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Video Compressed Sensing Method with Integrated Deformable 3D Convolution and Transformer

DU Xiuli,ZHU Jinyao, GAO Xing,LYU Yana and QIU Shaoming
Key Laboratory of Communication and Network,Dalian University,Dalian, Liaoning 116622, China

School of Information Engineering, Dalian University, Dalian, Liaoning 116622, China

Abstract Facing the challenge of increasing data volume due to higher resolution of video, realizing high quality video reconstruc-
tion with lower sampling rate can reduce the consumption of communication resources and thus reduce the difficulty of deploy-
ment at the sampling end. However, the existing video compressed sensing methods cannot fully utilize the inter-frame correlation
of the video,and the reconstruction quality of the video at low sampling rates needs to be further improved. With the introduction
of deep learning technology.distributed video compression sensing based on deep learning provides new ideas for video compres-
sion sensing reconstruction. Therefore, this paper combines 3D deformable convolution with Transformer to construct
CS3Dformer network, which utilizes the effectiveness of 3D deformable convolutional network in capturing local and spatio-tem-
poral features of video and learns spatio-temporal features between video frames,and at the same time, utilizes the advantages of
Transformer in capturing long-range dependency features, which compensates to some extent for the advantages of convolutional
neural network method in capturing the non-local similarity of the defects of image,and better realize the modeling of the video.
This method is an end-to-end video compression perception method, the experimental results on multiple datasets verify the effec-
tiveness of the proposed method.

Keywords Compressive sensing. Video reconstruction, Deformable convolution, Transformer, Convolutional nerul network
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Average PSNR and SSIM comparison of various methods on the first two GOPs of video sequences in the case of

different measurement rates

- Ratio Video-MHL23] RRSH2H VCSNet_1L18] Proposed_1 VCSNet_2L18] Proposed_2

PSNR  SSIM ~ PSNR SSIM  PSNR SSIM  PSNR SSIM  PSNR SSIM  PSNR  SSIM

Wallpushups_1 22.76  0.6542  23.78  0.7549  33.92  0.9527  36.28  0.9571  36.85  0.9755  36.97  0.9780
Wallpushups_2 23.41  0.6875  26.56  0.7715  38.50  0.9679  40.71  0.9816  40.37  0.9765  41.04  0.9834
TaiChi_1 0.5/0.1 25.52 0.7498 26.39 0.8225 34.90 0.9547 37.27 0.9726 37.25 0.9738 37.70 0.9760
TaiChi_2 25.82  0.7529  24.91  0.7012  36.67  0.9446  38.64  0.9706  39.05 0.9618  39.39  0.9741
Average 24.38  0.7111  25.41  0.7625  36.00 0.9550  38.23  0.9750  38.38 0.9719  38.78  0.9779
Wallpushups_1 21.26  0.6238  22.64  0.6952  33.77  0.9533  35.14  0.9685  36.20  0.9722  35.31  0.9698
Wallpushups_2 22.05  0.6389  24.32  0.7124  35.64  0.9437  38.03  0.9717  37.84  0.9588  38.12  0.9744
TaiChi_1 0.5/0.05 24.18  0.7051  24.65 0.7758  33.15  0.9342  35.96  0.9608  36.20  0.9663  35.97  0.9625
TaiChi_2 24.20  0.7112  23.17  0.6856  33.65  0.8977  36.08 0.9456  36.68  0.9328  36.78  0.9536
Average 22,92 0.6698  23.70  0.7173  34.05  0.9322  36.41  0.9617 36.73  0.9575  36.55  0.9651
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(83
- Ratio Video-MHI23] RRS21 VCSNet_1H18] Proposed_1 VCSNet_2018] Proposed_2

PSNR SSIM  PSNR SSIM  PSNR SSIM  PSNR SSIM  PSNR SSIM  PSNR  SSIM

Wallpushups_1 18.26  0.4553  18.59  0.4779  29.17  0.8861  32.02  0.9468 34.96 0.9669  34.86  0.9687
Wallpushups_2 16.78  0.4225  17.56  0.4367  30.40  0.8624  32.93  0.9268  33.98 0.9142  35.71  0.9537
TaiChi_1 0.5/0.01 19.32  0.5545  20.21  0.5994  29.60  0.8803  33.09 0.9382 36.18  0.9555  35.40  0.9595
TaiChi_2 18.69  0.5238  20.42  0.6085  28.41  0.7845  31.27 0.8831  32.84 0.8788  34.81  0.9255
Average 18.26  0.4890  19.20  0.5306  29.40  0.8533  32.33  0.9237  34.49  0.9289  35.20  0.9519
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Fig. 8 Visual quality comparison on the 6" frame of video sequence Wallpushups_g20_c01 in the case of sampling rate=0.5/0. 1

Video_MH/24.76 dB/0.7372 ‘VCSNet_1/25.00 dB/0.7426 Proposed_1/32.72 dB/0493673

Original/PSNR/SSIM

RRS/24.97 dB/0.7418 ‘VCSNet_2/26.02 dB/0.7764 Proposed_2/34.56 dB/0.9490

B9 0.5/0.01 RFERETFAEMIFE S TaiChi_g22 c04 AIEE 4 W1 F A [ 77 s 8 400 50 35 SR %) I

Fig. 9 Visual quality comparison on the 4™ frame of video sequence TaiChi_g22_c04 in the case of sampling rate=0.5/0. 01
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Fig. 10

PSNR comparison between VCSNet and proposed method on the two GOPs of video sequence TaiChi

in case of one key frame and two key frames
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KRR EH GRS Transformer B B ) XU 3¢ 4
Wit ) 2% 45 44 1K ResD3D i 3D 7J 48 ) % B 40 °h 3D %
TR XU i o o 2% 45 40, D 4 SR 3 B9 28 1 4> GOP il A7
W, IF B 4 A FUSF 51 /9 ~F-3 PSNR 5 SSIM #4741
WA S an 2k 2 o, qRMEZ N 0.5/0.1,0.5/0. 05 Fl

0.5/0. 01 W}, fi A Transformer A 3 () R 2% #H b JC Trans-
former BB 1Y R % , -2 PSNR 4351 & 4 0. 50dB,0. 79dB 1
0.28dB, ¥ SSIM 43 5l &t 0. 007 9,0. 0126 F1 0. 008 2; ffi
F 3D AR TE 45 BLAY ResD3D BBk (19 I 45 A1 LL fifi A 3% 38 3D
5 FUE Res3D LAY W 45 . 78 PSNR il SSIM A 8 3 #TF,
S F W, i Transformer # ¥ F ResD3D #55 4 fY X 45 HE
Z et W05 A 1k RE A BT ER T ARSI S ResD3D A5 Ek

2 ARFERFERAEDT A G G5 75— GOP L EMZ5 RT3 PSNR 5 SSIM Ayt L

Table 2

Average PSNR and SSIM comparison of different network structures on the first GOP of 4 video sequences

in the case of different measurement rates

Replacing ResD3D

Without Transformer

KB R with Res3D Transformer and ResD3D
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM
0.5/0.1 25.24 0.7790 38.28 0.9700 38.78 0.9779
0.5/0.05 22.09 0.7427 35.76 0.9525 36.55 0.9651
0.5/0.01 20. 38 0.7139 34.92 0.9437 35.20 0.9519
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HE—A> GOP L 1) - 259 T 4 1] 5] 7 % LE

Table 3 Average computational time and number of parameters

of different methods for reconstructing a GOP at the sampling

rate of 0.5/0.01

S Parameter Time/s
Video-MH — 156. 65
RRS — 7899.61
VCSNet 5.45X10° 10.61
LRR-VCSNet 6.52x10° 7193.67
Ours 2.56X10° 22.73
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