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Abstract Video super-resolution (VSR) aims to reconstruct a high-resolution video from its corresponding low-resolution ver-
sion. Recently, VSR has made great progress driven by deep learning. In order to further promote VSR, this survey makes a com-
prehensive summary of VSR, and makes a taxonomy, analysis and comparison of existing algorithms. Firstly, since different
frameworks are very important for VSR, we group the VSR approaches into two categories according to different frameworks:
iterative- and recurrent-network based VSR approaches. The advantages and disadvantages of different networks are further com-
pared and analyzed. Secondly,we comprehensively introduce the VSR datasets, summarize existing algorithms and further com-
pare these algorithms on some benchmark datasets. Finally, the key challenges and the application of VSR methods are analyzed
and prospected.
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Fig.2 Taxonomy of existing video super-resolution algorithms
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4 HEEMERE TR

4.1 HIEENA

FE VSR I 5T N SR A5 s R 0 258 4 3 i 2
T 2 AT U 25 (L3R 1), 33k 2 I 25 48 7 H00E 900004 450 5 4 3t
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IR =R | 0 ®
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kAR 30K 43 S VI 2 IR B O 4% I RDBUT A 48 A 1Y
VSR 44k

F 1 BB S HER S T DI R4

Table 1  Training set often used in video super-resolution
algorithms
, ) A . Ht
¥ A ~ i)} i B R N
HEE FhH THR A e o HEF o

. https://media. xiph. org/
V-trainl — X 25 — YUV
video/derf/

https://www. harmonicinc.

Venice 2014

, 3840X2160 RGB
com/ free-4k-demo-footage/

https://www. harmonicinc.
Myanmar 2014 com/insights/blog/4k-in 1 3840X2160 RGB
context/
CDVL 2016 http://www. cdvl. org/ —
Vimeo-90K 2019 http://toflow. csail. mit. edu/ 91701

1920X1080 RGB
448X 256 RGB
https://drive. google. com/
MM522 2019 open?id=1xPMYiA0JwtUe 522
9GKiUadm31XvDPnX7]Juu

318 X180 RGB

. https://seungjunnah. github. _
REDS 2019 | 270
io/Datasets/reds. html

T — R AR S

1920X1080 RGB

F 2 PP JrFE Ak 0 A 4

Table 2 Testing set often used in video super-resolution

algorithms
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T Vimeo-90K i 4E . REIHEM S 64612 MU, Hh 4
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(International Conference on Computer Vision) F#:H ., %%
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PSNR ( Peak Signal-to-Noise Ratio) Hl 45 #4 #H ol ¥ SSIM
(Structure Similarity) , PSNR 75 % 545 ¥ {8 J5 22 MSE, B
e L

1 N A N

MSE= Di(xi—x:)? 10)
N2

PSNR=10log., (;455) an
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SSIM X Wik Bl 647 T 3 AN J7 A9 B, B 5 B L% L
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Table 3 Comparison results of all methods on the dataset with a scaling factor of 4
¥k 45 ik noRAE GRS
PSNR SSIM PSNR SSIM
MultiBoot-38 REDS REDS-Test 31 0.8822 — —
B DAVIS-10 34.32 0.925 — —
SOFVSR' CDVL ]
Vidd 26.01 0.771 — —
MEM(‘;\IQDZ] Vimeo-90K Vimeo-90K-T 33.47 0.947 — —
Vidd 24.37 0.838 — —
FRVSRL3] vimeo. com Vid4 — — 26. 69 0. 822
REPNL Vimeo 90K Vid4 27.16 0.819 — —
SPMCS 30.1 0.874 — —
DRVSRD . Vidd 25.52 0.76 — —
h SPMCS 29. 69 0. 84 — —
FFCVSRMH Venice+ Myanmar Vid4 26.97 0.83 — —
VSRResNet ¢/ Myanmar Vid4 25.51 0.753 — -
Vimeo 00K Vidd 27.35 0.8264 — —
EDVR46] Vimeo-90K-T 37.61 0.9489 — —
REDS REDS4 31.09 0.88 28. 88 0.8361
TDANLZH Vimeo-90K Vida 26. 24 0.78 26.58 0.801
DN Vimeo 00K Vidd — — 27.31 0.8257
o SPMCS 30. 36 0.8794
BRENC] V-trion Vidd — — 24.43 0.6334
V-test — — 28.2 0.7739
pUEL23] Internet Vid4 26. 81 0.8145
PFNLE * Vidd — - 27.4 0.8384
. _ Vidd 28.41 0.8724
OVSR " MMs522 UDM10 N B 10,14 0.9713
REDS REDS 31.67 0.8948 — —
Vidd 27.39 0.8251 27.39 0.8279
ICon VSR ) Vimeo-90K-T 37.47 0.9476 37.47 0.9476
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UDM10 - — 10.03 0.9694
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UDM10 39. 35 0.9653
Dmelts] REDS REDS 25.73 0.8428 B B
: ’ Vidd 24.63 0.8403
Vidd 26. 48 0.7892
DDANL] MM522 Myanmar 34,46 0.9144 — —
YUV21 29.18 0.799
OFRned 5 CDVL Vidd 27.34 0.8327
Vimeo-90K Vid4 26. 86 0.814 — —
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