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Abstract: Aiming at the insufficient utilization o @inter—fmme information and hierarchical information in video

super—resolution, a dense deformable video super

nism is designed. Three —dimensional convol
by deformable convolution module, and a lig

attention information. Dense connection

feature information to achieve bett
The results show that the propos
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esofution reconstruction network with spatial —sequential attention mecha-
sed to extract sequence information between adjacent frames aligned
eicht module with strided convolution layer is designed to extract spatial
are ’trouced in the feature reconstruction stage to make full use of hierarchical
e reconstruction. The public datasets are selected for experimental verification.
ithm has improved both objective evaluation indicators and visual contrast effects.
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1 Vidd  PSNR ° 3 :
(dB) ’
Calendar ~ City  Foliage =~ Walk Vid4 REDS4
Bicubic 2039 25.16 23.47 26.10 23.78 , . ,
RCAN 2233 26.10 24.74 28.65 25.46 , ,

TOFlow 22.47  26.78 25.27 29.05 25.89 i ) Vidd REDS4
EDVR 23.36  27.53 25.87 30.03 26.69 PSNR 0.08dB  0.18 dB.
23.41  27.59 25.94 30.14 26.77 SSIM 0.030 0.0036.
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2 REDS4 PSNR
(dB) ’ ’
Clip000  Clip011  Clip015  Clip020 ’
Bicubic ~ 24.55 26.06 28.52 25.41  26.14
RCAN 26.17 29.34  31.85 27.74 28.78 Q
TOFlow  26.52 27.80 30.67 26.92 27.98 0 ;
EDVR 27.58  30.95 33.20 29.35  30.27
27.60  31.19 33.43  29.48  30.45 3 Vid4 Gﬁ)s“
PSN?/SSIM
, v Vidd REDS4
. p2 E& 26.69/0.804 4  30.27/0.8643 4.41 M
A 26.70/0.804 4  30.31/0.8645 4.47M
) 3 26.72/0.807 4  30.41/0.8677 6.62M
, A D &A\D 26.77/0.807 4  30.45/0.8679  6.68 M
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