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Abstract: Due to the lack of guidance from the parallel update theoretical solver framework, existing deep learning-
based distributed compressed video sensing (DCVS) algorithms alternately use measurement values and reference frames to
optimize the reconstructed non-key frame, resulting in the inability to fully combine the two types of information and limit-
ing the quality of reconstruction. In order to solve this problem, this paper firstly uses Bayesian theory and maximum a pos-
teriori estimation (MAP) to derive the optimization equation of non-key frame reconstruction in DCVS, and then derives the
solution framework of the optimization equation based on the proximal gradient algorithm, including multi-information
flow gradient update and aggregation equation. Based on it, this paper designs a multi-information flow gradient update and
aggregation neural network module (MIGA), and constructs a deep multi-information flow gradient update and aggregation
network (DMIGAN) for DCVS non-key frame reconstruction. MIGA uses the measurement values and multiple reference
frames to update the current non-key frame by parallel gradients, and then performs information interaction and fusion, so
as to fully combine multiple information flows to update and reconstruct the frame. In this paper, the MIGA and the denois-

ing sub-network are cascaded to simulate a single iteration of the proximal gradient algorithm as the basic phase. The deep
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reconstruction network DMIGAN is constructed by cascading multiple phases to realize the deep optimization process of

frame reconstruction. Experiments show that, compared with the representative traditional iterative optimization algorithm

structural similarity based inter-frame group sparse representation (SSIM-InterF-GSR), the performance of DMIGAN is im-

proved by 8.8 dB and 7.36 dB at low sampling rate and high sampling rate respectively; and compared with the representa-

tive deep learning reconstruction algorithm VCSNet-2, the performance is improved by 7.09 dB and 8.78 dB at low sam-

pling rate and high sampling rate, respectively.
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4 (Structural SIMilarity , SSIM ) SRR RO VRS BT A
D5 A PERE .
5.1 5&g&ERRUEEERMT LR

AR 61> QCIF A% 20 (176 x 144) KL e ¥ 51 1 Hif
96 i 5 6 4~ CIF 4% 28 (352 x 288 ) FE 1 41 A Riy 16 Ml
B DMIGAN 5 4 4 B A T EACHS 19 AR M A% g AU
{77 (MC/ME , MH , RRS Fl SSIM-Inter F-GSR) , Hth
61 QCIF J¥ 5145 %) A foreman , hall, silent, ice , soccer Fl
mobile, 6 4> CIF &4 4351 K4 coastguard , foreman, mobile,
mother-daughter, paris, soccer. X £6 751 73 5L H# T A
W] 248 0 [ A0 400, 3 45 12 3 % 8] (hall, silent, mother-
daughter) I s R 51 (foreman, ice, paris) LA
Je 5 5z 8l 1 PRE F 51 (soccer, mobile, coastguard ). ¢
BEMUR AR 0.5, A X BEWTR A4 0.1, 0.05,0.01,
GOP K/NHy 8. AR RAFE AN 2 B AL AE QCIF J7 41 1Yy
MR S5 AN 1 7R, 76 CIF 41 1 Al a5 J an <5 2
I

126 153 2 0], B QCTF A R4, 73l S ke
WURAEFE 7 0.1,0.05,0.01 548, 6 N HUTF 51 171
A PSNR 20 342 T T 7.36 dB, 7.79 dB, 8.80 dB; £ X}
CIF ¥ A, 6 > WAL T 4] (14 °F- 12 H5 44 PSNR 43 1] 42
F+T 5.80 dB,6.68 dB, 8.30 dB. X LEEHi KM, X F A
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F1 BRHEETDMICAN 5EZEHERMRUE XL QCIF F 5 EEMLERITLL (PSNR(AB)/SSIM) ,7,=0.5
P Ak foreman hall silent ice soccer mobile
MC/ME® 29.32/0.7020 | 27.54/0.7048 | 30.78/0.7724 | 28.13/0.5507 | 26.39/0.4847 | 22.45/0.6672
MH"! 3432/0.9466 | 31.99/0.9484 | 34.03/0.9340 | 30.20/0.9268 | 28.42/0.8326 | 24.52/0.8215
0.1 RRS!" 35.17/0.946 0 | 28.53/0.918 5 33.95/0.9256 | 31.09/0.9396 | 29.74/0.8286 | 20.00/0.5526
SSIM-Inter F-GSR!"™ 35.77/0.9537 | 34.44/0.9692 | 35.11/0.940 1 31.75/0.9539 | 30.25/0.869 1 24.35/0.833 9
DMIGAN 41.78/0.9850 | 42.28/0.9880 | 42.23/0.9862 | 39.64/0.9863 | 36.64/0.9474 | 33.31/0.9745
MC/ME 27.17/0.628 6 | 25.63/0.6336 | 2825/0.7103 | 25.70/04377 | 24.19/0.3576 | 21.34/0.604 7
MH 3231/0.9242 | 31.11/0.9396 | 33.08/0.9218 | 28.57/0.9038 | 26.84/0.7767 | 23.03/0.761 1
0.05 RRS 26.84/0.8464 | 22.05/0.7199 | 25.76/0.7226 | 26.15/0.8583 | 26.80/0.7397 16.68/0.349 7
SSIM-Inter F-GSR 33.22/0.9330 | 33.21/0.962 1 33.65/0.9218 | 28.85/0.9221 27.49/0.7929 | 22.99/0.779 1
DMIGAN 39.84/0.9792 | 40.95/0.9856 | 40.91/0.9818 | 37.75/0.981 1 34.13/0.9183 | 32.56/0.971 4
MC/ME 16.27/0.259 4 15.33/0.238 4 18.62/0.352 7 17.78/0.168 2 17.16/0.160 2 16.41/0.326 2
MH 23.61/0.6967 | 23.54/0.7916 | 25.73/0.7402 | 21.87/0.7363 | 21.27/0.5277 16.38/0.303 6
0.01 RRS 18.51/0.468 2 18.18/0.4927 | 21.25/0.5095 | 20.72/0.6464 | 21.42/0.544 4 15.24/0.242 7
SSIM-Inter F-GSR 26.96/0.8372 | 28.52/0.9287 | 24.66/0.7824 | 24.60/0.8242 | 23.43/0.6249 | 21.94/0.718 8
DMIGAN 35.18/0.9496 | 38.14/0.9795 | 37.52/0.9663 | 32.65/0.9506 | 28.86/0.7984 | 30.58/0.9599
FE MARBIR R E 2 R B 190 R R R AR S (55 2 51) % 64~ QCIF 81 (5% 147) #E47 B MG ) foe 25

F2 BRHEETDMICAN 5EZEEERRUE XL CIFF I LEHWERITEL (PSNR(AB)/SSIM) ,7,=0.5

i Bk coastguard foreman mobile mother-daughter paris soccer
MC/ME"! 27.10/0.7003 | 31.21/0.8716 | 20.850.6262 | 37.55/0.9467 | 24.79/0.8039 | 26.81/0.7156
MH" 28.57/0.769 1 33.34/0.8932 | 21.63/0.6450 | 39.19/0.9537 | 25.43/0.7776 | 27.40/0.740 5
0.1 RRS! 28.99/0.7730 | 34.61/0.9285 | 20.12/0.6135 | 42.33/0.9744 | 24.01/0.8179 | 29.17/0.789 4
SSIM-Inter F-GSR"™ | 30.70/0.8357 | 37.04/0.9343 | 22.54/0.7753 | 41.70/0.9682 | 31.26/0.9398 | 30.35/0.809 2
DMIGAN 33.64/0.9024 | 40.97/0.9722 | 32.91/09740 | 47.04/0.9877 | 37.56/0.9811 | 36.21/0.9490
MC/ME 26.00/0.6437 | 29.06/0.829 2 19.49/0.5382 | 35.93/0.933 1 23.32/0.7562 | 25.03/0.644 0
MH 27.43/0.7115 | 31.79/0.869 1 20.37/0.5772 | 37.79/0.9422 | 24.23/0.7459 | 26.09/0.686 4
0.05 RRS 24.70/0.5892 | 30.65/0.892 1 16.62/0.3727 | 38.14/0.9429 18.84/0.5462 | 26.18/0.6810
SSIM-Inter F-GSR 29.07/0.7809 | 35.00/0.9139 | 20.71/0.6640 | 39.94/0.9552 | 28.88/0.9042 | 27.67/0.7318
DMIGAN 32.47/0.8673 | 39.72/0.9659 | 31.95/0.970 1 46.26/0.9860 | 36.28/0.9766 | 34.64/0.9333
MC/ME 15.24/0.292 1 13.03/0.310 4 13.93/0.2777 | 31.20/0.878 5 16.05/0.439 5 13.76/0.314 5
MH 24.98/0.5533 | 27.88/0.806 5 18.08/0.4160 | 32.93/0.8823 | 20.58/0.6006 | 23.06/0.573 I
0.01 RRS 22.03/0.4283 | 20.39/0.643 3 15.16/0.2859 | 25.33/0.7160 16.99/0.4106 | 21.51/0.516 1
SSIM-Inter F-GSR 26.20/0.6496 | 28.03/0.828 9 19.17/0.5550 | 32.27/0.8850 | 25.56/0.8334 | 22.76/0.5815
DMIGAN 31.03/0.8174 | 3570/0.9312 | 29.39/0.9547 | 44.32/0.9816 | 33.11/0.9588 | 30.24/0.829 1

T MABAR R A SRR G 190 T ARSI L (4

] 439 % 5 AN Rl iz h S B {9 A4 7 51, DMIGAN 78 A~
[ SR BSR4 S8 T e 3 A MR RE R T, T AR AR
FEFRT (0.01 RAER)  JETHCR T i i

Kl 3 @R T AR5 CIF #% 24 #) mobile 51 7E
KHEMURFER A 0.5, FE S EWURFER ] 0.1 I &R1F T,
5513 MR AL R . BT IE 3R 5 S RS, MC/ME
55 MH B3 4 R 5 A7 76 B S (R R s, 400 5 J e A 8 A
W ; RRS 5 SSIM-InterF-GSR - 32 %42 2 (1) 15 5t 4 i
ZfE B B B D5 S 5 B Al E R0 R
A SCHE B DMIGAN X 32 2 () 15 5% (AR 5 H D7) iz
SRETE VNERS K ) ERSE I T SCHE T Y = T

251 %} 64~ CIF 581 (45 147) iF

AT B R R A

RO O T B AR CRFER T A gk R fk
Y o Py A 7 RS AR S 1, o) A AR S T PN
YT L, X S R S U Sk A A SR AR OR A
RN HEA TR FERACRFER(0.01) 2544 T IL IR &
R , 22 B FH I 1 5 2 2% i 5 2™ A6 i M s 2 0 )t
E/nm T 5% M 5 2% F K . DMIGAN AR H A S S04 9F:

ATHRBE TR R A A BT, AT LA TR] s X 2 E 5 2 2 i
ffgﬁlﬂfnum FEATOESAE AN, 230 AL i ) a2 A R
B I H R i R s 254 DMIGAN AT DLt 47 808 9K
SIS EAAL . LRFHE DMIGAN ZEARRERFEZRT
P AN [ A H00 g R0 P 471 149 SI B g Jo e A
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(e) SSIM-InterF-GSR!" (21.47 dB)

T ¥ UFE DMIGAN 3 F GPU 147 315 () =1 4 3
BE AL, A 30K DMIGAN 518 48 3 AR A AL 3B ik is 47
B IE) R AT X6 b . 3 3 R T A R B v 7E O B iR B
M 0.5 JF S WUR AL RN 0.1 £ 08 X 5t CIF A%
AT 1) SF- 359 AL ) (] AR A58 A7 HE 2R LA K s A7 AR

(/) VCSNet-2""*(21.03 dB)

N e
£58EED
E ST R R )

(g) DMIGAN (32.16 dB)
P13 CIF 3 mobile FF8I 45 13 Wi FRA R 1] L2 6E R 9 PSNR(r, = 0.5, 7, = 0.1, GOP = 8)

fith () CPU I GPU g H AR5 . 36 3 0] 1, 1% G5 i
ATk 537 5 22 22 UG AR 50 B it A, A4 T ]
K, o3k 52 BT Y FH . DMIGAN 38 #F GPU (% 38 K 9 17
VT RE Ol T M R A B 38R O, 52 B S
g

F3 AEEZETEMCIFAEX SRR FHE i E

Viks MC/ME" MH! RRS!M SSIM-InterF-GSR!™! DMIGAN
I ] /s 22.34 4.66 720.25 578.16 0.09
fRADZATHELL Matlab 2016a Matlab 2016a Matlab 2016a Matlab 2016a PyTorch1.10

CPU/GPU Inter Core 15-9400 CPU Inter Core 15-9400 CPU

Inter Core 15-9400 CPU

NVIDIA GeForce
RTX 2080 Ti GPU

Inter Core 15-9400 CPU

5.2 SREFIEMEFERWTERSH
AR UCF-101 19 IUKHE X DMIGAN 5 ¥ 2 27
A A FEAT PR RE VAL BR S R sk 4, Ho Cs-
VideoNet, JsrNet 2y ig 5K X 5% % B 55 A4 55 1% |, 2s-RER-
VGSR-Net, STM-Net , ImrNet Sy & 0% 7758 BE A5 .
A J5 vk ok HTAR TE] A 7 20 20 DI 2 4 5 K4 X L
JrEN S R ICA SRk . 5 H T R 2 A
1L MR (STM-Net, ImrNet, JsrNet, VCSNet-2) , 48 SC7E
Gt (s P15 0] 2 ) SR AR AR I, ORIE 22 B0 L 52 5

B T VCSNet-2 Yl 28 5 K 8 A AR TR 9
WAZ 5 . i34 71A1, DMIGAN 7EAN[A] GOP K /)
EARRRAER ST S T B E N rkgeie s, B
ARGz e RE . Bk, DMIGAN f#°F-34 PSNR 43
5] k. CSVideoNet, 2s-RER-VGSR-Net, STM-Net, ImrNet,
JsrNet 4%/ T 8.85 dB,4.25 dB,3.04 dB,2.47 dB,6.72 dB.
5 FiRIr kA L, DMIGAN 7E 454 phase 3147 F) FH il &
8522 WUE AT 46 B S0, 38 ) 22 i M5 5 29 o A fi
23 (8] AR T ) R M, AT S5 300 8 JBT Y T 7

F4 BRERTABEEEE UCF-101 ik & _ EEH# PSNR XFLE Hifij - dB
GOP /N | KHEWURAER | FEREWIRAER | CSVideoNet™ | 2s-RER-VGSR-Net"'” | STM-Net™ | ImrNet'" | JsrNet™ | DMIGAN
0.037 26.87 31.52 32.50 33.40 — 35.86
10 0.20 0.018 25.09 29.87 31.14 31.90 — 34.23
0.009 24.23 28.60 29.98 30.54 — 32.65
0.100 — — — 37.75 34.15 40.51
4 0.25 0.040 — — — 36.14 31.99 38.82
0.010 — — — 34.37 29.81 36.78

TE MR B R 4 SRR R T AR SR AE UCF-101 AR b FAG 84T PSNR B9 SR i .
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J T PE— B UE DMIGAN A9 £ et , AR SOy H 5
TF PRI B 2 2] MY 31 VOSNet-2 HEATIR ART L. 5
53k 6 W T AL 57E QCIF 5 CIF J¥ 31 A
FAERAERE RPN . EF R QCIF A% 2R , 76 I S gk v
KRN 0.1,0.05,0.01 58T, 6 BT 51 (1)~ F- 1 5
F4 PSNR 5 SSIM 43| #2F+ T 8.78 dB £10.078 1,8.18 dB
F110.100 6,7.09 dB #10.140 8; %1% CIF #% A4 , 6 141
B 51 - 34 RS PSNR 5 SSIM 230 B FH T 7.24 dB 1
0.120 5,7.14 dB 1 0.150 4,6.18 dB F10.177 4. |8 3 J&/R
T PR 5k B EE A RCR X HE, DMIGAN X iz )
BT 5 (A 5 H D) 52 gh BTt UNeRS K4 ) H R
TR .
5.3 ZERRGEENESEIEMIE

2 TR R SRS B e B R ) A
BE BB e o8 y_gd) A FH 225 Wi i 6 2 58 8 (id o
r_gd) 52 RERGHEH (LR agga) , 5377 X 1 5 (8) ~
(10). AR SCBET T 5% 17 A4 T i i 560 560 F 45 A S B 1)

Bt BARZE AN 7, b fi Jq — AT R AR S 4 o 4
SR B EE AR, A A AT A T i — P A R Y
FAYPERE , TC r_gd 15 B0 N 5 FH 2R X 55 09 225 i 4 ik
JE TSR, 7 AT, S A R R y_ed S r_ed
A, EPA T T A A G D DR A S i T v
LA JRE )L, e/ 8 U R ik 2 TR) (9 29 23 AR
AR M HER T . AR B y_ed v ed AP &A1 1 dB A
A PR RE T B 150 B IO I {5 22 WU IR TR
FEOHT AT DL SIS B R AR 58 LRl A Y O o
A Ay H A A R S S iUE R . 2 RER AR
B 2k A P 2 B o B ] DAt — 2 3R T A PR RE
FIFH 22 Wi Aefs 25 8 7 it 2l 20 (14) T () SPyNet 1
S C15) H Y 6T S 0 28 14 7 6 KA T F A0 Al Adi 3
L R RE B A R ] U-Net SC B0 . T4 M 45 15 5%
3x 3 RS BB B, 6T S W 2% v 45 J2 B RRAE T 5
Hr5h 132,64,32,16,12} ,SPyNet f1 54~ G 3 i
KA, U-Net Hh 45 2 I RRAE BB H 2 5100 132,32, 50,
50,64,64,50,50,32,1+12}.

RS HXHZTDMIGAN 5 VCSNet-2 £ QCIF K5l EE#45 B34tk (PSNR(dB)/SSIM) , 7, =0.5
o Bk foreman hall silent ice soccer mobile
o VCSNet-2"" 31.14/0.918 5 32.06/0.959 3 34.92/0.955 1 30.95/0.939 4 30.51/0.846 6 23.62/0.779 8
DMIGAN 41.78/0.985 0 42.28/0.988 0 42.23/0.986 2 39.64/0.986 3 36.64/0.947 4 33.31/0.974 5
VCSNet-2 29.75/0.883 4 31.90/0.959 0 34.52/0.947 0 29.51/0.915 0 28.62/0.774 7 22.79/0.734 9
003 DMIGAN 39.84/0.979 2 40.95/0.985 6 40.91/0.981 8 37.75/0.981 1 34.13/0.918 3 32.56/0.971 4
001 VCSNet-2 26.07/0.770 2 30.57/0.949 8 31.94/0.921 2 25.77/0.843 0 24.62/0.631 3 21.42/0.644 1
DMIGAN 35.18/0.949 6 38.14/0.979 5 37.52/0.966 3 32.65/0.950 6 28.86/0.798 4 30.58/0.959 9
T MR R R 45 SRR T DMIGAN 15 VCSNet-2 TR IETE QCIF J# 51 L FEAG S5 05 L (PSNR (dB)/SSIM) ) SR L5 .
F6 HRHZETDMIGAN 5 VCSNet-2 7 CIF B 5 E EH 25 B33k (PSNR(dB)/SSIM) ,7,=0.5
ok (=R7S coastguard foreman mobile mother-daughter paris soccer
ol VCSNet-2'"* 29.60/0.765 0 33.52/0.911 3 22.39/0.723 3 41.67/0.969 5 27.87/0.896 5 29.87/0.778 1
DMIGAN 33.64/0.902 4 40.97/0.972 2 32.91/0.974 0 47.04/0.987 7 37.56/0.981 1 36.21/0.949 0
005 VCSNet-2 28.48/0.700 2 32.06/0.884 2 20.99/0.638 1 41.04/0.967 2 27.35/0.885 7 28.60/0.721 9
DMIGAN 32.47/0.867 3 39.72/0.965 9 31.95/0.970 1 46.26/0.986 0 36.28/0.976 6 34.64/0.933 3
001 VCSNet-2 27.26/0.643 3 28.13/0.803 1 19.49/0.518 3 40.08/0.964 3 26.03/0.853 0 25.77/0.626 0
DMIGAN 31.03/0.817 4 35.70/0.931 2 29.39/0.954 7 44.32/0.981 6 33.11/0.958 8 30.24/0.829 1

T ML AE I 278 4 REES R DMIGAN 5 VCSNet-2 BN L7 CTF 741 L MY 45 5% L (PSNR (dB)/SSIM) ) e L B4 .

x7 ZEERBEENESEYULRIT LXK Hf7 . dB
QCIF CIF
7-d & e foreman mobile soccer average foreman mobile soccer average
% ¥ H 27.02 23.11 21.59 23.91 26.96 20.82 22.09 23.29
) ¥ e 40.93 3230 35.89 36.37 40.25 31.38 34.88 35.50
T o) o 40.31 32.29 35.26 35.95 40.15 31.89 35.25 35.76
H " T 4151 33.03 36.22 36.92 40.60 32.60 35.65 36.28
H A H 41.78 3331 36.64 37.24 40.97 3291 3621 36.70

T SRR R AR SO iR o8 S R RO A PR RE R, P R B 1A = Fh 215 SRR BE TR S
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6 it

AR SCARYE S5 K5 B 2R A T S T X
A AN A 5 AR, O 5 3 vt o B 4 S AR
SREFHESR | JEF I, AR SClE— it TIRIE 25 B
BE 5 RS P4 (DMIGAN) FH T 52 30 3% R fi fE 48
DMIGAN iffi i1 24k 221> phase B T 1B ARR M i A2 , X
WA 5 2S5 BT 78 R . A4 phase £2
Br— A 2 A5 B RS B T R A R (MIGA) 5
FMEAHE MIGA AT DAFFAT AR AL I B 3k iR 25 5 22 2 % i
XFFFIR2E S 2R B a5 A S EANR T, it
[N =5 i i N e a1 RS 5B AW
FIEAHH, MIGA B K Mo = 7 A i, JF HLSC B T
SERFEAY . 5 H R R AT SR R A B R
B2 ) A AR L, AR SCHE Y B DMIGAN 15 2R #
IR RB R T, FEARCR AR R A E T 0] LAMER A 4L
YT .
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