPRAS FR 28 7 42, >4 v ) 4 AR AU A T A 1) [
LT SRR AT LA 4 () 15 R T A
e,

LR */El SR
i el > I
™= B N\ B "
h e AR L
o BT B "
e Bl 4 T

l

129 BRCN A9 242544 (Huang 45, 2018)
Fig. 29  The network architecture of BRCN
(Huang et al. ,2018)

RISTN (residual invertible spatial-temporal net-
work) (Zhu % , 2019a) 5 STCN 1) ¥ 4% 45 14 3 & A
fl, RISTN7E STCN JEfh 4544 I, Fm s s A 1
B 22 P 25 0 BE I 45 1 Re e . B 30 Tz, RISTN
FIHZ 70278 RGB il 38 144 8 % S2 Wi (4 ) 4 4%
TR o Bt gk 2 T 33 Hers AR AR 18] 70 Sk 19
gr o PRI R AE KO AT 220t Z2 IR R A — AL LA
I ReLU (rectified linear unit) PREUS , & FFAE M B 7]
PR A il A . RISTN 7E X J] Conv-LSTM (14 £
L 855 R 2 W 4% R A R 2% B2 1T T RDC-LSTM
(residual desnse convolution LSTM) . B[R] {9 2% 35 43
1 Z2 > RDC-LSTM 41, AT LA S 4 4l £7 BRI i
H AR E] i i P0G &R L JF BAFSE A S iy 1 —Fh
BRI Rl B O 9 R AR R R R AR I, LA PR UE
AR Y o

%
itk "’
EWES || g o
J(L)R) FIHFTML
e
[Fva

s
ATk

AEAREIT

@ [ @R
s
ATk

K130 RISTN (1 M2 4544 (Zhu 55 ,2019a)
Fig. 30  The network architecture of RISTN (Zhu et al. ,2019a)

RLSP (recurrent latent space propagation) (Fuoli
55,2019 ) A AR 32 A4 BUAY Al 01 | () o i 25
3T SRA A 14— i 2 R i S R T — UK
A B AR R AT IR PR RSURCIR S B A DUA 20
Bt OM T 05 8, . A l&] 31 B, RLSP 1) 9 2% 45
HRRAE , AT Z MYz ST 5 18 S bR, 2

i, 5R G E 15111 FRVSR (Sajjadi
45,2018) FIAE WL B A5 UE I A% 19 DUF (Jo 45,2018 ) #H
FE, RLSP 4350 S B0 1 29 1045 F11 70 435 A sk, [] Bk
Vidd Ftln g AR TARRIRORS B .

Isobe %5 A (2020c¢ ) £1 %} RLSP BEAT T 19 f5 2o gk
SCELE AU AR T LR T . D) AniE 32 R
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LRE,

BE, ETEF, NWRHP, Tdn/ REFIWNES PERARLGIR

b

LR
L

bSRAE iy

o ERAE I

\

- bRAE I

i

LR
L

31 RLSP 252544 (Fuoli % ,2019)
Fig. 31  The network architecture of RLSP(Fuoli et al. ,2019)

PN JE ST AN 2 34> 2 TR A B R0 | U
WD AR 2T 2)EREUR TR A Tk 2= L
WD BT R 52 . MAT(mobile AT)2021 SZH 41
R o3 R PR B L Liu %A (2021) 7 RNN il
| F F} NAS (neural architecture search) (Kim 5§ ,
2019a) HEATIZALAL , 317 T PR RS 244 ¢

~
RRN .
A WATE R *®
RRN .
I} RIZATE oREE o
RRN .
I T FoREE I}

132 RRN Y R4 454 (Tsobe 55, 2020¢ )
Fig. 32 The network architecture of RRN (Isobe et al. ,2020c)

Isobe %5 A (2020a) #2 i A9 RSDN (recurrent
structure-detail network ) ¥ 047 T 53 A 4115 5853 (1) =5
I B RN EE AR P 20 AR B, L 33K T 788 70 Bl 20 i)
% 2 FH 2425 ¥ — 41 15 Bt (structure-detail block ) 2H
R PGSR BT IR R H BT T BSURTIR 2508 i
iR (hidden state adaptation) , FUF Y AT A BB
fdi FH2R A BROBCHR S 15 B L LSS 30 S 4 1) P R B
A R AR o ARG 28 10 2 1 e o i A3

5 B0 Ak B T LA 6 LS F R 4T Y A 45
[t ) B A A

Yi & A (2021) #% 31 # OVSR (omniscient video
super-resolution ) 7 {if ¥ I 4% 1% SEL it b i 47 JE % | if
— &I T —F 2 88 (omniscient) fEZE . OVSR 5

RLSP %5 J7 VA AR A] A 45 B AR i i) % 25 3 Ve A i
A IR T BT — WU 53 B 51 (E R[] s )
1Y R — W S FERA R, AEX P T
WA T BT, VR T PENL (Bl A HESE R 34~
3 SN RUATR 8 9 25 [E] AH DG I A DG P R AT 58
PR . OVSRAEPERE I R R B A5 EDVR 7E
MYAR Z2 MG IC T 7 1%, B T AR R e o J5 1 AT LA
TS B 4 2R RN AR i o e ) A

A Bl 22 19 28 T A5 43 ) P i ) B4 L L %
PRARE ) B P A5 JE AT A, LA ST 30AG A4 %) P A1
HE . HETHE TR 2 28 B S8 AR
i R A N T T s sl s s AME
JrEMEET 3D BRI L. OVSRIEM T IEF M2
O 248 FE AL A 3 B 3 TR ) PR A PR b T A B 22 3
S R RO N 4%, 5 ATE G 3 1Y TR Rl L
il S B R UAAURE 3 BERRICR
3.4 ETF non-local HJIEE G EL# 75 i%

Wang 5 A (2018b) #2 11 i non-local Net 7E1R K
TR AR EE T AL e S ) 2 e o e AL
AE SR ER LR (non-local block ) P LAFR %5 &) Hhi fill A 21/ 81
A TR BE R 2 0 2 v A R Ab BRI 25 A DG MR R o
PRI, T figp A I 2 48 J32 1% () R, ) A A 53 28 | H B
R 5 438 2 Ak TS 55 I, non-local HRRET K
EMRCR .

A Jr B AR B = A X 4K A AH OC M (Tong-range
dependence, LRD) [A] B #F 171 1o 4 # AS T
FRAE, B2 B A 252 B B R/ BR ], AR
DI 2 P R, (B AEAR R AT O[], AT LA
A SRy AR R R B AH DG . BLAC

1 <
= — x,.x.)g(x 14
9= iy 2 (e () (14)

2, o R A (R AN SCARSE) |y KR
KNG x FH IR B S b o @A 7 B R 51, 2T
AFREALE IR T BRE () DRI — A Fon
A Z (B R G Z bR S f51) 40 v 20 R R L T R B
S o M g () o b B A RS sR AL, C (x) T TR
ilo

TERRATUER 73 BT 58 T, o 275 SR 2 [1]
Bz 8% AR o non-local 1] AT HARMWURRE 5 P A
AASR MR (5] A DGR . E AR5 i A 67
i I PR RN e ST D B 7 ST g DS PO B
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Sy e AT A B . PR, non-local 5 1E Mz it 5
1z B T 2 AR, 3 T AR B A B AT B T non-
local [ LA 73 9 R S 0L HRARAT 0 25 B, 2 L5
5 AL 4% PENL Al MuCAN , H 32 2 AR FIOR A% 42
KPR,

#11 ETF non-local BIEEGBELE %

Table 11 The non-local methods without alignment
Tk FE A TR AR

PFNL(Yi%¥,2019) non-local x4

MuCAN(Li 5§,2020)  dt[E] AR , ot AR (DL x4

Yi 55 N (2019) 4 Hi 0% 7 2 Fi G IE Jm 5 R 2%
(progressive fusion non-local , PFNL) J& ¢ Se i AR &
TR %% 22 Bt (non-local residual block , NLRB) 3 &b FH 4
WA I 28 A DGR T VA 22— NI 33 FTos i R 2%
B 22 3 NLRB &b B B4 57 AE P A 5 2F il 45 A B
(progress fusion resblock , PFRB) #E4T4FfiEfl & o B
56, PFRB 73 5l S B SE M A R 18], LUK IS B
YA AN LK =S 5 R TF e T G B A 3R
FHE G B 2R E . SR 8 AR AR 18 5 4% A
TSz Y 23 ) E BB — B AT B, IR B m 4
SRUGHEFR 22 25 B AR IE TS N2 g A itz vh o S IE
B NLRB AT LAFE 23 A1 FHARARARIE 5 H FRifg = 9
SRR DG, I3 5 BT 5 B R A0 . A T B sk
it 538 shAMEIY J5 % PENL AN T LA A1 1) 63 )
2R B RS B2 2] [ 2%, TT LLYD [ 2% b i) 28, O
HANTT EAA 52K pR A

oREE
|
H bt
(LR)
|—’ non-local | |#mdFEn& ke | & H bt

T ERsE || BRER [Tk ] (HR)

|—> A

Bl
(LR)

133 PFNL 45451 (Yi%5,2019)
Fig. 33 The network architecture of PFNL(Yi et al. ,2019)

non-local M4 JRpfili 325 4 ik A9 AR S, T B3
Wt Ia] AN A AEAR ZARUAE B . 6T, MuCAN
(multi-correspondence aggregation network) (Li &5 |

2020) B TP RO, USE S AT A 2 AR B

7> A E AR, I ) 22 K0 S A 4R iU B (tempo-
ral multi-correspondence aggregation module, TM-
CAM) B 5 H br il 5 A0 &1 T LA B AR 53 HF 28 i 1
SRIG T S B R ) RE AL, 78 ) 5 18 B AR BL Y
ZARHIESRE IR E R SR G 71, BIE AR
AL A A, LS AN ) 9 3R A A0 B A TR S
— AR . AR IR T AR RGO B 40y
FSRAESE AT LAMCHL I 40 30 3R 5 i e R AE . 22X
FRUBE AE Jmy 5 A ¢ P 4B B BE B (cross scale nonlocal
correspondence aggregation module , CN-CAM ) #4 & 4
k471 , IR 2023 (] R AT A AR RLRFAIE , OF
FHT BRI AL R B R AE AR B o IR ) 45
REOS #4715 B 22 405, ik — 20 14 ol o A 000 ) Jo
TEVN RIS, MuCAN fif 3 2 R 45 2% LA sk 6y A 4
PRI S, I BERA PR AR T M (9 S0

& 48 1 non-local block 115 A E & & , M B 77
AL & e RSB B, —LEIL T %
P VHE 14 77 ¥ X non-local HEAT U , I 4 HH BT 51 A9 5
B 40 HT A 4319 DNLN Fl1 VESR-Net. Chen 55 A
(2020) it T —Fh AR 2 70 B AF Jm) F A B (seperate
non-local) FY 2544 . Seperate non-local i, 7 3 Fli 25 7Y
URE= WAL B2 A5 711K 707 N [ Keed T il N N N T BB
IS [ ] 1) 204 22 T FRARLABLE | B85 i A R 030 ot 5
BERERIFHGIA BRI, DU S S 50
LA T A . VESR-Net A DATE 9 4% 42 55 671 0 AH XF
BRSO T B RR RO PERE . 7E 2020 AEO0 T L
PPk FE T, VESR-Net HE 4455 1.

HT non-local I I MU 73 2 F R B T
BFEBCR, 5 M IR i3 T s sl s shAb
P ALATRE 73 ¥ % 07 75 AH L, non-local 75 2 45 & 1
A AL B A D T A8 R AR I #e, (B SR AR b
[F] P A 5 2 A R AT Py 345 6777 7 B, ELZE AL
OIPERAL S5, YT A B RSB, BA R
Sr PRSI . A SR A B SR TR
HRFAEAE 2 | 0 BE Je 1 18 B $ m i i /oK o
I, anaf Xt non-local 455 5 51 47 kb 43 10 A1 A 2 A0
R 39 256 R DG R Py i OXE A
3.5 AFEGREEFERNG

AN A5 4 A RS 3 7 YR A I TR] 250
R B R A S, 28 I 2% AT UAH BLRS A M2 )
Fe 50 PG 23 45 2 A Hy T IR R AT 0050 ot 114 T
i, — 2Lk HARmr P BT AR IE L 22 SRlG 7]
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IRE, BR,

ZTEF, WEHR, Thx/ REFIWTED P EREARLGA

AEHE A TR A SO AN R A1 . A SR RS IX
S B AT 2 S B8R 4527 ) BOMERE i e R, RT
P | A R R T T S L, B TR A B
TRl SRR SRR B bR WURRAE S, DL BeE
Z MRS BIRCR .

4 LIRS

F 2015 4F Liao %5 A (2015 ) B W32 BOR B R F
o7 FF 380 TR A58 43 B S 4088 AR, IR B 2 ) (A
W o BER AR 2 R SS , 4E EDVR (Wang 5%,
2019b) . VESPCN (Caballero %5, 2017) . TDAN (Tian
45 2020) A VESR-Net (Chen 2 ,2020) %, A< e LA
PRIEB B2 M4 | = A BT M4 GG T
2 W2 A LR N 45 L R Al 190 245 A5 7R kg FEE Al
P A AR 3 BT TR AT T A8l . AR E A
o N IO S, X638 40 I 28 5 R A 4 A5 Tl K TR

*F12

T F 9 PSNR (/dB)/SSIM {H #E 47 L #5 o i i 4
4 5% F K #£ J7 1% BI (bicubic) F1 BD (blur downsam-
pling) B UL 23 HE R A3 51, 284745 78 f 3000 3 A
LA o S0 R VR X S VAR fr 0 3 A Sk
VNGESESE O

FN2—FR 14 R T 2R 2 BT 53 9 5 )
2% 1¢ REDS ., Vimeo-90K-T, Vid4 F1 UDM10 %5 4 /4> &
FHECYEAE |/ PSNR/SSIM H . 36 15 Xf — 86 it R I
VLR FH D3 4 ol FH A B0 /N P BRSO R 3 3 i
HEAT T RE . 3R 16 /R T 45 2 SLALATURE 3 %
LR INAEIT A R R AT ) . 38 17 I E) R 4%
P26 X 180 x 32015 2 ARG BERMUHEST 4 F5 4 53 HF
A 720 x1 280 158 Z 19 = 70 HERITAE SR RS I] .
T3P 1 R TF VR B 32 BLEF X 16 47588 40 PR gt
AT FTME DL s, R b sl 38 40 i«
XS ) A AR SO R R AT T A H g
I3

HEF R ML IEE 7 REDS. Vimeo-90K-T. Vid4 F1 UDM10 Uit £ F x4 {Z R EHLER

Table 12 Results of the optical flow-based methods on REDS, Vimeo-90K-T, Vid4 and UDM10 with scale factor x4

Tk

PSNR(/dB)/SSIM

REDS(BI)

Vimeo-90K-T
(BI)

Vid4(BI)

UDM10(BD)

Vimeo-90K-T
(BD)

Vid4(BD)

Bicubic(Dong %5 ,2016)
VSRnet(Kappeler%,2016)
VESPCN( Caballero %5 ,2017)
MMCNN(Wang%5,2019¢)
DRVSR(Tao %:,2017)
MultiBoot( Kalarot 1 Porikli, 2019)
SOFVSR(Wang%,2018a)
MEMC-Net(Bao %§,2019h)
TecoGAN(Chu%,2020)
RRCN(Li %#,2019a)
TOFlow(Xue %%,2019)
FRVSR(Sajjadi %,2018)
RBPN (Haris %%,2019)
BasicVSR(Chan % ,2021a)
IconVSR(Chan %% ,2021a)

VSR Transformer(Cao 45 ,2021)
BasicVSR++(Chan%,2021b)

26.14/0.729 2

31.00/0.882 2
27.98/0.799 0
30.09/0.859 0
31.42/0.890 9
31.67/0.894 8
31.19/0.881 5
32.39/0.906 9

31.32/0.868 4
32.43/0.889 3
33.55/0.907 1

34.89/0.923 4
33.47/0.947 0

33.08/0.905 4
37.07/0.943 5
37.18/0.945 0
37.47/0.947 6
37.71/0.949 4
37.79/0.950 0

23.78/0.634 7 28.47/0.8253 31.30/0.868 7 21.80/0.524 6

24.37/0.679 3
25.35/0.730 9
26.28/0.784 4
25.88/0.775 2
26.01/0.771 0

25.86/0.759 1
25.89/0.765 1
27.12/0.818 0
27.24/0.825 1
27.39/0.827 9
27.36/0.825 8
27.79/0.840 0

36.26/0.943 8
37.09/0.952 2
38.66/0.959 6
39.96/0.969 4
40.03/0.969 4

40.72/0.972 2

34.62/0.921 2
35.64/0.931 9
37.20/0.945 8
37.53/0.949 8
37.84/0.952 4

38.21/0.955 0

25.57/0.757 2
26.69/0.810 3
27.96/0.855 3
28.04/0.857 0

29.04/0.875 3

T =R 2T A AR TT YRR A AR XS I Y 5 4R 11 25
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R13 ETFTUETHRERHMELEELE REDS, Vimeo-90K-T.Vid4 1 UDM10 K &£ E x4 (ZREHER
Table 13 Results of the deformable convolution methods on REDS, Vimeo-90K-T, Vid4 and UDM10 with scale factor x4

PSNR(/dB)/SSIM

Tk
REDS(BI)

Vimeo-90K-T(BI)

Vid4(BI)

UDM10(BD) Vimeo-90K-T(BD) Vid4(BD)

Bicubic(Dong % ,2016b) 26.14/0.729 2
TDAN(Tian%¥,2020) -
D3Dnet( Ying &5 2020) -
EDVR-M(Wang%%,2019b) 30.53/0.869 9
DNLN(Wang%"?,2019a) -
EDVR(Wang%#,2019b) 31.09/0.880 0
BasicVSR++(Chan %5,2021b)  32.39/0.906 9

31.32/0.868 4
35.34/0.930 8
35.65/0.933 5
37.09/0.944 6
37.38/0.947 3
37.61/0.948 9
37.79/0.950 0

23.78/0.634 7 28.47/0.825 3

26.24/0.779 0
26.52/0.799 0

27.10/0.818 6 39.40/0.966 3

27.29/0.824 7

27.35/0.826 4 39.89/0.968 6
27.79/0.840 0 40.72/0.972 2

31.30/0.868 7

37.33/0.948 4
37.81/0.952 3
38.21/0.955 0

21.80/0.524 6

27.45/0.840 6
27.85/0.850 3
29.04/0.875 3

T - =" IR T A AT PR ST 13 (4 2 A 11

F14  JEERE A M 4T REDS, Vimeo-90K-T. Vid4 71 UDM10 Uit 85 Ex4 S REHLER
Table 14 Results of the super-resolution methods without alignment on REDS, Vimeo-90K-T,
Vid4 and UDM10 with scale factor x4

PSNR(/dB)/SSIM

REDS(BI)

Vimeo-90K-T

(BI)

Vid4(BI)

UDM10(BD)

Vimeo-90K-T
(BD)

Vid4(BD)

Bicubic(Dong %,2016b)
3DSRnet(Kim %5,2019b) -
VSRResFeatGAN(Lucas %:,2019) -
FRVSR (Sajjadi %5,2018) -
DUF(Jo%,2018)
PFNL(Yi%#,2019)
MuCAN(Li%§,2020)

26.14/0.729 2

28.63/0.825 1
29.63/0.850 2
30.88/0.875 0

31.32/0.868 4

36.14/0.936 3
37.32/0.946 5

23.78/0.634 7
25.71/0.758 8
25.51/0.753 0

26.73/0.802 9

28.47/0.825 3

37.09/0.952 2
38.48/0.960 5
38.74/0.962 7

31.30/0.868 7

35.64/0.931 9
36.87/0.944 7

21.80/0.524 6

26.69/0.810 3
27.38/0.832 9
27.16/0.835 5

RLSP(Fuoli %,2019) - - - 38.48/0.960 6  36.49/0.9403 27.48/0.838 8
RISTN(Zhu % ,2019a) - - 26.13/0.79 2 - - -

RSDN (Isobe %, 2020a) - - - 39.35/0.965 3 37.23/0.9471 27.92/0.850 5
RRN (Isobe 55 ,2020¢) - - - 38.96/0.964 4 - 27.69/0.848 8
OVSR-S(Yi%,2021) - - - 39.37/0.967 3 - 27.99/0.859 9

OVSR-L(Yi%,2021) -

40.14/0.971 3

37.63/0.950 3

28.41/0.872 4

T - =" RN T A AR T PR SR AE AR T 10 (4 20 A 11

F15 MERBEFENNE LERER

Table 15 Comparision results of the video super-resolution methods on rare datasets

ik 4 TRAETF HORAE# PSNR/AB - SSIM peES il
TecoGAN(Chu%§,2020) ToS Blur Downsampling x4 32.75 - GAN , it B o
STARnet(Haris ¢,2020) Middlebury Bicubic x4 27.16  0.8270 A AR A R IC I
RVSR(Liu%:,2017) UVGD Bicubic x4 39.71 - WA DGR B
FSTRN(Li%,2019b) TDTFF Blur Downsampling x4 29.95  0.8700 3D FHFH, AL EUR A ME
BRCN(Huang%,2018) TDTFF Blur Downsampling x4 28.20  0.7739 fEAER, ARG ME
STCN(Guo Fl Chao,2017) Hollywood2 Blur Downsampling x4 3458 0.9259 fEABR, LR HE
VESR-Net(Chen%%,2020)  YouKu VESR-T  Blur Downsampling x16 35.97 - A AR B AR BE A
DKSAN(Xu%§,2020) IntVID Blur Downsampling x16 31.43 - A AR A AL 1

T =" R A AR TT R EORTEAR XS I 4 K 4R 11 25
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Table 16 Frames, parameters, running time, dataset, experimental platform and loss function of each method

28

iBFTIY

i b PR AL M /s I ZrdE ST 5% R
Bicubic(Dong%%,2016b) 1 N/A  N/A N/A N/A N/A
VESPCN(Caballero %% ,2017) 3 0.88 - CDVL - MSE loss+MC loss
3DSRnet(Kim %% ,2019b) 5 - - largeSet Titan X GPU MSE loss
VSRResFeatGAN (Lucas % ,2019) 5 - - Myanmar Titan X GPU Cig‘j:;f::; 11‘:; "
MMCNN(Wang %,2019¢) 7 10.5 - HD documentaries 1080Ti GPU MSE loss+MC loss
DRVSR(Tao%,2017) 3 6.6 - SPMC Titan X GPU MSE loss+MC loss
MultiBoot ( Kalarot #1 Porikli, 2019) 7 60 200 REDS Titan X GPU Huber loss
SOFVSR(Wang %,2018a) 3 1.64 250 CDVL 970 GPU MSE loss+MC loss
RTVSR(Bare 4 ,2019) 3 15 - monicinc - MSE loss
MEMC-Net(Bao %,2019) 3 672 640 Vimeo-90K Titan X GPU Charbonnier loss
TOFlow(Xue %,2019) 7 141 1610 Vimeo-90K Titan X GPU L1 loss
FRVSR (Sajjadi %,2018) recurrent(2) 5.1 137 vimeo.com - MSE loss+MC loss
DUF (Jo%#,2018) 7 58 974 Internet 1080Ti GPU Huber loss
TecoGAN(Chu%,2020) 7 3 - SPMC Titan X GPU Ping-Pong loss
RBPN (Haris %% ,2019) 7 122 1507 Vimeo-90K Titan X GPU L1 loss
TDAN(Tian % ,2020) 5 1.97 - Vimeo-90K - L1 loss
D3Dnet( Ying %5 ,2020) 7 2.58 - Vimeo-90K 2080Ti GPU MSE loss
EDVR-M(Wang%%,2019b) 7 3.3 118 Vimeo-90K+REDS Titan X GPU Charbonnier loss
EDVR(Wang%:,2019b) 7 206 378  Vimeo-90K+REDS Titan X GPU Charbonnier loss
PFNL(Yi%,2019) 7 3 295 MM522 Titan X GPU Charbonnier loss
MuCAN(Li%§,2020) 7 - - Vimeo90K Titan X GPU Edge-aware loss
TGA (Isobe % ,2020b) 7 5.8 375 Vimeo90K Tesla V100 GPU L1 loss
RLSP(Fuoli%,2019) recurrent(3) 4.2 49 Vimeo90K Titan X GPU MSE loss
RSDN (Isobe % ,2020a) recurrent(2) 6.2 94 Vimeo-90K Tesla V100 GPU  Charbonnier loss
RRN (Isobe %5 ,2020¢) recurrent(2) 3.4 45 Vimeo-90K Titan X GPU L1 loss
VESR-Net(Chen %,2020) 7 1596 - YouKu VESR 1080Ti GPU -
DKSAN(Xu%,2020) 7 29.5 - Vid3oC Titan X GPU Charbonnier loss
VSR Transformer(Cao % ,2021) 7 43.8 - Vimeo-90K+REDS Titan X GPU Charbonnier loss
OVSR-S(Yi%:,2021) recurrent(3) 1.9 254 MM522 1080Ti GPU Charbonnier loss
OVSR-L(Yi%:,2021) recurrent(3) 7.1 81.2 MM522 1080Ti GPU Charbonnier loss
BasicVSR(Chan 4§ ,2021a) recurrent(3) 6.3 63 Vimeo-90K+REDS ~ Tesla V100 GPU  Charbonnier loss
IconVSR(Chan4§,2021a) recurrent(3) 8.7 70 Vimeo-90K+REDS ~ Tesla V100 GPU  Charbonnier loss
BasicVSR++(Chan %§,2021b) recurrent(5) 7.3 77 Vimeo-90K+REDS  Tesla V100 GPU  Charbonnier loss

TE =" FRIZTT AR AT PR SR 2 A1 A O 8
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4.1 ETHERBRMEITHEEFT EZR ST

A T3 T B BUZASG T Y 28 i RS I oy 7 5%
/b AV 9 &5 MEMC-Net (Kalarot 1 Porikli, 2019) #il
RTVSR (Bare % ,2019) i #f, H MEMC-Net J& T 3& T
S G P T, B R BB XS b fE R 12k
51)2¢ T MEMC-Net 1) 3£ 5 45 5 . RTVSR 7£ Bicubic
T oRAER) Vid4 | PSNR/SSIM il i 45 5 4 26. 36 dB/
0. 79, MEMC-Net (24 =ik 67. 2 M, EEH 720 x 118
2 280 LA i BT 2 75 B 640 ms. 7E Vimeo-90K |-,
MEMC-Net {45 AR 33. 47 dB /0. 947 0, %R
5 T ZHE /D T B EDVR (Wang 25 ,2019b) F
BasicVSR (Chan 5% ,2021a) &5 W 4% . L F & AY
VT B LA E o B2 U 5 25, A2 S5 DR %%
SR i FH 3L T B B T Y MG BC e T ik A T 00
AT HERBIFSE .

4.2 ETFHRMEETELEST

BT OGU AR oy BRI e e %, Horh
FeTH G R E B TR A R R R A o 5]
I BIF A I e — AR, (HAR A v T BT RAE
(a2 e Wi vl N rst iy i) ¥ I ipuy
(I4EH o TOFlow (Xue %5 ,2019) 7£ REDS il Vid4 I
HUS T R BE , 221 Vimeo9OK B #5544 11l 45
EA WA . Vimeo9OK 8 g H Al 1847 48 43 3%
RNk R ) A S . TR
&R E I L HE Dy I BB WA IR 7R 45 25 A 1T
FAARCRE L. HT GAN B9 7 1 TecoGAN
(Chu%§,2020) 7E Vid4 _E IS, PSNR/SSIM $5 45 A7
25.57 dB/0. 757 2 , FURAR M E HAE R B/ tOF
FHLP I a4 i80S EDVR A BT, 3X
PR TG4 A B BB R Rt 1] 3% DM . Xt ik B L
GAN 1 5 15 7 L S P03 8 43 9 3 U E AL 000 43
R B BRI .

FEE T PP 2 PN 6% 19 Y U T T 7 vk R S R
A9 77 35 RRCN (Li 45, 2019a) 19 5 & AU A E,
ATy 2 7 PG 2 T C 7 R IS ot , K T S %) A 408 g
55 H bR WUV R 06 R I 25 B f A . RBPN KOG A5
BRI S AR IE R A FERRAE G Ak 3 2 Fef
A2, A B D) 45 1%y Bt AR FH B 485 T 8% o 4 5
e H AR, JRAF T — 2 M. {3 RBPN 9S4k
O 12,2 M, HO 55 J% 2T R 1 iz B 67 4 TR
DI AZ B HE 720 x 1 28018 R AT ZE 1. 507 ms.

IR R AR R B A A Y 2o R A Y

SRR ME DL R AR IR 2 45 (3. i %L Chan
1 BA 1) Basic VSR (Chan %, 2021a) HUfS T #0451 8 43
RSB F R0 . BasicVSR B S B AL N
6.3 M, 7E REDS ., Vimeo-90K-T . Vid4 F1 UDM10 %
£ HR ORI B T PSNR/SSIM 1y Ji & 43 B, E T
BasicVSR 2% i# Y IconVSR (Chan Z£ , 2021a) Hil
BasicVSR++ (Chan % ,2021b) # 3k — 2 JR B T A 4%
P 3 3B AT 2 ) ' T T T — B2 1) B
HVRFE 32 F G A4 28 0 265 Kb BTG 2 R AT 7 571
— UM T R R AR, SR D
MR AR g T ELX FP 5 Wb 1 28 T iR
TR BT S0 o PEER 2 4 SOk A ZE A Y
75 2 Al BB W1 Basic VSR 11 45 5 —FE ik R SR AR 2 1
FEMFEIE

JE F Transformer 1 W0 50 43 R W 2% (LA
VSR Transformer(Cao %5, 2021) , 7k KD, To kAW
Transformer Xf 1% AT 55 /& 15 5%¢ & 1E Bt . A #R VSR
Transformer 7E M4 & L 3k 1R 2 T4 77 kK i, 250
TEAMERH EDVR, 7E Vimeo90K |- Bicubic | SRAEE A
K 4% J: PSNR/SSIM ff & 37. 71 dB/0. 949 4, W& Ik T
BasicVSR++, {H i 22 7 e 12 B KRBT E 1 fis
B, S8 55 43. 8 M, 5 VSR Transformer 7E
PERE L AHZE AR Z 1 IE TR LN LS 19 07 I E S5
iw A REZEN, {H Transformer AT E 29 UEH 8
AR B 1t b BRAL AT 4 PP 545 B8 (0 SO ), M
RS BEI /D AT EE 0 BER Transformer TR B 205,
a7 AN S HOIAR [ JE L Transformer (TP REHE 3
4.3 ETAITRERNIAERELZLSH

NTIRE 2019 #4152 4 4~ 4€ 18 5 42 EDVR I
NTIRE 2021 fA % 52 = 56— W f4 J5 %€ BasicVSR++
HB I I T ] AR A B MR EC T J7 i i kB 1 ]
AR T 25 FRAE AR 43 B3 S A e . 2018 48,
TDAN fe S fifi AT AR TE A& R, 76 BL R RAEY Vidd 1
PSNR/SSIM {15 F 26. 24 dB/0. 779 0 YRR , 241} If:
KT . HEDVR ik LIS, vl B &
TE AL RS 43 540080 ) 15 P IR ATl K . EDVR
(S50 20. 6 M, 5 2Z 0010 7 A U AR ek, HL
82 B AR R R AN, AT T B B A I R — L ME LA
WS, T B R B R IR AR 2 (H sk S 8 B RH 1 mT
G AR R 25 KPR R FE 008 5k . 17 16 4%
PN R 434 55 B, T AR T RO St &4 T 58 A
. VESR-Net 3548 T YouKu 2020 #1451 i 43 4k ik 78
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IRE, BR,

EEF, NEB, Thn/ REFIWFRBL PEFRARER

T4, 7E YouKu VESR-TdAE - PSNRi5%35. 97 dB.
DKSAN 345 T AIM 2020 #1575 48 43 8 2R Bk % € 14 31
ZE AE ImtVID B¥i 45 | PSNR 15 % 31. 43 dB. iz
non-local F&EL AT AR T 5 B 5 AR B Sk FE il i #E 43
3 AR TR R ok i 2 | R AT ) I L B A F
PRk, (HEMAFEENE, S E AR R TR
BELIE 7 AR R e B S 3 B B 0

BT ] 25 B A B Basic VSR++7E 7. 3 M AYZSHL
HNSHLT A EESOR 2B T R R
M T SOTA (state-of-the-art model) Y 4 FE -
BasicVSR++7E UDM 10 #5451 #Y PSNR 247 40. 72 dB,
TE Vid4 b SCEE 26. 24 dB BIRICR . AT AR B B BRIk
() R 5 R AR B T R R o AN ST, 5 H A
J5 A L , Basic VSR++ 8 fie KA 3 A6 i 48 5 1 mT
BIBR, AR B SRS A w0y e
T WAL & ) G R ] DAL R G I 5k 22
., T R A

A AR 5 U I F5 o 20 R o] DL E— 2P ek
b, G0 F FH 22 48 B 1 23 TR B R RIRSZ B, sl
R MR TR AL A ERPE . Aok, AR
FRAEAA 7 B hid A BRI RE
4.4 JEEGREEFTEZBSH

MEMC-Net (Bao 4% , 2019) . EDVR (Wang A
2019b) #1 VESR-Net (Chen %5, 2020 ) 25 #5518 73 2
) £ A0 1 A A1 Y G B ERE B R )
5 F R R BC 5 A L R RS B oy e KAy
RS Hm > s T R, REAE I L S 1

AR SCRE AR G C HERRATTER 73 B3 7 ok 4 R ) 2%
5K Gy R ARh . ERe S L R i AR A S RLSP
(Fuoli % , 2019) . RRN (Isobe % , 2020¢) fll RSDN
(Isobe %5 , 2020a) 55 3L 1 F5 #i 28 ) 4% 1) B4 i
HEH k. FE oy BE E A [, RLSP A1 RRN ¥
26 T 720 x 1 280 5 2 WU T 11 1152 43 314 49 ms
F145 ms, OVSR % 5 Z WA (19 5 2 FE 0 25. 4 ms,
TR R RAER) UDMI0 1 Vidd Bidli 4 Biks| T
3V PEIAG C VAR 4 5 5 1k i) e A PR BB L 7E Vid4
F- % PSNR/SSIM k1 27. 99 dB/0. 859 9, #iit T EDVR
1 Basic VSR 45 1 R O B % 56 T A% 0 o ) A0 3508
Sy HERITIE . OVSR MY B FARAS T 2B 4
KEN T 5 BasicVSR++AHIT M RE . X iEB] T AE
QL HERR AR 73 BER 07 1 v 7 o

HTF 3D H RN AE R FL i Ty 520 S kR
B 19 735 8 DUF (Jo %5, 2018) , Hife UDM10 %445
£ |- ) PSNR/SSIM # 38. 48 dB/0. 960 5, 5 S &
/NEY RLSP JL-F-—#F , {H 3 B 41 RLSP 12 T 70 4%,
T2 974 ms. DUF 75 ZAG TR0 B s & B
¥, 9t A T K 3D B TR e L, e Ak
PR R A TS % 8 A7 5 SR AR . T 3D B
FFE EUS BCHE ik e K& T HBE i, 3D B
T2 il A 22 WUARR AU o 0 DL K 381 35 1 MR T v O 1k 1
PERE

HT GAN WY AE MR L E 772 VSRRes- FeatGAN
(Lucas %5 ,2019) PR RE 4 25 . WAy SCArk , 56 F
GAN [R50 48 43 H R I 45 (52 A R R, B IR Z
TrZET LL22iR . non-local b B L IidRfE 2 —Fpi 3
S PENL F MuCAN #B J& 38 7 A Af 19 1% fig , 15
PENL S50 A 3.0 M, FE 8 720 x 1 28018 XM
ST A BR8] 2075 2 295 ms, S8R A 22 A Z AL T
8 A 22 190 4% 1) Al PR L 1 7 32 RRN AR TS 45 ms,
T A BRI RIS FCAE DT i EDVR-M S50 1k
3.3 M, {HEH 720 x 1 280 15 2 W4 Wiz 17 1) 7]
WALFE 118 ms. non-local T35 5 ZR X L)L Z A0,
R 1 BE G 4 T A 8 35 B, 1 SCA 4R YouKu
2020 FAT 8 43Pk ik 28 7 4% VESR-Net thJ2 7E 1] 25 &
LB EEAE I T non-local i . non-local 5 [&]
G HEAR LS & B 7 1k He B8 H non-local 1] fiE BT &
FH T LA 3 HE AT 55

BT EMRECHE ) 7k 5 S AR MR BC R 19 T ik
IEEIFAT R R . AEEURECHER T kA B ie 0 5
it BN s B KRR M 4% 3D BT
2 2t R T i ] 22 S S PR F A . 2020 4F 48
LAY RRN . RSDN | RLSP #if i B 7 52 i J gt o o
i B BER A g FEIER B, anfar e
D Wb B o o A T e b R I 2 AR B R SR
] JEF MR ECE By ik B 2 7E X2, X3, x4 [ R
T EFom il T RAFRIHERE , 2020 4F Y IR AES 53 3
PRI FEARRE B OS] 16 50 4 b, B APk K 3§
H 24 BT 8 (A 53 B3R 5 IR R AT AR T8 4
R JEF R BCHE D7 v o TR B RBOR A 7 1 Bk
A5, AT AR BT A AR R R R T MR L
P AT o AT A A 5 A A R i
T Sy ML AR o A A RS B HE 9 S T TS
J& 2 AR T AT
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5 REWERSHEK
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5.1 MKINERMEK

R T RE SR G R RS E A ORI A WY
YT, 4015 SR Sy v o SRR A AR 2 [
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GAN [ 0451 68 3 3 23 1) 2%l FH 1k 2 48 s A £ U -
NG, AT SERAT Y B A SR ARG B AEFR bR L
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TR iR 22, HFERIAFE ) . R PR e bR i A
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M, Liu %8 N (2021) i ] NAS (Kim 45, 2019a) 3 B
FEE S EON SR I M g 250, F— 251k
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M55 2 4 . 1E CVPR 2021 1, Xiao % A (2021) 3T
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5.2 BESHERNMNER
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