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Abstract Video super-resolution (VSR) is an essential research realm within low-level vision tasks. It aims to reconstruct

high-resolution video with realistic details and coherent content by utilizing intra-frame and inter-frame information of low-

resolution video, which positively impacts the performance of downstream tasks and the improvement of user’s perception

experience. In recent years, VSR base on deep learning has emerged abundantly. These methods have continuously

exploited and broken through from perspective such as inter-frame alignment and information propagation. On the basis

of briefly describing the task of VSR, the existing public data sets and related algorithms are combed. Subsequently, the

focus shifts to the innovative work progress of deep-learning-based VSR. Finally, the challenges and future development

trends of VSR algorithms are outlined.
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��X�ÝÆSEâ3ã�?n+��¤õA

^ [7–8], Äu�ÝÆS�Àª�©EÇ­ï�{�×

�uÐ. �Ãur����5ÆSUå, Äu�ÝÆ

S� VSR �{�±k�J�ÚKÜÀª¥���

&E, ¼�
`uDÚ VSR�{�­ï�J. Äu

�ÝÆS� VSR�{Ì��)éà!KÜÚ­ïn

�Ü©. Ù¥, éà�¬|^16!�C/òÈ��

{�±)ûòÈö����aÉ�É�!Aé��
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� ²�ä��{|^
�cÀªv&E�ÛG�

�¤Àªv�éàÚKÜ, �Ñ
òÈ ²�äÃ

{ï��§�S&E�"�. Äu Transformer �

VSR�{|^5¿åÅ�¼�ÀªvSÚvm��

'5, ¼�
`uÙ¦�ä(��A�L«UåÚ

Àª�­ï5U, �±¿1?n¤kÀªv, Ø�3

Ì��ä�A�P~ÚD(���¯K. þã�{

Ì�ò VSRÀ�£8¯K, 3�5�ÀªS�êâ

8þÆSl$©EÇ�p©EÇÀªv���5N

�, �­ï�Àªv¥�3«n�
�¯K. Äu)

¤�.� VSR �{�±3�±­ïÀª�S��

5�Ó�, k�/ï�p©EÇÀªv�êâ©Ù,
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�ß!ý¢
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1 Àª�©EÇ­ï

du��¤�Uå���Úæ8�¸�D(Z

6, ý¢|µeû����ÀªÏ~�3X©EÇ

$!D(±9�
�¯K. Àª�©EÇ­ï�*ÿ

�.�±L«�µ

ILRt = D(IHR
t ; δ) (1)

Ù¥, ILRt Ú IHR
t ©OL«ÀªS�¥1 t v�$

©EÇ��Úp©EÇ��, D (·)£ãeæ�!�

�òzN�, δ L«�«òz�.�ëê, Xeæ

�Ïf!D(ÏfÚ�
Ïf�. Àª�©EÇ­

ï±ëY� 2N + 1v��Ñ\, |^Àª�vSÚ

vm&E, dòz�$©EÀªv ILRt ­ïÑp©

EÇÀªv ISRt , �¦ ISRt ¦�U/�Cý¢�Àª

v IHR
t , =¦)òzL§�_L§, �±L«�µ

ISRt = D−1
(
ILRt , {ILRn }t+N

n=t−N ; θ
)

(2)

Ù¥, ISRt L«­ï�p©EÀª�1 tv, θ L«

�©­ï�.�ëê. w,�©EÇ­ï´��;

.�Ø·½ (ill-posed) ¯K, =éu�½�$©E

ÇÀª­ï�p©EÇÀª¿Ø��. �
¦­ï

�Àª�ý¢�p©EÇÀª�C, Äu�ÝÆS

� VSRÀJØÓ���¼ê`zëê θ̂, X���

�!SN��Úé|���, =Äu�ÝÆSÀª�

©EÇ­ï8I�±L«�µ

θ̂ = argmin
θ

L
(
ISR, IHR

)
(3)

Ù¥, θ̂L«`z��� VSR�.ëê, L(·, ·)^u
Ýþ­ï�p©EÇÀªvÚý¢p©EÇÀªv

�m��É. ~^���¼ê�) L1��!L2��

Ú Charbonnier �� [9] LChar. Ù¥, LChar kÏu

VSR3�3­�Àú[!�Ó��³�
D(�K

�!Jp
 VSR�5U [10–11], �±L«�µ

LChar =
1

N

N−1∑
i=0

√
(ISRi − IHR

i )
2
+ ϵ2 (4)

Ù¥, N L«Àªv���êþ, ϵL«���~�

�~þ. 3ëê�mÏé�`ëêlØm�þ$-p

©EÇÀªé�|±, ã 1�Ñ
 VSR~^�êâ

8. Uì$©EÇÀª����ª, yk�Àª�©

EÇ­ïêâ8�±©�Ü¤êâ8Úý¢êâ8
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eæ���, ½ÂXeµ

ILRt = IHR
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(
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Ù¥, sÚ k ©OL«eæ�ÏfÚpdØ, ↓bic Ú
⊗©OL«eæ�ÚòÈö�. ~^� VSRêâ8

&EXL 1¤«, Vimeo-90K [12]ÀªS�5��~

^�Ôö8, Vid4 [13]ÏÀªS�pª[!´L~�
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ã 1 Àª�©EÇ­ïêâ8 REDS (�)Ú Vimeo-90K (m)«~

Fig. 1 Examples of video super-resolution datasets from REDS (left) and Vimeo-90K (right)

L1 Äu�ÝÆS�Àª�©EÇ­ïêâ8

Table 1 Datasets of video super-resolution based on deep learning

êâ8 a. Àªêþ vê ©EÇ ôÚ�m

Ü

¤

ê

â

8

YUV25 [15] Ôö8 25 - 386 × 288 YUV

TDTFF [16]

Turbine

ÿÁ8 5 -

648 × 528

YUV

Dancing 950 × 530

Treadmill 700×600

Flag 1000 × 580

Fan 990 × 740

Vid4 [13]

Foliage

ÿÁ8 4

49 720 × 480

RGB
Walk 47 720 × 480

Calendar 41 720 × 576

City 34 704 × 576

YUV21 [17] ÿÁ8 21 100 352 × 288 YUV

Venice [18] Ôö8 1 1 077 3 840×2 160 RGB

Myanmar [19] Ôö8 1 527 3 840×2 160 RGB

CDVL [20] Ôö8 100 30 1 920×1 080 RGB

UVGD [21] ÿÁ8 16 - 3 840×2 160 YUV

LMT [22] Ôö8 26 - 1 920×1 080 YCbCr

SPMCS [23] Ôö8ÚÿÁ8 975 31 960×540 RGB

MM542 [24] Ôö8 542 32 1 280×720 RGB

UDM10 [25] ÿÁ8 10 32 1 272×720 RGB

Vimeo-90K [12] Ôö8ÚÿÁ8 91 701 7 448×256 RGB

REDS [14] Ôö8ÚÿÁ8 270 100 1 280×720 RGB

Parkour [26] ÿÁ8 14 - 960×540 RGB

ý

¢

ê

â

8

RealVSR [27] Ôö8ÚÿÁ8 500 50 1 024×512 RGB/YCbCr

VideoLQ [28] ÿÁ8 50 100 1 024×512 RGB

RealMCVSR [29] Ôö8ÚÿÁ8 161 - 1 920×1 080 RGB

MVSR4× [30] Ôö8ÚÿÁ8 300 100 1 920×1 080 RGB

DTVIT [31] Ôö8ÚÿÁ8 196 100 1 920×1 080 RGB

YouHQ [32] Ôö8ÚÿÁ8 38 616 32 1 920×1 080 RGB

~X, �
�[ý¢|µ�E,òzL§,

Real-BasicVSR [28] 3Ôö�ãæ^
��òz�

.5)¤E,�òzL§���$�þÀª. Real-

BasicVSR æ^�òzö��±©�Äuã��ò

zö�ÚÄuÀª�òzö�.äN/,3ã��¡,

Real-BasicVSR�Ì Real-ESRGAN [33] ��O, ò

�Å�
 (XpdÈÅ!sincÈÅ�)!º�N� (X

Vá���!V�5���)!D( (XpdD(!Ñ
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tD(�)Ú JPEGØ ��Äuã��òzö�.

3Àª�¡, Real-BasicVSR �	Ú\
ÀªØ 

Eâ, �Ä
Àªvm�Ûª�6'X. éuÀª

Ø , Real-BasicVSR�ÅÀ�/libx2640!/h2640

Ú/mpeg40¥��«?)èìÚ [104, 105]��S

'AÇ. Ïd, Real-BasicVSR�òz�.nÜÚ\

ã��¡ÚÀª�¡�òz�ª, 3�mÚ�mþ

Jø
E,��Å�òzL§.

�ã��©EÇ­ï��, Àª�©EÇ­

ïæ^¸�&D' (Peak Signal-to-Noise Ratio,

PSNR) 5Ýþ­ïvÚp©EÇv�m����

É, PSNR�6uþ�Ø� (Mean Squared Error,

MSE), �±L«�:

MSE =
1

N

N∑
i=1

(
IHR
i − ISRi

)2
(7)

PSNR = 10 log10

(
IHR
max

2

MSE

)
(8)

Ù¥, IHR
i Ú ISRi ©OL«ý¢�p©EÀªvÚ

­ï�p©EÇÀªv. IHR
max L«ý¢�p©EÇ

Àªv¥������. PSNR ��p¿�X­ï

ã��þ�Ð, =�ý��. ,
, PSNR 3ÓP

a��É�¡�3X�½�Û�5, Ïd PSNR�

¿Ø�<a�Ì*a��þ���'. (��q5

(Structural similarity index measure, SSIM)ïþ

üÌã��Ý!é'Ý!(�n�¡�m��q5,

�±L«�µ

SSIM =
(2µIHRµISR + c1)(2σIHR,ISR + c2)

(µ2
IHR + µ2

ISR + c1)(σ2
IHR + σ2

ISR + c2)
(9)

Ù¥, µIHR Ú µISR ©OL«ý¢Ú­ïÀªv�

þ�, σ2
IHR Ú σ2

ISR ©OL«ý¢Ú­ïÀªv��

�, σIHR,ISR L«ý¢Ú­ïÀªv����, c1 Ú

c2 �~ê. SSIM ��0u 0 Ú 1 �m, Ù��p,

­ïÀª��þ�Ð. d	, ÆS�a�ã�¬�

q5 (Learned perceptual image patch similarity,

LPIPS) [34]Ú�m��5 (Temporal motion-based

video integrity evaluation index, T-Movie) [6]��

±^uµdÀª�­ï�þ.

ØÓuÄu���É��I, LPIPS^uÿþ

üÌã��ma��q5, |^ýÔö��Ý ²

�ä¤J��ã�A��É5ïþã��m��É,

�±�[<a�Àúa�. LPIPS��$L«üÜ

ã���q, �±L«�µ

LPIPS =
∑
l,h,w

∥∥∥wl ⊙
(
VGGl

θ(I
SR
hw)−VGGl

θ(I
HR
hw )

)∥∥∥
2

HlWl

(10)

Ù¥, VGGl
θ(·) L«|^3�5�êâ8Ôö�

VGG �ä¼��1 l �A�, U
ÓPÀªv�

p?�Â&E. ,
, Äu©ê��þµdÃ{�

xã�E,�ÛÜ5ÚSN�'5, ��
���

g��þa�. �X��ó�.Úõ���ó�.

�Ñy, �ó¤�£ãÀªa��þ�óä. ~X,

DepictQA [35] ´�«Äuõ���ó�.�ã��

þa��{, �±éÀªv�þ?1aqu<a�!

Äu�ó�£ã. Àª�©EÇ­ï?Ö���a

q�µd�{, �\�¡/µd­ïÀª�a��

þÚ�S��5 [36–39].

8c, Àª�©EÇ­ï+�Eæ^ PSNRÚ

SSIM ��Ì�µd�I. �þæ�Ïf� 4× �,

$©EÇÀªÏLVng���¤ 4 �eæ�ö

�, �L5� VSR�{­ïÀª� PSNRÚ SSIM

XL 2 ¤«. �þæ�Ïf� 4× �, æ^IO�

� σ = 1.6 �ÈÅì?1pd�
�2?1 4 �

eæ�ö�, ;.� VSR� PSNRÚ SSIMXL 3

¤«. VSR �{3 REDS4 êâ8þµ� RGB Ï

��5U, 3Ù¦êâ8µ� YÏ��5U. Ï~,

�.3­ïL§¥�±|^��S&E�õ, µ�

Ù)¤p©EÇÀª�µd�IÒ�p (X PSRT-

sliding Ú PSRT-recurrent). 3ë��Ó�S&E

��¹e, �r�A�J��¬Ú�°(�vmé

à�¬�±?�ÚJ, VSR �.�Àª­ï5U

(XMFPIÚ IART). �L5� VSR�{­ïÀª

��Àz(JXã 2Úã 3¤«.

��uÄuÜ¤êâ8�Àª�©�{, ý¢

|µ�Àª�©�{E?u@Ï&¢�ã. �,�

'ó��
)ûý¢|µ�Àª�©¯K®²��


�X��êâ8, �du"yÚ��IO, yk�

ý¢|µÀª�©�{¡�XÔöêâ8ÚµdI

OØ���¯K. ù�yGéú²é'yk�{±

9íÄ�5ïÄ�uÐJÑ
î��]Ô. Äuy

k�ïÄó�, 3 RealVSRÚMVSR 4×ü�ý¢
|µêâ8�5Ué'(JXL 4¤«. ¦+Äu

Ü¤êâ8�Àª�©�{®²/¤
���½�

ÿµIO, �du5��!©EÇ$�¯K, ��ù


êâ8J±÷vØäO���.ëêþé�5�

Àªêâ�I¦. �X*Ñ�.3Àª)¤+��

ØäuÐ9Ù3ý¢|µüã�©?Ö�ÑÚLy,

�5�!p�þ�Àªêâ�¤�íÄÄu*Ñ�

.�Àª�©uÐ�¿©^�.
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L2 éVng��eæ���Àª?1 VSR�5Ué'(J

Table 2 Performance comparison of video super-resolution algorithm with bicubic downsampling

é'�{ Ôövê ëêþ (M)
Vng��eæ�

REDS (RGB Ï�) Vimeo-90K-T (Y Ï�) Vid4 (Y Ï�)

Bicubic - - 26.14/0.7292 31.32/0.8684 23.78/0.6347

VSRNet [40] - 0.27 -/- -/- 22.81/0.6500

VSRResFeatGAN [41] - - -/- -/- 24.50/0.7023

VESPCN [42] - - -/- -/- 25.35/0.7577

VSRResNet [41] - - -/- -/- 25.51/0.7530

SPMC [23] - 2.17 -/- -/- 25.52/0.7600

3DSRNet [43] - - -/- -/- 25.71/0.7588

RRCN [44] - - -/- -/- 25.86/0.7591

TOFlow [12] 5/7 1.41 27.98/0.7990 33.08/0.9054 25.89/0.7651

STARNet [45] - 111.61 -/- 30.83/0.9290 -/-

MEMC-Net [46] - - -/- 33.47/0.9470 24.37/0.8380

STMN [47] - - -/- -/- 25.90/0.7878

SOFVSR [48] - 1.71 -/- -/- 26.01/0.7710

RISTN [49] - 3.67 -/- -/- 26.13/0.7920

MMCNN [24] - 10.58 -/- -/- 26.28/0.7844

RTVSR [50] - 15.00 -/- -/- 26.36/0.7900

TDAN [51] - 1.97 -/- -/- 26.42/0.7890

D3DNet [52] -/7 2.58 -/- 35.65/0.9330 26.52/0.7990

FFCVSR [53] - - -/- -/- 26.97/0.8300

EVSRNet [54] - - 27.85/0.8000 -/- -/-

StableVSR [55] - - 27.97/0.8000 -/- -/-

DUF [56] 7/7 5.8 28.63/0.8251 -/- 27.33/0.8319

PFNL [57] 7/7 3 29.63/0.8502 36.14/0.9363 26.73/0.8029

DNSTNet [58] - - -/- 36.86/0.9387 27.21/0.8220

RBPN [59] 7/7 12.2 30.09/0.8590 37.07/0.9435 27.12/0.8180

DSMC [60] - 11.58 30.29/0.8381 -/- 27.29/0.8403

Boosted EDVR [31] - - 30.53/0.8699 -/- -/-

TMP [61] - 3.1 30.67/0.8710 -/- 27.10/0.8167

MuCAN [62] 5/7 - 30.88/0.8750 37.32/0.9465 -/-

MSFFN [63] - - -/- 37.33/0.9467 27.23/0.8218

DAP [64] 15/5 - 30.59/0.8703 -/- -/-

MultiBoot VSR [65] - 60.86 31.00/0.8822 -/- -/-

SSL-bi [66] 15/14 1.0 31.06/0.8933 36.82/0.9419 27.15/0.8208

EDVR [67] 5/7 20.6 31.09/0.8800 37.61/0.9489 27.35/0.8264

RLSP [68] - 4.2 -/- 37.39/0.9470 27.15/0.8202

TGA [69] - 5.8 -/- 37.43/0.9480 27.19/0.8213

KSNet-bi [70] - 3.0 31.14/0.8862 37.54/0.9503 27.22/0.8245

VSR-T [71] 5/7 32.6 31.19/0.8815 37.71/0.9494 27.36/0.8258

PSRT-sliding [72] 5/- 14.8 31.32/0.8834 -/- -/-

SeeClear [73] 5/5 229.23 31.32/0.8856 37.64/0.9503 27.80/0.8404

DPR [74] - 6.3 31.38/0.8907 37.11/0.9446 27.19/0.8243

BasicVSR [75] 15/14 6.3 31.42/0.8909 37.18/0.9450 27.24/0.8251

Boosted BasicVSR [31] - - 31.42/0.8917 -/- -/-

SATeCo [76] 6/6 - 31.62/0.8932 -/- 27.44/0.8420

IconVSR [75] 15/14 8.7 31.67/0.8948 37.47/0.9476 27.39/0.8279

ICNet [77] - 18.34 31.71/0.8963 37.72/0.9477 27.43/0.8287

MSHPFNL [78] - 7.77 -/- 36.75/0.9406 27.70/0.8472
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Table 2 Performance comparison of video super-resolution algorithm with bicubic downsampling (Continued)

é'�{ Ôövê ëêþ (M)
Vng��eæ�

REDS (RGB Ï�) Vimeo-90K-T (Y Ï�) Vid4 (Y Ï�)

PA [79] 5/7 38.2 32.05/0.8941 -/- 28.02/0.8373

FTVSR [80] - 10.8 31.82/0.8960 -/- -/-

C2-Matching [81] - - 32.05/0.9010 -/- 28.87/0.8960

ETDM [82] - 8.4 32.15/0.9024 -/- -/-

BasicVSR++ [83] 30/14 7.3 32.39/0.9069 37.79/0.9500 27.79/0.8400

RTA [84] 5/7 17 31.30/0.8850 37.84/0.9498 27.90/0.8380

Semantic Lens [85] 5/- - 31.42/0.8881 -/- -/-

TCNet [86] - 9.6 31.82/0.9002 37.94/0.9514 27.48/0.8380

TTVSR [87] 50/- 6.8 32.12/0.9021 -/- -/-

VRT [88] 16/7 35.6 32.19/0.9006 38.20/0.9530 27.93/0.8425

CTVSR [89] 16/14 34.5 32.28/0.9047 -/- 28.03/0.8487

FTVSR++ [90] - 10.8 32.42/0.9070 -/- -/-

LGDFNet-BPP [91] - 9.0 32.53/0.9007 -/- 27.99/0.8409

PP-MSVSR-L [92] - 7.4 32.53/0.9083 -/- -/-

CFD-BasicVSR++ [127] 30/7 7.5 32.51/0.9083 37.90/0.9504 27.84/0.8406

RVRT [93] 30/14 10.8 32.75/0.9113 38.15/0.9527 27.99/0.8426

DFVSR [94] - 7.1 32.76/0.9081 38.25/0.9556 27.92/0.8427

PSRT-recurrent [72] 16/14 13.4 32.72/0.9106 38.27/0.9536 28.07/0.8485

MFPI [95] -/- 7.3 32.81/0.9106 38.28/0.9534 28.11/0.8481

EvTexture [96] 15/- 8.9 32.79/0.9174 38.23/0.9544 29.51/0.8909

MIA-VSR [97] 16/14 16.5 32.78/0.9220 38.22/0.9532 28.20/0.8507

CFD-PSRT [127] 30/7 13.6 32.83/0.9140 38.33/0.9548 28.18/0.8503

IART [98] 16/7 13.4 32.90/0.9138 38.14/0.9528 28.26/0.8517

EvTexture+ [96] 15/- 10.1 32.93/0.9195 38.32/ 0.9558 29.78/0.8983

L3 épd�
eæ���Àª?1 VSR�5Ué'(J

Table 3 Performance comparison of video super-resolution algorithm with blur downsampling

é'�{ Ôövê ëêþ (M)
pd�
eæ�

UDM10 (Y Ï�) Vimeo-90K-T (Y Ï�) Vid4 (Y Ï�)

Bicubic - - 28.47/0.8253 31.30/0.8687 21.80/0.5246

BRCN [99] - - -/- -/- 24.43/0.6334

ToFNet [12] 5/7 1.41 36.26/0.9438 34.62/0.9212 25.85/0.7659

TecoGAN [100] - 3.00 -/- -/- 25.89/-

SOFVSR [48] - 1.71 -/- -/- 26.19/0.7850

RRN [101] - 3.4 38.96/0.9644 -/- 27.69/0.8488

TDAN [51] - 1.97 -/- -/- 26.86/0.8140

FRVSR [102] - 5.1 -/- -/- 26.69/0.8220

DUF [56] 7/7 5.8 38.48/0.9605 36.87/0.9447 27.38/0.8329

RLSP [68] - 4.2 38.48/0.9606 36.49/0.9403 27.48/0.8388

PFNL [57] 7/7 3 38.74/0.9627 -/- 27.16/0.8355

RBPN [59] 7/7 12.2 38.66/0.9596 37.20/0.9458 27.17/0.8205

TMP [61] - 3.1 -/- 37.33/0.9481 27.61/0.8428

TGA [69] - 5.8 38.74/0.9627 37.59/0.9516 27.63/0.8423

SSL-bi [66] 15/14 1.0 39.35/0.9665 37.06/0.9458 27.56/0.8431

RSDN [103] - 6.19 -/- 37.23/0.9471 27.02/0.8505

DAP [64] 15/5 - 39.50/0.9664 37.25/0.9472 -/-
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Table 3 Performance comparison of video super-resolution algorithm with blur downsampling (Continued)

é'�{ Ôövê ëêþ (M)
pd�
eæ�

UDM10 (Y Ï�) Vimeo-90K-T (Y Ï�) Vid4 (Y Ï�)

SeeClear [73] 5/5 229.23 39.72/0.9675 -/- -/-

EDVR [67] 5/7 20.6 39.89/0.9686 37.81/0.9523 27.85/0.8503

DPR [74] - 6.3 39.72/0.9684 37.24/0.9461 27.89/0.8539

BasicVSR [75] 15/14 6.3 39.96/0.9694 37.53/0.9498 27.96/0.8553

IconVSR [75] 15/14 8.7 40.03/0.9694 37.84/0.9524 28.04/0.8570

R2D2 [104] - 8.25 39.53/0.9670 -/- 28.13/0.9244

FTVSR [80] - 10.8 -/- -/- 28.31/0.8600

FDAN [105] - - 39.91/0.9686 37.75/0.9522 27.88/0.8508

PP-MSVSR [92] - 1.45 40.06/0.9699 37.54/0.9499 28.13/0.8604

GOVSR [106] - - 40.14/0.9713 37.63/0.9503 28.41/0.8724

ETDM [82] - 8.4 40.11/0.9707 -/- 28.81/0.8725

TTVSR [87] 50/- 6.8 40.41/0.9712 37.92/0.9526 28.40/0.8643

BasicVSR++ [83] 30/14 7.3 40.72/0.9722 38.21/0.9550 29.04/0.8753

CFD-BasicVSR++ [127] 30/7 7.5 40.77/0.9726 38.36/0.9557 29.14/0.8760

TCNet [86] - 9.6 -/- -/- 28.44/0.8730

VRT [88] 16/7 35.6 41.05/0.9737 38.72/0.9584 29.42/0.8795

CTVSR [89] 16/14 34.5 41.20/0.9740 38.83/0.9580 29.28/0.8811

FTVSR++ [90] - 10.8 -/- -/- 28.80/0.8680

LGDFNet-BPP [91] - 9.0 40.81/0.9756 -/- 29.39/0.8798

RVRT [93] 30/14 10.8 40.90/0.9729 38.59/0.9576 29.54/0.8810

DFVSR [94] - 7.1 40.97/0.9733 38.51/0.9571 29.56/0.8983

MFPI [95] -/- 7.3 41.08/0.9741 38.70/0.9579 29.34/0.8781
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RVRT [93]
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Fig. 2 Visual comparison results of VSR methods on REDS dataset
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Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4
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Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

RVRT [93]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

EDVR [67]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

PSRT [72]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

BasicVSR++ [83]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

MIA-VSR [97]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

VRT [88]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

GT

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

LQ(×4)

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

RVRT [93]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

EDVR [67]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

PSRT [72]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

BasicVSR++ [83]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

MIA-VSR [97]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

VRT [88]

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrentFrame 004, Clip foliage, Vid4 MIA-VSR (Ours) GT

Frame 023, Clip calendar, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 010, Clip calendar, Vid4

LQ (x4)

RVRT

EDVR

PSRT-recurrent

BasicVSR++

MIA-VSR (Ours)

VRT

GT

Frame 009, Clip city, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

Frame 021, Clip walk, Vid4

LQ (x4) EDVR BasicVSR++ VRT

RVRT PSRT-recurrent MIA-VSR (Ours) GT

GT
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Fig. 3 Visual comparison results of VSR methods on Vid4 dataset
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Table 4 Performance comparison of real-world video super-resolution algorithm

é'�{ ínvê
RealVSR MVSR 4×

PSNR/SSIM/LPIPS PSNR/SSIM/LPIPS

RSDN [103] �cv 23.91/0.7743/0.224 23.15/0.7533/0.279

FSTRN [107] 7 23.36/0.7683/0.240 22.66/0.7433/0.315

TOF [12] 7 23.62/0.7739/0.220 22.80/0.7502/0.279

TDAN [51] 7 23.71/0.7737/0.229 23.07/0.7492/0.282

EDVR [67] 7 23.96/0.7781/0.216 23.51/0.7611/0.268

BasicVSR [75] ¤kv 24.00/0.7801/0.209 23.38/0.7594/0.270

MANA [108] ¤kv 23.89/0.7781/0.224 23.15/0.7513/0.285

TTVSR [87] ¤kv 24.08/0.7837/0.213 23.60/0.7686/0.277

ETDM [82] ¤kv 24.13/0.7896/0.206 23.61/0.7662/0.260

BasicVSR++ [83] ¤kv 24.24/0.7933/0.216 23.70/0.7713/0.263

RealBasicVSR [28] ¤kv 23.74/0.7676/0.174 23.15/0.7603/0.202

EAVSR [30] ¤kv 24.20/0.7862/0.208 23.61/0.7618/0.264

EAVSR+ [30] ¤kv 24.41/0.7953/0.212 23.94/0.7726/0.259

EAVSRGAN+ [30] ¤kv 23.99/0.7726/0.170 23.35/0.7611/0.199

�
k�|^Àª��S&E, VSR�äÏ~
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Ú*ÐJÑ
î����. �d, Chan � [75]òÄ

u�ÝÆS� VSR �äy©�&EDÂ!vmé

à!A�àÜÚvþæ�o�Ü©, 3©ÛÚU?y

k�¬�Ä:þ, �ï
{ü
k��Àª�©E
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©z [111–114]o

(Ú©Û
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Fig. 5 Timeline of video super-resolution based on deep learning
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2 Äu�ÝÆS�Àª�©EÇ­ï�{

VSR�3|^$©EÇÀªS�%¹�vS�

m�'5Úvm�S��5&E­ïÑéA�p©

EÇÀª. Äu�ÝÆS� VSR�{±êâ°Ä�

�ªÆSl$©EÇ�p©EÇÀªv���5N

�'X, wÍ/J,
­ïÀªv��þ. ù
�{

U
ï��«$©EÇÀª�vm�S�'5Úv

S�m�'5, ±(��mþ�ë05Ú�mþ�

��5. Uì�S&E3DÂL§¥´Ä�3÷�

m�ÝØäDÂ�ÛG�, Äu�ÝÆS� VSR�

{�±©�Äu¿1e���{ÚÄuÌ�e��

�{. e©òXÚ�\/În!8BÚo(ùüa

VSR�{�?Ð�¹.

2.1 Äu¿1e�� VSR�{

Äu¿1e�� VSR �{ò$©EÇÀªS

�y©�ØÓ��mI�, Ø�6uÙ¦v�­ï

&EÓ�J�¤kv�A�Ú`zÀª. Ta�{

±ëY N �$©EÇÀªv��Ñ\, ±wÄI�


�¿1�ªòÛÜ�mI�S�eZ�|±v^

u¥m8Iv�­ï. ùa�{�)A�J�!A

�éà!A�KÜÚv­ïo��ã. 3A�éà

�ã, Ù¦¤kvÑ�¥m�véà. ù«éà�ª

�� VSR�.�O�E,Ý�Àª�Ý�²�, E

,Ýp, J±·^u��ÀªS��A^|µ. 
Ä

u Transformer� VSR�{�±Ó�J�!éàÚ

KÜ¤kv�A�, ��üg­ï¤kv��J, w

Í/J,
 VSR�5U. ,
, ���5�ã��

.ëêþÚS�m���¯K¤�ùa�{Ã{;

��"�.

Dong � [115]ÄgòòÈ ²�äÚ\ã��

©EÇ­ï?Ö, JÑ
 SRCNN �ä, .m
ï

ÄÄu�ÝÆS��©EÇ­ï�{�S4. T

�äÔö²d$-p©EÇã�é¼�
'DÚ SR

�{�Ð�­ï5U. Kappeler� [40]òSRCNN ÿ

Ð�Àª+�, �O
Àª�©EÇ­ïòÈ ²

�ä (Video super-resolution convolutional neural

network, VSRNet), (�Xã 6 ¤«. VSRNet �

¹��n�e�, ¦^3ã�êâ8þ�ýÔöL

§¥����­Ð©z�äëê. 3�cv�­

ïL§¥, VSRNet 3Ï��ÝòL���5��

�v�Ó��cv?é±|^�	��S&E, ¿

Jø
n«ØÓ�?é(�µ3�ä�1���c

?é!3�ä�1�Ú1���m?é±93�

ä�1�Ú1n��m?é. Ó�, �)ûÀª¥

$Ä�
�¯K, VSRNetæ^ Druleas�{ [116]?

1$Ä�O. T�{Äu CLG C©{ (Combined

local-global approach with total variation)�±¼

�vm £����:�O(16. g·A$ÄÖ

� (Adaptive motion compensation)Å�^u~�

��v�éàØ�, ~�3­ïv¥��K. d	,

VSRNet�ÈÅìé¡Or�¬ (Filter symmetry

enforcement) b�c�v$ÄÖ�Ø��Ó, 3�

�DÂL§¥��é¡òÈØ�FÝ, l
\¯
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Fig. 6 Architecture of VSRNet
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Fig. 8 Architecture of SOFVSR
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Fig. 9 Architecture of TOFlow

Äu16�wª$ÄÖ��JpÝ�6u$Ä

�O�O(§Ý. ��3ñ	½E,$Ä�¹�, $

Ä&E�OØO(¬��éà(J�ý, ü$
­

ïv��þ. ÃX16�a�Å��$Ä�O~~

��X�­�O�KÖ, wÍO\
­ïÀª�O

�m�. ÉÄ�òÈ�ä�éu, Jo � [56]JÑ


�6uÑ\v�Ä�þæ��ä (Dynamic upsam-

pling filters, DUF), ±¢yg·A�þæ�ö�,

(�Xã 10 ¤«. äN/, DUF 3�¤þæ��

Ó��J�A�, ¿(Ü 3DòÈ�¤��&E�ï

�, ;�
wª�$Ä�OÚ$ÄÖ�. DUF��

O
�­ïv�í�ã, ?�ÚOr
­ï(J¥

�pª[!.

3×
3 

C
on

v

B
N

R
eL

U
3×

3 
C

on
v

3×
3 

C
on

v
3×

3 
C

on
v

B
N

R
eL

U
3×

3 
C

on
v

R
eL

U
1×

1 
C

on
v

R
eL

U
1×

1 
C

on
v

R
eL

U
1×

1 
C

on
v

So
ft

m
ax

R
eL

U
1×

1 
C

on
v

B
N

R
eL

U
1×

1×
1 

C
on

v

B
N

R
eL

U
3×

3×
3 

C
on

v

......

...
...

...
...

Shared

Shared

X!

X!"#

X!$#

Input LR frames
Residual generation network 

Filter generation network Filters F!

Residual R%

X!

Input center frame
Filtered output  𝑌!% Output HR frame  𝑌!&

ã 10 DUF (�

Fig. 10 Architecture of DUF
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Fig. 11 Architecture of FSTRN
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A�vméà, 
ÃIO�16, (�Xã 12 ¤

«. T�ä�)�S�C/éà�ä (Temporally-

deformable alignment network, TDAN)Ú�©E

Ç­ï�ä. Ù¥, TDANdA�J�!�C/òÈ

Úéàv­ïnÜ©|¤, ýÿÑ\�õ�$©E

ÇÀªvC/�ë�v�éà(J. ù
éà��

v�ë�v�Ó²d�©EÇ­ï�ä)¤p©E

Ç�ë�v. äN/, Ñ\�ä�|±vÚë�v²

dæU�òÈ�Úí�¬�N��p��A��m,

?
ÏLòÈ ²�äÆS��æ� �� £þ

Ñ\�C/òÈ. ÄuÆS�� £þ, ��/��

½�òÈØ�±�âÑ\g·A/N�òÈö�L

§¥3A�ãþ�¢Sæ� �, l
ò|±v�

A��ë�véà.

duü�ºÝØUéÐ/Aévm���$

ÄCz, Wang � [67]JÑ
Or��C/ÀªE

��ä (Enhanced deformable video restoration,

EDVR), (�Xã 13 ¤«. EDVR �)ü�'�

|�µ7i©!?é!�C/éà�¬ (Pyramid,

cascading and deformabel, PCD) Ú��5¿å

KÜ�¬ (Temporal and spatial attention fusion,

TSA), ©O^uAéÀª¥ÌÝ���$ÄÚõv

�k�KÜ. äN/, EDVR ±ÛÜ�mI�S�

ë�vÚ N�|±v��Ñ\, 7i©Ú?é(�
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¯K, 
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± 3D òÈ�~, ��v3Ï��Ý?é���
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m�¿Ø¬^��ä�k�&E, ��Ã{k
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ä (Temporal group attention, TGA) �â|±
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�vÚ�5� N ���vy©� N �ØÓ�
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Fig. 13 Architecture of EDVR
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Fig. 14 Architecture of TGA
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��, àÜü� (Aggregation unit, AU) l$©E

ÇA��mm©Å�àÜ, l.��p���?à

Ü�ª�±¢y�$Ä�Ö�Ú°[�æ��£Ä.

àÜü�æ^Äu¬���üÑ�ë�v�z��

ã�¬l|±v¥À� K ���q�ã�¬, ^

ug·A�þe©àÜ. CN-CAM3àÜ�&E¥

?�ÚÓP3vS­E��ÛÜéA'XÚ�m�

ª. CN-CAM|^²þ³zö��ï
7i©(�

3ØÓºÝ�A�ãþ�¤�ÛÜ|¢, ¿|^g

5¿å�¬3A�KÜc�ä&E�k�5. d	,

MuCAN�¦^>�a���5�Ø­ïã�¥�

ç¸G>�.

Upsampling Aggregation Unit

Pyramid

I!"

I!#$"

I!%$"

I!&

TM-CAM

TM-CAM

TM-CAM

CN-
CAM Recons.M!

'

DecoderEncoder

𝐹(%$
'

𝐹(
'

𝐹(#$
'

ReconstructionCross-Scale Nonlocal-Corr. AggregationTemporal Multi-Corr. AggregationLR Frames

I!"

I!%$"

𝐹('

F!%$
)

AU AU AU

𝐹($ 𝐹()

𝐹(%$' 𝐹(%$$ 𝐹(%$)

F!%$
$

F!%$
'

AU

Att

Att

Att

Att

Aggr.

AugPool
s = 0

s = 1

s = 3

s = 2

P!

P!

M!
'

M!
*

M!
)

M!
$

m!
'

𝑚.!$

𝑚.!*

𝑚.!)

𝑚/!'

M/ !'

Feature Pyramid Nearest Neighbor Aggregated Feature

ã 15 MuCAN (�ã

Fig. 15 Architecture of MuCAN
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Fig. 16 Architecture of MANA

v�v�Õáéà�ªÏ"yõ�éàL§�

�'5
J±ï���ÀªS��$Ä&E, 
ó

ª�ì?éà�ªKvkÅ¬Å�kcDÂL§

¥�éàØ�, ��ù
Ø�3DÂL§Øä\È
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�
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Fig. 17 Architecture of IAM
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Àªv&E, ±B VSR�ä|^��v���þe

©&E�Ð/­ïp©EÇ�Àªv, éäkwÍ
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�½�(¹5,
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O
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Fig. 18 Architecture of VSR Transformer
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Fig. 19 Architecture of VRT

Tao � [109]JÑ
�«[!��ÝÀª�
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n��&E, (�Xã 20¤«. äN/, DRVSR�

¹n��¬µ$Ä�O�¬!Äuæ��$ÄÖ�
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ÄÖ��¬ÚKÜ�¬. Ù¥, SPMC �±�âý
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ö�, �)��)¤ìÚæ�ì, )¤ìk�â16

ò$©EÇ�m¥��I=��p©EÇ�m, æ
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ã 20 DRVSR (�ã

Fig. 20 Architecture of DRVSR

Sajjadi � [102]�O�vÌ�Àª�©EÇ­

ï�ä (Frame recurrent video super-resolution,

FRVSR) , |^®²­ï�p©EÇvS�/�O

�Yv±(�)¤SN3�Sþ���5, Ó�ü

$
�ä�O�m�, (�Xã 21 ¤«. äN/,

FRVSRk|^16�O�ä FNetO�$©EÇ�
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���$©EÇ16þæ��Ùp©EÇ��, ¿
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Fig. 21 Architecture of FRVSR
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Ì� ²�ä�?èì-)èì(�, ^uàÜëY
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Fig. 22 Architecture of RBPN
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Fig. 23 Architecture of RLSP
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Fig. 24 Architecture of RSDN

Isobe � [101]é'
Äu 2D CNN!úKÜ�

3D CNNÚÌ� ²�ä�Àª�©EÇ­ï�{

�$1�m. ¢�(JL², 3D(�`u 2D(�,

$1�Ýú
�5˜10�, Ì� ²�ä­ï�5U

�Ð!ëêþ��. dd, Isobe� [101]�O
Ì�í

��ä (Recurrent residual network, RRN), 3ä

kð�aë����mÚ\
í�N�, �±�Ï

��«n&E¿�)
FÝ���y�, kÏu�

Ð/?n���ÀªS�, (�Xã 25¤«.

…… ……

𝐼!"# 𝐼!"$ 𝐼!"% 𝐼! 𝐼!&% 𝐼!&$ 𝐼!&#

R
eL

U

C
on

v2
D

R
eL

U

C
on

v2
D

R
eL

U

C
on

v2
D

C
on

v2
D

𝐶

Time Step t

ℎ!

𝑂!
𝑂!"%

ℎ!"%

[𝐼!"%, 𝐼!]

ℎ!

𝑂!R
eL

U

C
on

v2
D

R
eL

U

C
on

v2
D

C
on

v2
D

C
on

v2
D+ℎ!"%

[𝐼!"%, 𝐼!]

𝐶

𝑂!"%

2D C
N

N

𝐶

𝐼!"# 𝐼!"$ 𝐼!"% 𝐼! 𝐼!&% 𝐼!&$ 𝐼!&#+

Fusion

𝐼!"# 𝐼!"$ 𝐼!"% 𝐼! 𝐼!&% 𝐼!&$ 𝐼!&#

𝐹!"#% 𝐹!"$% 𝐹!"%% 𝐹!% 𝐹!&%% 𝐹!&$% 𝐹!&#%

0 0

0 0

BA

C D

Temporal
Aggregation

Depth-to-space
Layer

+

𝐶

0

Concatenation

Elemental-wise
Addition

Zero Padding

𝐼!

𝑅!

Bicubic
Upsampling

𝑦-!

ã 25 RRN (�ã

Fig. 25 Architecture of RRN
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Fig. 26 Architecture of DAP
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Fig. 27 Architecture of ETDM
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Fig. 29 Architecture of BRCN
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ual recurrent convolutional network, RRCN), |

^ CLG C©{é8Iv9Ù��v?1$Ä�O

Ú$ÄÖ�, ¿òÖ���ÀªvÑ\48�ä¼

���í�Ú��í�, (�Xã 30¤«. �
­

ï8Iv¥�[!&E, RRCN¬àÜ¤k�í�

ã. 3 RRCN�Ä:þ, RRCN+Ú RRCN++Ú

\
g8¤ (Self-ensemble)üÑÚüã��©EÇ

�ä EDSR+, l
¼�
�Z�p©EÇÀª�

­ï�J.
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Fig. 30 Architecture of RRCN

Yi � [57]JÑ
ì?ªKÜ�ÛÜ�ä (Pro-

gressive fusion non-local, PFNL), T�äd�X

�ì?ªKÜí�¬ (Progressive fusion residual

block, PFRB) |¤, ¿Ú\�ÛÜ5¿å5ï�

Àªv�m����'5, (�Xã 31. PFNL

Äk|^�ÛÜí�¬ (Non-local residual block,

NLRB) O�z����¤kv¥Ù¦���m�

�'5¼���A�, O�
E,�$Ä�OÚ$

ÄÖ�L§. �X, PFRB²Lõ�òÈ!KÜù


A�¼��¹Õá�m&EÚ·Ü�m&E�A�.
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Fig. 31 Architecture of PFNL and Detail of PFRB

É�_¬�éu, Zhu� [49]JÑ
í��_�

��ä (Residual invertible spatio-temporal net-

work, RISTN), ¦^í��_¬ (Residual invert-

ible block)ÆS[âÝ�A�L«±�±$©EÇ

v��©EÇ­ïv�m�(���5, (�Xã

32¤«. äN/, RISTN�)�m�¬!�m�¬

Ú­ï�¬nÜ©. Ù¥, �m�¬�¹õ�²1

�í��_¬, ^uJ����m�¬Ñ\��g

A�, /¤£ã$©EÇÚp©EÇÀªv�m�

É�A�ã; �m�¬|^äkí��8òÈ��
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áÏPÁ ²�ä (Residual dense convolutional

LSTM, RDC-LSTM)?nA�ã, ±Ó¼ëYÀª

v��m&E, Ó�k�=�ØÓ�g��mA�;

­ï�¬|^DÕA�KÜ�üÑkÀJ/KÜA

�¼�p©EÇ�Àªv.
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ã 32 RISTN (�ã

Fig. 32 Architecture of RISTN

Yi � [106]JÑ
�UÀª�©EÇ­ï�ä

(Omniscient video super-resolution, OVSR), (Ü


Àª�©�wÄI�ÚÌ��{, ¿òL���

5�ÛG����cv�­ï&E, (�Xã 33

¤«. OVSR �¹c��äÚ���ä, c��

äl¤k$©EÇÀªv¥¼�Ð©��©EÇ

­ïvÚÛG�, ���ä3cã&E�9Ïe

­ï¤k$©EÇÀªv, �ö)¤��©(J�

\���ª�­ï(J. Uìc��äÚ���ä

�?n��, OVSR©�ÛÜ�U�ä (Local om-

niscient VSR, LOVSR) Ú�Û�U�ä (Global

omniscient VSR, GOVSR). Ù¥, GOVSR�±Ó

�|^S�¥�¤k$©EÇã�?1�©EÇ­

ï, =c��äÚ���ä�?n����; ��ö

�?n���Ó�, LOVSR=U|^L�Úk��

�5v&E. �ó�, LOVSRÚ GOVSR©O·Ü

A^3�Úl�Àª�©|µ.
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ã 33 LOVSR (�)ÚGOVSR (m)(�ã

Fig. 33 Architectures of LOVSR (left) and GOVSR

(right)

Äu�ÝÆS�Àª�©ÏL|^�S&E

J,Ù�©5U, %�ÏÚ\�A�?n�¬��

�äE,J±E^. Chan � [75]ÎnÀª�©�

µeÚDÂ!éà!àÜ9þæ�o�|�, 3é

yk�YE^�Ä:þ²L[�UÄ�, JÑ
{

ü
k��Àª�©EÇ­ï�Y BasicVSR, (

�Xã 34. ØÓu�S&E3ÛÜI�S½��

ÀªS�þ�ü�DÂ�ª, BasicVSR æ^V�

Ì� ²�ä, �±¿©|^��Àª&E, )û


ØÓv&E�ÂØþï�¯K. 3Àªvéà�

¡, BasicVSR |^16�äýÿ��vm�16

&E, 3A��¡¢yvméà, )û
Ø°(�

16�OÚåã��¡éàÑy��
Ú�K¯K.

3 BasicVSR�Ä:þ, Chan� [75]Ú\
&E­W

(Information-Refill) ÚÍÜDÂ (Coupled Propa-

gation)ü«Å��ØDÂL§¥�\ÈØ�, JÑ


5U�r�Àª�©�ä ICONVSR.
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Fig. 34 Architectures of BasicVSR (left) and ICONVSR (right)

Liu � [87]3 BasicVSR e��Ä:þ�O


;,a� Transformer (Trajectory-aware trans-

former, TTVSR), ?�Ú&¢Àª¥�k����

&Eï�Å�, (�Xã 35¤«. TTVSR±Àª

¥�v�ÀúA�, ò��¥ëY�ÀúA�½Â

��X�3SNþýéà�$Ä;,. g5¿åÅ
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��÷XÓ�$Ä;,�Îz�ÀúA�. �
¢

yù�ö�, TTVSR|©/�O
 �ãÅ�, é

ýk½Â�ÀúA���I �ã?1$ÄC��

�ï�ÀúA�;,�8�. é'3�����Ý

?1g5¿åO�, TTVSR k�ü$
O�m�,

Jp
�.ï��ålÀªA��Uå.
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Fig. 35 Architecture of TTVSR

Ï��Ä�m&E�­�5, TTVSRéáÀª

S��?n�JØZ. �d, Tang� [89]éÜ^u�

mA�J���mOr�ä (Spatial enhanced net-

work, SEN) Ú�S&Eéà��S;,Or�ä

(Temporal-trajectory enhanced network, TEM),

�O
^uÀª�©EÇ­ï��� Transformer

(Collaborative transformer, CTVSR),(�Xã 36

¤«. äN/, SEN |^-ý¿ï5¿å (Token

dropout attention, TDA)Ú�C/õÞ��5¿å

(Deformable multi-head cross attention, DMCA)

5ï�ÛÜÚ�Û��m&E, �O
 TTVSR ¥

�òÈö�. ØÓu TTVSR =ÀJÓ�$Ä;,

¥��q�ã�¬, TEMçÀ
�½êþ�ë�ã

�¬��cã�¬éà, ~�
k��Sþe©Ú

ü�ã�¬¥�Ké�ä5U�K�.
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Fig. 36 Architecture of CTVSR

Lee� [29]ÄgJÑ
Äuë��Àª�©EÇ

­ï�ä (Reference-based video super-resolution,

RefVSR), (�Xã 37¤«. äN/, RefVSR|^

ÃÅ¥ØÓ�å�ºÞÓ�Ó¼$©EÇÀªÚä

k�õ[!�p©EÇÀª, ò�ö��cö�9

Ï&EJp VSR�5U. 3 BasicVSRV�©|�

Ì�ü�¥, þ����ÛG�Ø=�¹
L�½

�5$©EÇv¥�&E, 
�®à
L�½�5

p©EÇë�Àªv�[!, Ïdë�v��S&

E3vméà�L§¥��DÂ. �
|^�c�

��ë�Àªv, RefVSR �O
ë�éàÚDÂ

�¬, Ì��¹{u�qÝ!ë�éàÚDÂ�SK

Ün�f�¬. Ù¥, {u�qÝ�¬|^p©EÇ

ë�ÀªvÚ�­ï$©EÇvm�{u�qÝÝ


�Ù¦ü��¬Jø
¢ÚãÚ�&ã; ë�é

à�¬|^¢Úãòlë�vJ��A�éà�$

©EÇÀªv, DÂ�SKÜ�¬òÙ��càÜ
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Fig. 37 Architecture of RefVSR

� RefVSR ØÓ, Jiang � [81]JÑ� C2-

Mathching, vkë�p©EÇÀª&E, ==|^

l�q|µ¥û���vp©EÇã����9Ï

&E, (�Xã 38¤«. �
)ûÀªvÚë�ã

�3/CÚ©EÇü�¡��É, C2-Mathching©

O�O
é'5éA�ä (Contrastive correspon-

dence network)Ú��-Æ)'é�2{ (Teacher-

student correlation distillation). äN/, é'5é

A�ä|^n�|��¼ê (Triplet margain loss)

ÆS$©EÇvÚp©EÇë�ã�m°�/C�

éA'X, 2^��-Æ)'é�2{?�ÚJ,é

'5éA�äï�«n�'5�O(Ý. ���ä

ï�
p©EÇ-p©EÇã�m�«néA'X,

¿|^�£�2�üÑ��$©EÇ-p©EÇã�

�«n��.
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Fig. 38 Architecture of C2-Mathching

¦+�§DÂ3�_�½e��
¤õ, �3

¡éý¢|µ¥E,õ��òz�, Ly%Ø¦X

<¿. Chan� [28]ò BasicVSRÿÐ�ý¢|µ, J

Ñ
 RealBasicVSR�ä, (�Xã 39¤«. �


)û�§DÂL§¥òz�ªE,ÚD(����

¯K, RealBasicVSRÚ\
��Ä�`z�¬, ò

$�þÀªvg·A/?1õgý?n�Ñ\�

BasicVSR. ¢�(JL², RealBasicVSR æ^�

��S�Ôö VSR�ä�±�Ð/|^�§&E,

ù'¦^���Ôö1g (Batch)±¼�­½��

­eüFÝ��­�.

Cleaning Backward Forward

Cleaning Backward Forward

Cleaning Backward Forward

Dynamic 
Refinement

BasicVSR

ã 39 RealBasicVSR (�ã

Fig. 39 Architecture of RealBasicVSR

aq/, Qiu� [80]�é�3D(!Ø �K�À

ª, �O
òz°���-�-ª Transformer (Spa-

tiotemporal frequency-transformer, FTVSR), (

�Xã 40 ¤«. äN/, 3�m-�m-ªÇ�EÜ

�¥, FTVSRòÀªy©�ã�¬, 2=��ªÌ

ã, ªÌã�z��Ï��L
��ªÇ. ù«L«

/ªkÏu FTVSR ÷XªÇ�O�g5¿å, �

k�/«©ý¢«nÚØ �K. Ó�, �
AéÀ

ª�E,òzL§, FTVSR æ^
VªÇ5¿å

Å�5ï��ÛÚÛÜ�ªÇ'X, ©O?n�6

uØÓ�m���D(ÚØ �K�òzÏ�. d

	, FTVSRuy3�m-�m-ªÇEÜ�¥�g�

1�m-ªÇ5¿åO�Ú�m-ªÇ5¿åO�´

�k���ª, ù´Ï��Ø�mþ��KkÃu

ïá�S'X.
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Fig. 40 Architecture of FTVSR
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Fig. 42 Architecture of PSRT

Xu � [98]@�V�5���du$ÏÈÅ,

¬����v¥�pª&E, �C���KE

¤
pª&E��ý, JÑ
Ûªéà�Àª

E� Transformer (Implicit alignment restoration

transformer, IART)§3vméàL§¥ò��ö

�O��O�ÛÜI�S�5¿å, (�Xã 43¤

«. =¦�O�16�3Ø�, IART�U��ûÐ

�°�5.

Motion Estimation:  

Compensation:  

Coordinate
Network

Integral Offsets 

Coordinate
Network

Resampling

A
ff

in
ity

Decimal Offsets

ã 43 IART (�ã

Fig. 43 Architecture of IART
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Fig. 44 Architecture of MFPI
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Fig. 45 Architecture of DFVSR
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Fig. 46 Architecture of MIA-VSR
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Fig. 47 Architecture of RVRT
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Fig. 49 Architecture of StableVSR
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Fig. 50 Architecture of MGLD
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Fig. 51 Architecture of Upscale-A-Video
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Fig. 52 Illustration of different inter-frame alignment
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Fig. 53 Explicit alignment based on optical flow
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Fig. 54 Deformable convolution-based alignment
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Fig. 55 Flow-guided deformable alignment and flow-guided deformable attention
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Fig. 56 Inter-frame alignment based on 3D convolution
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Table 5 Performance and parameter comparisons of

different inter-frame alignment

éà�ª ëêþ (M) ���{
16

GT SpyNet

wªéà (16) 1.35

�C��� 31.84 31.78

V�5�� 31.92 31.85

Vng�� 31.93 31.89

·Üéà (16Ú�
1.60 V�5�� 32.08 31.98

��C/òÈ)

·Üéà (16Ú�
1.56 V�5�� 32.03 31.94

��C/5¿å)

·Üéà (16Ú�
1.35 �C��� 31.81 31.82‘

�ã�¬éà)

·Üéà (16Ú�
1.36

Äu5¿å�
32.14 32.05

�Ûªéà) Ûª��

�
nÜµÿØÓ�äe�Úvméà�ª�

Àª�©5U��Ç�5�K�, �©3Ó�²�
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ª�©�{, ¢�(JXL 6¤«. Ù¥, �ä�í
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L6 GeForce RTX 3090²�e VSR�5UÚín�mé'(J

Table 6 Performance and inference time comparisons of VSR algorithm on GeForce RTX 3090 platform

é'�{ ëêþ (M) ín�m (ms) éà�ª

Vng��eæ� pd�
eæ�

REDS Vimeo-90K-T Vid4 Vimeo-90K-T Vid4 UDM10

(RGB Ï�) (Y Ï�) (Y Ï�) (Y Ï�) (Y Ï�) (Y Ï�)

Bicubic - < 1 - 26.23/0.7319 31.32/0.8684 23.78/0.6374 31.30/0.8687 21.80/0.534628.47/0.8253

TOFlow [12] 1.41 250 wª 27.96/0.7981 33.08/0.9054 25.89/0.7651 34.62/0.9212 25.85/0.765936.26/0.9438

DUF [56] 5.8 737.5 ÃI 28.63/0.8251 -/- 27.33/0.8319 36.87/0.9447 27.38/0.832938.48/0.9605

EDVR [67] 20.6 188.2 Ûª 31.09/0.8800 37.61/0.9489 27.35/0.8264 37.81/0.9523 27.85/0.850339.89/0.9686

TMP [61] 3.1 31.5 Ûª 30.67/0.8710 -/- 27.10/0.8167 37.33/0.9481 27.61/0.8428 -/-

BasicVSR [75] 6.3 45.4 wª 31.42/0.8909 37.18/0.9450 27.24/0.8251 37.53/0.9498 27.96/0.855339.96/0.9694

ICONVSR [75] 8.7 58.4 wª 31.67/0.8948 37.47/0.9476 27.39/0.8279 37.84/0.9524 28.04/0.857040.03/0.9694

TTVSR [87] 6.8 123.3 ·Ü 32.12/0.9021 -/- -/- 37.92/0.9526 28.40/0.864340.41/0.9712

VRT [88] 35.6 1679 ·Ü 32.17/0.9002 38.20/0.9530 27.93/0.8425 38.72/0.9584 29.37/0.879241.04/0.9737

BasicVSR++ [83] 7.3 60.2 ·Ü 32.39/0.9069 37.79/0.9500 27.79/0.8400 38.21/0.9550 29.04/0.875340.72/0.9722

PSRT [72] 13.4 1280.2 ·Ü 32.72/0.9106 38.27/0.9536 28.07/0.8485 -/- -/- -/-

MIA-VSR [97] 16.5 1194.6 ÃI 32.78 0.9220 38.22/0.9532 28.20/0.8507 -/- -/- -/-
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