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Video inpainting based on residual convolution attention network
LI De-cai's YAN Qun'**, YAO Jian-min'?, LIN Zhi-xian', DONG Ze-yu'

(1. College of Physics and Information Engineering s Fuzhou University ,
Fuzhou 350108, China ;
2. Jinjiang RichSence Electronic Technology Com pany Limited ,
Jinjiang 362200, China)

Abstract: Video inpainting, which aims at filling in missing regions of a video, remains challenging
due to the difficulty of preserving the precise spatial and temporal coherence of video contents. In
order to solve the problems of discontinuous semantic information, video blurriness and temporal arti-
fact, and more and more complex network design, the overall speed of the network becoming slow.,
this paper proposes a residual convolution attention network (RCAN) for video inpainting. By intro-

ducing the self-attention mechanism and the global attention mechanism into the residual network,
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the ability of the network to learn the spatio-temporal features of all input frames is enhanced. This

method proposes a spatial-temporal adversarial loss function to optimize RCAN, which improves the

quality of video inpainting. At the same time, the network can define the number of layers and param-

eters with a high degree of freedom to improve the practical application ability of the network. Experi-

mental results show that the network can achieve an average inpainting result in that the PSNR is
30. 68 dB, the SSIM is 0.961, and the FID is 0.113 on DAVIS and YouTube-VOS data sets. This

method meets the inpainting quality requirements of the actual scene on the model and provides a new

idea for video inpainting.

Key words: deep learning; video inpainting; self-attention mechanism; residual networks; generative adver-

sarial networks
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Tab.1 Comparison of video inpainting results between RCAN and existing networks on YouTube-VOS

Approachs PSNR/dB SSIM FID Runtime/s Memory/MB
VINet! 28.57 0.914 0.070 0.28 4110
DFVIH 28.42 0.913 0.078 112.32 9 794
CPN (22 29.39 0.931 0.068 1.40 9 652
OPNE#1 30.28 0.946 0.075 9.05 8 230

LGTSME! 29.86 0.950 0.076 23.56 8 744

Ours 30.69 0.965 0.059 0.85 6 724

(2) % Al (b) LGTSM (c) CPN (d) A3CBE
(a) Input frame (b) LGTSM (c) CPN (d) Ours

Bl 5 YouTubeVOS [ 7 fE [ & 52 25 5t
Fig. 5 Video inpainting results for stationary masks on YouTube-VOS

W25 B B RN AT SR, SRRV T 75 PSNR 24 30.67 dB, SSIM 4 0.956, FID &
RCAN H5 R 7E [f] 5 4 B 00400 48 52 b i) A 35 0. 167,38 f7 ] R AW 0.69 s, NAFTHFE R 6 928

WA R T G M B I 4% B TR L AR SCiE MBI PR RE A T A B Y, B R B oK 7E
e DAVIS Blls 45 F 4l B @ M DL X B sh i i DAVIS Bl b A SCRERI S T 42w 1918 2 K
PR AT I E . B MR TR SR 2 BF MR E

# 2 RCAN ST BEML A DAVIS FiEEER3TIE

Tab.2 Comparison of video inpainting results between RCAN and existing networks on DAVIS

Approachs PSNR/dB SSIM FID Runtime/s Memory/MB
VINet!t 27.69 0.921 0.193 0.98 4110
DFVI' 27.61 0.920 0.186 37.63 9 436
CPN 22 28.16 0.932 0.180 0.83 9 824
OPN!#! 30.62 0.946 0.172 4.17 7 868

LGTSM®! 28.15 0.941 0.169 17.45 8 824

Ours 30.67 0.956 0.167 0.69 6 928
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Fig. 6 Video inpainting results for stationary and moving masks on DAVIS
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Tab.3  Comparison of adding attention video inpainting results

Approachs PSNR/dB  SSIM FID

ResNet 25.27 0.916  0.242
ResNet+ i & F1 ALl 30.67 0.956  0.167

A RCAN BEALIE AT LA ey BE [ h b e )24
SR i 45 i 5 22 8 BUE RO L 5k 22 )2
HOR P BRI BRI , LI ke P2 i A2 1 52 2 B2 AT
PR, R 4 JE A [ 5% 22 2 B Y 4 R
AT RS T 00 2% 2 R 22 00 245 ) R ARG B2 g
(RIS ot iy 1 R 2% i 52 2 JE M. e BSE
JO7 P o AT AR 3 S B 2 AR 0 B8 AN [) >R s SO e 5
P 245 1) J2= ORI 2 00k 488 B R A SE B I T BE T
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Tab.4 Comparison of video inpainting results of RCAN with different residual layers on DAVIS
Layers PSNR/dB SSIM FID Runtime/s Memory/MB

(1, 2,2, 1] 29.26 0.937 0.185 0.18 2110
[1, 2,4, 1] 29.41 0.940 0.181 0.24 2404
[2, 4,6, 2] 30.38 0.953 0.176 0.46 4394
[3, 4,6, 3] 30.46 0.954 0.171 0.55 4980
[4, 8,8, 4] 30.67 0.956 0.167 0.69 6928
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