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Two-Stage Recursive Enhancement Reconstruction
Based on Video Inter-frame Group Sparse
Representation in Compressed Video Sensing

XUAN Yun-yi, YANG Chun-ling
(School of Elecironic and Information Engineering ,South China University of Technology , Guangzhou , Guangdong 510640 , China )

Abstract: The traditional iterative optimized based video compression sensing algorithms are limited by long running
time and low adaptability of parameters,resulting in low practicability and generalization. Taking advantage of the powerful
computing power, fast speed and learnable parameters of neural networks, this paper first proposes a group sparse representa-
tion network ( VGSR-Net) ,which maps the image block group to a higher-dimensional sparse domain through convolution
and uses a learnable threshold to denoise and extract inter-frame correlation. On this basis,a two-stage recursive enhance re-
construction network (2sRER-VGSR-Net) is proposed. First, we perform VGSR-Net to preliminarily enhance the initial re-
construction and then introduce STMC-Net as motion estimation,and the compensated frames are fed into the residual recon-
struction network to further extract the missing detail and enhance the current frame. The second stage of reconstruction a-
dopts a hybrid recursive structure with the aim of making full use of the existing better quality reconstructed frames. The
simulation results show that the proposed algorithm improves the PSNR( Peak Signal to Noise Ratio) by 1. 99dB compared
with the existing state-of-art traditional compressed video sensing reconstruction algorithms SSIM-InterF-GSR, while im-
proves the PSNR by 4. 60dB with the comparation of the network-based algorithm CSVideoNet.
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MH-BCS-SPL!7] 38.3 38.3 35.8 25.8 39.9 40. 1 41.8 35.5
RRS'®) 150 161 156 175 163 152 159 165
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RRS 223 213 220 211 215 224 226 229
SSIM-InterF-GSR 99 103 118 112 128 101 136 132
2sRER-VGSR-Net 0.03 0. 03 0. 03 0. 03 0.03 0.03 0.03 0.03

4.2 5ETRE
S

AN 2sRER-Video-Net 15 CSVideoNet''®! %} [t
M 4 % B 55 CSVideoNet — . CSVideoNet [ 52 B 4%
XA B SR, SC B RAE 2628 0. 2, JF S UR A
2354 0.037,0. 018,0. 009. 4R FER T 1 1) i B
WM 4 Fin.

%4 1] I, 2sRER-VGSR-Net #f [t T- CSVideoNet
A HULR I PTERERE T 7E4 RAFRET PSNR A 4dB £ 4711
LT, 1 SSIM t 45 0. 08 ~0. 09 42T CVS [ fif i 3ok
BRE— TR EM N, 5 CSVideoNet £ [t ,2sRER-VG-
SR-Net BEANBY B AR 51 AT WA y, BR i I A 2 1], fiff
BB B R 27 A BRI I 25, I Ab,
2sRER-VGSR-Net il A T3z gl A i1, 7] LA S 78 49 1) FH it
[ AH OG5 B

S5 UE AR ST $ 55 2 AR Al I AR R 1Yz L RE
41,325 J&R T 2sRER-VGSR-Net 1 2sER-VGSR-Net*"
FEJLAS 8 A 48 UCF-101 ,VID4 il DAVIS | ()
TP RE. o, BN DAVIS %4fs A v $k 3k 10 A4 45 7 51
20 BAR L 10 DAVIS-10. PR PRSI IT ) H 0 2 B
KANH 160 x 160 [ EIG AR B 5 B 43

F3M CVS EMEEERITLE R

®4 BREZTHEHEZEWREXLL (PSNR(dB)/SSIM)

e CHERAE A CSVideoNet! !¢ 2sRER-VGSR-Net
0. 037 26. 87/0. 81 31.52/0. 89
0.018 25.09/0.77 29. 87/0. 86
0. 009 24.23/0.74 28. 60/0. 83

%5 2SRER-VGSR-Net 7 2sER-VGSR-Net & xR E Mk &ETE
HIFRE 7T LL (PSNR(dB)/SSIM)

Ak R AR 2sER-VGSR-Net ! 2sRER-VGSR-Net

UCF-101

0. 037 31.23/0. 89 31.52/0. 89

0.018 29.49,/0. 85 29. 87/0. 86

0. 009 28.29/0. 82 28. 60/0. 83

VID4

0. 037 25.21/0. 69 25.62/0.72

0.018 24.31/0. 63 24. 48/0. 65

0. 009 23.51/0. 58 23.59/0. 60
DAVIS-10

0. 037 28.32/0. 80 28.70/0. 82

0.018 26.19/0. 73 26.44/0.74

0. 009 24.46/0. 67 24.74/0. 68
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M5 A LU i, 2sRER-VGSR-Net 75 H At £ 45 4147
AT TR PERE, 734 PSNR F1 SSIM 75 F 2sER-VG-
SR-Net. 2sRER-VGSR-Net {35 &3 A 2544, 1] LA 7843 Ho )
FHF A i E FEAA G AT s T RS 5 A
4.3 EFHHITFAE_NERIEENEMRENKLE

3 T BiF 2sRER-VGSR-Net HEZR 144 %1 , 4 SCi%
T —21%F EESE 5, Gk B AE sl Ak 1T A1 SE — B 5 1)
WM B AT — A B B i 3G R E A 459 VG-
SR-Net, [fij 2sRER-nome 7R 25 - Fr Bt T4 Hp L 532 5l

flT AR 55 25 T AR B 9 9 A A Sy 225 it AT 4
i i AL SERCE S5 4. 1 N — B, =R R
AR 6 Fr7. & rh 5 di v] WL, 2sRER-VGSR-Net
It VGSR-Net I 2sRER-nome ¥4 8 KA T}, H s
BN 7 %) football , soccer . tennis . ice , stefan F1 mobile $2 T}
OB, AL, fE PR 12 3 P 81 R 9B Sl Al TR A
[ 4R T T B Al R AR i A A
JSCiR S 1e SR i I TR ke S = T T [ S
PRILZH AR , DA T £ e T A o ot

% 6 VGSR-Net 7 2sRER-nomc %; 2sRER-VGSR-Net f PSNR 37 Lb &5

Bk ‘ hall ‘ mother-daughter ‘ football ‘ soccer ‘ tennis ‘ ice ‘ stefan ‘ mobile
key subrate =0. 7 ,non-key subrate =0. 1,GOP =8 ,PSNR(dB)
2sRER-VGSR-Net 38.28 40. 42 28.72 32.46 28.96 35.21 24.15 26. 87
2sRER-nome -0.61 -0.33 -1.81 -1.81 -1.76 -1.82 -1.86 -0.85
VGSR-Net -1.01 -0.42 -0.86 -0.8 -1.07 -1.45 -1.04 -1.11
key subrate =0. 7, non-key subrate =0. 05,GOP =8 ,PSNR(dB)
2sRER-VGSR-Net 37.10 39.63 27.03 30. 13 27.75 33.07 23.35 25. 80
2sRER-nome -0.44 -0.28 -1.25 -1.57 -1.25 -1.4 -0.99 -0.79
VGSR-Net -1.53 -0.89 -1.08 -1.26 -1.36 -1.81 -1.07 -1.3
key subrate =0. 7 ,non-key subrate =0. 01 ,GOP =8 ,PSNR(dB)
2sRER-VGSR-Net 33.86 37.33 24.15 25.55 25.04 28.43 22.00 24.08
2sRER-nome -0.38 -0.23 -0.9 -1.91 -0. 68 -1.66 -0.26 -0.44
VGSR-Net -1.53 -1.04 -0.77 -1.29 -0.89 -1.95 -0.51 -0.98
5 gﬁﬁ/_\' [ C]. Cardiff , UK . IEEE,2007. 403 — 406

ARSI P 4 A i A MR 2, 4 1 AR ot 1) 24 7 i
P 2% (VGSR-Net) , 75 i £ 2 1] b 0075 58 Jin 5 B 16 45
BRZH P L 2 7 R AR OO AL ot [ AR S 1. 72 e S I
ASCER I T P B B U 3 5 5 AL ) 4% (2sRER-VGSR-
Net) , 72 PAPSCBL CVS FAG . (1) T Jyiz gl T4 it
SR A S, TE 6 TR B A B ST A S B it
PEAT WA S SR E A 5 (2) 3 3 s AR R0 45 52 B i B A 1
B i ARG (9 AR LA, A8 12 Bl b A2 AN 25 — B B
S i FAR A R A0 R A b AT 5 22 T A, 0 Al S B it
Frite— PR E . LAk, O T e M E A I E A S
. ,2sRER-VGSR-Net 5% it 5128 19 45 14, )L n e 4
BT AL i B (9 2 25 i DL D W A 9 5 AL 5 B
LRI, i Ak AR L SE ) DCVS FAG LA L
FUARON W 04 o 4R T 5 5 BEAT B e — A i T IR
B2 H) DCVS A4 53 3% CSVideoNet A1 LL , AT 4257 141
A 4dB /2451 PSNR $2£7}.
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