Computer Science and Application HE Rl 5/, 2018, 8(5), 601-610 Hans )0
Published Online May 2018 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2018.85068

Distributed Video Compressed Sensing
Reconstruction Algorithm Combining
Optimal Linear Estimation

with Multiple Hypotheses

Zhengye Cail?, Jujian Lv12, Huimin Zhao!2, Xiaoping Xu?, Zhihua Song!

"The School of Electronic and Information, Guangdong Polytechnic Normal University, Guangzhou Guangdong
2Guangzhou Key Laboratory of Digital Content Processing and Security Technology, Guangzhou Guangdong
Email: caizhengyel23@126.com, jujianlv@163.com

Received: Apr. 13", 2018; accepted: Apr. 26", 2018; published: May 3", 2018

Abstract

In the traditional distributed video compressed sensing system, low sampling rate in the encoding
side often leads to the problem that the reconstruction in the decoding side is unsatisfactory. In order
to solve this shortcoming, a distributed video compressed sensing reconstruction algorithm combin-
ing the optimal linear estimation with the multiple hypotheses prediction is proposed, which takes
into account the spatial-temporal correlation between video frames and the different block features
of different image blocks in the video frame. The block-based compressed sensing method is used to
measure the video frames at the encoding side. At the decoding side, three kinds of mechanisms are
added, such as similarity discrimination, measurement value supplement and smooth discrimination,
which can be used to classify the blocks of non-critical frame. Then according to the classification re-
sults, the different blocks of non-critical frame use different measurement supplement strategies and
can be reconstructed by different reconstruction strategies with an aim to improve the reconstruc-
tion quality. Experimental results on the public commonly used video test sequences demonstrate
that the proposed algorithm outperforms the traditional multiple hypotheses predictive reconstruc-
tion algorithm by 2~3 dB (PSNR), by 4~5 dB in the case of the sampling rate below 0.2 especially.
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1. 53|

BEREARAW P HES) | 28R AR RE K, TR RS, B2l M H G TG4k 2
P8 SR AR I 2 SIS, A 21 1 T V2 IR A o X e i AR S R AR o, B gl ih S AN RE 1A
PR, (o o ORGSR R A b o N R s s 0t R A FE R s, XA AE
GE AT S b v 28 R FE A 628 M FH 2 2009 4F T.T. DO 28 A\ k38 20 A5 s 454 15 (Distributed Video
Coding, DVC)HEi£[1] [2] [3] [4]5 E4a B AR [41M 45 &4 T 20 A ALAT 45 /& 401 (Distributed  video
Compressed Sensing, DISCOS)HEZE[5]. H1-T DISCOS 74w A% 51 N T IEZREANHA, Rk H 75 A& H
Ak AT LE MRS s e MR SR EEAA Y JRAE T, O g A R K R T SRS B T D, A AR G AR R St
Ha& 7B R L b R 1, ARG IR N [ X Se M AR Y o AT, 20 A U0 4 R R B 7
FEALPEW T — R AT AT S 5 i 1) T 502 R P S A R R R A OB FH it [R] R AH 5G4 R
PErm B EVERCR A E M R A SRR B A U 4 B T — AN, BRI
N A BRI m K. AR FEn i EUE A 575 OMP. GPSR. StOMP. SpaRSA %5[6] [7] [8]7E41
0 B A TS S R AU ) PR R 20 A D LA B A A B 0, B A 5] R B R AE ,  dan o] £ 3 A B o R
IR IX LR A 140 AT SRR 4 86 50 ) — AN e R [9] [10].  SCHR[S1H % St it 2 s 70l (Multiple
Hypotheses, MH)iz# i i1 B ARSI N B T EAGE L, fEfRRs, FoE S0 S armiodhir 5 T Ju i 2 s il
WA RGAAE S, RER LGB EHE S CS Wif)ill S EE#T 2 Rk E . EW. Tramel 58 AT
Tikhonov 1E N 4k 42 1 7 4> $b J& 4 J& %0 (Block Compressed Sensing, BCS) “F- #§ # 5 Landweber
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(MH-BCS-SPL)&yk[11], fEiZ&EH, BT T Tikhonov IEMIALIR, A 2248 18 T (A BUAR 43 FE 58 o
(HERf, FUERIEM R EWA CigE. SCIR12[3EH 7 —MET MH 195040 A 48 8 A 75 %8, 1R 1%
J5 g, SREM S AR SR A B R 2 BB T A I, AN [] 1 A2 S SR TR FH D A2 ot P 22 (8 o
T A SR MR FH AR it F) 2 AR B Tl . IR 7 RAEE M2 T 2 B T AR, (#0200 7 AL
WA EET A AR FRIBRFAECPIE . SCERSE) . SCHR[LSTAR B A AT A A [F] MR B LA (A R BARRAE, 32t
T xt BRAG IEAT R E A ) B A 4R A 1 (Optional Linear Estimation, OLE) 325, 125209048 4 i it &1 X6}
AFERHER G HCR A T BERI CS FENLINE, 75 fRAD IR X 25 HR FH B B 28 Al T 38 EAT Pudi 28
PEWE . R TRA IS 2 SO R AR B B EM . OLE EEM T RAH T EIEm
JREBREAE, %A I BT R R AR DG, BT DASE I T AR R v R A T . AN SCER A 5 RE AN [A] Fr
R 22 A DG DA B it 9 A () EUE B BT B G S R, 32 T — P R A T 5 2B TIAR 25 & 1)
OLE-MH (Optional Linear Estimation-Multiple Hypotheses) B #4535 . 5232 7F 4 i i S FH - Bl 15 4l e[ 14]
BEATIN R, FE ARG 0 T AR AL S IS R 78 DAY ) ) =R AS [ R R R B AT 43 28 b EE
PR 73 S8 SRS AN ) 1) PR AR B R P AN T 1 B A S GG o I B, ARAB A S35 B P R FR T RS i) 4 Bt i) A 2
P, WA R — DA T UG H B E R BT, T I B I\ 78 43 R T M AN [ R SRR ALE
D ELSEI A5 SRR, A SR A B AR T AL 48 i MH-BCS-SPL 59%: LA f OLE S35 78 2 i ity 1 B 2 55
AL T 3t A8 LA = 1 o3 B AT A

2. 48%HA

2.1. ZERETWGZ

Z2ABCR T A AR B B R A T AT (R A B S AR e, IR R ER QP 1 . MH FI ) S A T8
MEFH S ZWirh 8 R 20N T E R R LA A RITPIYarE. SCRR[9)IRH T —Fh T
Tikhonov 1E 4L H) 2 BUR TR AEAR RS, #8007 -

W, = argmin|y —@H,w, [, +2[Tw], (1)

Hor, H RS WO R AT A AR R A0 A B x K 4ERIRAE R, H, R 5 51 e R sk
Mzl R, B AP RN, KOV R ZE i S EORR AR W, o K <L 4EF A B R iR R L R
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Figure 1. Schematic diagram of multi-hypothesis prediction in space domain
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AUl F:
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2.2. RE&MSMEITAE

B R PR T 7 VR RN DAZR I A B AT ek &, LI AR R R S R G HUG R TR A e /Y
AR R, BRI MR I E y 5 R AT R A5 . AR 4% 58 40 A1 =X
AR 4 B B i R P ) AR R ME R AR A AR B BUR AT B 2, HR[11)E B T et

1B SR ff ALY «
L=R,®] (®,R,®] ) (5)
X=Lly (6)
Heb, LASELMEM IS, R ONEMXREER, HEAWT:
E(x4)  E(x) o E(wxg) ]
Ru-E[xcr]<| B0 EOw) - Elo) 0
E(ex) E(xax) o E(xexge)]

R, FE R 70 2 v AR SCBR[15] B B A7 Al vt
Rxx(p,q)=E[Xqu]:p” ®)

H,

,u=\/(nl—n2)2+(m1—m2)2 9)
EKH, (n,m) AR x, FERALEARR, (ny,m,) R x, KIS EALRR: 18 x, 5 x, FIEJLE
TEERE: p NAHRRE, A3 p=0.999; 3.1 i L g REW, X T EERER, itk
PEASTEITVEARECT 5 AU Fh S 1tk S AL S0 8 B I BRI, S B 45 R 1 .
3. RIELMMEITSSRETMNIELS SR OLE-MH EMEE
AR T B R NN T 5 2 R T AR 45 5 1) 23 AT XU 46 IR R GRS 4 4] 2 . 141 2(a)
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Table 1. Reconstructed PSNR and time for smooth blocks using different algorithms
%=L JLMEEX B EMAY PSNR EXATEI(BAL: dB/s)

R
HERE
01 0.2 0.3 0.4 05
kAP
AT 43.12/0.04 45.28/0.05 47.07/0.06 48.78/0.07 50.45/0.10
BCS-SPL-DDWT 40.34/1.25 43.63/0.81 45.60/0.65 47.26/0.67 48.860.73
BCS-SPL-DCT 40.86/0.60 43.38/0.73 44.95/0.89 46.32/1.23 47.70/1.56
BCS-TV 42.91/52.73 44.71/69.14 46.17/83.42 47.65/98.08 49.12/128.95
VEly R =N
VAT 43.05/0.04 45.38/0.05 47.23/0.06 48.99/0.07 50.65/0.10
BCS-SPL-DDWT 39.79/1.21 44.41/0.80 46.24/0.66 47.82/0.72 49.45/0.70
BCS-SPL-DCT 39.83/0.63 43.79/0.76 45.44/0.94 46.94/1.28 48.39/1.57
BCS-TV 42.38/54.02 45.18/71.57 46.65/84.39 48.04/99.77 49.49/131.67
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Figure 2. System framework of proposed OLE-MH reconstruction algorithm
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Vit = QX 5 Y =@ Xy H, XY R tL RSP A | AR BRI EIE A, X R
t P ZIAESCEE MR S i AN E S A B . RS w1 2(0) TR, B S R AR 1 O i it SR
BCS-SPL-DDWT SyAHEATE Y, A5 7EAH QD S 6k BT SCE i M ar B x, 47 B 48 = % A DLAAE
B x B B R /IR A48 207 A B BEHERE H, . H, e e BB s & 0. ARH, &
I FE 00 R ™ L AT I, A3 BN RAE A QY , T AKX R
Q¥ =@y¥ x H, (10)
TEATCH, MR ©F HIHT K (K A ©F° FIATH) AT W B S ©F° IR, XA By T /5 1 1 AR
FIR SRR T 38 QY e H Rt K ATRHMTHEE, MHRIMAERC N QY , THE AT I E(E y»° 5
FFE QT A IRK IREA S, R EIFEE & D, . WE MNRIAET, (BB 1-3 Z )RR Yars
BRIl SEER A D, PR ME dy, > T, FoRIE R E a5 A ar BRI e, XA
WO, R ZARBB T g YTt AT M. ABEE R D, B ME dp <T,, WIFRI R/ MEFT
X LR R M AT H s A AL . FRBAHAE S, FI T AR LB R DGR I A2 75 5 X BT B A T R A
B, WRIEFFEALE, W EERFH OCHE Wb e I Ry y Y AT R AN, W RATE R
FOr B, DR FH AR ER I e y oS AT B AN 7, HEAT DU &5 4 70 mT DASRAS B 47 ) F A RO,
ForEEwE 3 Frax, MWEFRRT LA I R 78 2 0 G BEMT hORE LR — 3 43 DU i b 7R B R O
WY FTHAIEAE T . WEEAN G, R S S A R A A AR SRR (R, i TH AR U
W7 7 o RADE LATH RGP, HEARWT:
e )

JIN
Hef, N=B?; h*™ 4y H, &1 5 2 BT SUBA Bh  B s i 3l " NP iR o <T, (3
HT, B EAE 30~35 Z [A) AR A FI5E ST BT B, A0 1 PR s R R MRl T iR AT A .
Roo>T, WHGE L ATHONAEFIEE, MHRA MH T EE . Jra BGI E SRS, A EATE7 E
R 75 S =T KIS i 4 U R A1 i

4. EIWERS S
41 REZMEHAEMESR

NISAE B ARG T XTI R A i i, ASSCEEXS Cameraman {570 7l 2 U /2 B A DL K
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Figure 3. Schematic diagram of measurement supplement
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Xif b B MY 53545 BCS-SPL-DDWT [16] [17] [18]. BCS-SPL-DCT [17]. BCS-TV [18], H:R~}F K/ N
32x32, WAL R NMALIEAT HIRECFME, BiRgs Rk 1 fs. RSCHrA FHRIITE Intel BE% i7
WH% 3.6 GHz. 64 fir Windows7 ##1F £ 45 LL K Matlab2015b V- & FiZ1T. M 1 Al LAE H B 2b kA i+ 4
S R A AN T A I A RO I I EE AL I TR L R A T FAR S, T B R R A T R I
ORI O B 5 NP A S E =R SRINER A € N

4.2, AXRHEZRGELER

T WAFIR R TR, ARSCIREL T = AN kRdE CIF #4055 Akiyo. Mother-daughter LA &z News
(http://trace.eas.asu.edu/yuv/) #4715 BLSE L, 546481 MH-BCS-SPL 59 [9] LA K e HE 2 M Al i 59 [ 11]
BEATRT G, 3 B = AN S K ] BCS-SPL-DDWT SVEdEAT EE M, S KR 24 % W8 5 41
A 50 MIFEAT M S5 . SEIRSHORE T . MAE 0N 352 % 288 K/NUMAT 51, EIG2H GOP &
2, KREEWURFERN 0.7, B N 32, MRE DK/ wh 10, % 2 BoR T =M EMEIRE AR RN
BB 1 DAAS 6] B RAE AT A PSNR EX L, MRAATLAE R, 78 E AR RE R A T AR AL
JPI A, ARSCHEH ) OLE-MH SHUEAE B & AR T R AM RO B AR RIS E, U TR
MERAE R BT EA R E R, OLE-MH & HERMH . K 4 BoR T = EMSFIEERFN
AR NP E MM PSNR B4R E, lid g dh 2k v LLBH S H, A SCHEH ) OLE-MH S 7E S AL 2L
BT AR R L, T LR T R R/ AR H SRR AN R, JU R MR
T B ek /N, AR SR H B R G B T B R, DRI A RS A IS TR G A i W B FE A
(IR AT FR R T 45

K 5 o T = AN R AT SI7E = Fh S A S0 i B O L, B S 24 3 AL 471 FAD 5
22 Mi(EERBM)MEXT L, CEWINEZh 0.7, JECBEMTNIE 20 0.1, X bt = Ff #4475 1 1 2 14 R
ATLLEH, ASCHEH ) OLE-MH S5 B8 6% 5 Uy Hh i MG ) S A R

Table 2. PSNR of Reconstructing non-Key frames using different block-based algorithms
2 2. JLMEAXT B EMA) PSNR ERATEI(BAL: dB/s)

k2
A
0.1 0.2 0.3 04 05

Akiyo
OLE-MH 43.68 44.39 44.62 44.73 44.84
MH-BCS-SPL 38.75 41.33 42.60 43.33 43.80
OLE 30.38 33.96 36.94 39.67 41.96

Silent
OLE-MH 35.66 36.11 36.30 36.42 36.49
MH-BCS-SPL 31.99 3331 34.27 3491 35.44
OLE 27.18 29.58 31.38 33.05 34.75

News
OLE-MH 37.66 38.10 38.25 38.35 38.42
MH-BCS-SPL 31.62 34.32 35.92 36.74 37.26
OLE 24.66 27.79 30.27 3241 34.55
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Figure 4. Graph of average reconstructed PSNR at different measurement rates
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(a) BLE-MH (b) MH-BCS-SPL (¢) OLE
(PSNR=36.65) (PSNR=32.07) (PSNR=27.54)
(b) Silent Sequence

MPEG4 MPE&A MPEGA

WORLD WORLD WORLD
(a) BLE-MH (b> MH-BCS-SPL (¢) OLE
(PSNR=38.69) (PSNR=31.92) (PSNR=24.85)
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Figure 5. The performance of reconstructing three video sequences using different algorithms
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