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Reconstruction algorithm for block compressed
sensing based on variation model

CHEN Jian, SU Kai-xiong, YANG Xiu-zhi, ZHENG Ming-kui, LIN Li-qun
(College of Physics and I nformation Engineering, Fuzhou iversity, Fuzhou 350116, China)

Abstract: The algorithms for block compressed sensing based on total variation and mixed variation (abbreviated as
BCS-TV and BCS-MV) models were proposed to improve the performance of current reconstruction algorithms for the
block-based compressed sensing. In the measuring phase, an image was sampled block-by-block. In the recovering period,
it took the sparse regularization of the natural image as a priori knowledge, and approached the target function within the
whole image through the modified augmented Lagrange method and alternating direction method of multipliers
(ALM-ADMM). The method proposed achieves average PSNR gain of 1.5 dB and SSIM gain of 0.05 at a more stable
running speed, over the previous uniformly block-based compressed sensing. It is particularly suitable for the applications
of the multimedia data processing with fixed transmission delay.

Key words: total variation, image reconstruction, block compressed sensing, alternating direction method of multipliers

1 [4~10]
BCS Lu
CS b Thong [
SRM
Thong Armin [©9
2 (RIP)
BCS
Fowler [67
2014-12-23 2015-05-11
skx@fzu.edu.cn
(N0.61471124  No.61571129) (N0.2013)01234
N0.2014J01234 No.2015J01251) (No.2014HZ0003-3) (N0.JA14065)

Foundation Items: The National Natural Science Foundation of China(N0.61471124, No0.61571129), The Natural Science Founda-
tion of Fujian Province(N0.2013J01234, N0.2014J01234, N0.2015J01251), The Major Technology Project of Fujian Prov-
ince(N0.2014HZ0003-3), The Education Department Project of Fujian Province(No.JA14065)

2016011-1



- 101

BCS-SPL, block com-
pressed sensing and smoothed projected landweber
reconstruction

BCS-SPL
[10]
2
BCS-SPL
2
2.1
cs U3
U ?
A F
F=AU st. U=?s (@)
U Nx1 s ?
F MxI A MxN
M<<N
1 U M
N
2 S I
min|| s |||p st. F=A?s 2
1 U=?s
(1
TV [12,13]
2.2

Ng Uj BxB j
Ag MgxB?

TRY A TR (3)

3
1 A
éA, 0 L O0u
é U
€0 L ol
a=e? A G @
e O Wu
§0 L 0 AQ
BCS-SPL-DCT
2
DWT DDWT
CT BCS-SPL
167
2.3
TVAL32
ALM-ADMM TV
TVAL3 TV
W w=DU
U
min|W| st AU=FW =DU (5)

LA(u,w,l)=-|J(AU-F)+b7”||AU-F||2+||W||-
|VTV(DU-W)+b7W||DU-W||2 (6)

?U ?W ? 2 BU
Bw

u w
k+1
K +1 H k\T bLk’ 2
U =argmin- (15)" (AU - F)+ =AU - F[;-

U

bl 2
(1) (PU - W)+ =2 DU - W', (7)

W =argwmin|NV||- (I ) (DU - W)+

bt +
~-fpur-w ®)

2016011-2



- 102- 37
ILlj+1:| Llj _ bLl; (AUk+1_ F) (9)
lw™" =1y - by (DU - W) o 31
1)
U Npg
2
mxn
b;™ =hb (11) mn ui j=12, Ng
b™ =hb) (12) U, =PU
24 Up = [ull luNB] P
TV 2)
13 [ Ag Mgxmn
in! 8 2 ax =bix1 X.i=L2L.q0 (13 ' o ’
mniaamlaax sbixt xi=12lay (13 gp g,
q g :R"®R i =Ael
aiT Rllni NB f] =[f11 lfNB]
X, 1 R" bl R',& " n=n U
He [14-16] F=AUs
MVI 3
G- q(X)+(2 -2 )G )2 0,"2,2*T W (14) F
A
. 0
ax, 0 29(1+ U, = convex_rec (F, A)
(; - (;M = g
x=¢l s 7:(; oaM=a q(x) 4)
X, > T -
8Q@ g| ﬂ
® -a/l o
g LT U=P U,
G(?)=¢ -al T  W=XLXGR P
+ 3.2
Eé ax -b.
i=1 %] [27]
14 [14~17]
ALM-ADMM q=2
[14,17] MVI
&l o
Og== .
& o Jmin, W]
st. U, =PU,AU =FwW=DU (19
3
L (U UW.I)=-1T(AU - F)+2ulau - Ff +
A pr1s 1)=-1.( P ) ?H P H
TV MV W|- 14 (DU - W)+b—W||DU -w[ (16
BCSTV  BCSMV 2

LaU, U W ?)

2016011-3



_ (Ul; _ Ul;»l)T(U:;_ Uk»l)

p

S (U -USY) (g - gt

k

2016011-4

- - 103-
4 Uk+lzuk_ak+%gk
1) Up P P
b 2 2)U 18
k+1 . K\T U
U™ =argmin- (15) (AU, - F)+7HAUp- F. - HW
" b, g W = ma(pu - [ L ooy
k \T -1 k -1 k = -l —, - —
()" (DPU, - W )+7WHDP u,-w L o: | bE sy b
(17) 4) 7 20 21
2)uU
Ut =piu" (18) 1 12
YW
BCS-TV
k+1 _ : _ kT k41
w —argwm|n|NV|| (Is)" (DU W)+ 15 W
' (19)
D
IO—VVHDUk”-W i
2 2
4)? 15
5% =15 - by (AU - F) @ Rt Vel
st. AU,=F,U =PUW =D,U,Z=D,U
k+1 _ k _ k k +1 _ k+1
| k%=1 X - pS (DU - WK (21) 22)
16 17 AUp-F Dw Dy tw
W t, 2
w 2
2 Function BCS-MV
U F,A
3.3 U
BCS-TV TVAL3
U W while
u U, while
k+1
1 FunctionBCS-TV Hu,
FA 1
U 2)U 18
YW
while 1t 6 m s
. W“l:max Uk+1__W__W’O+ n Uk+1_i+
while 3% o5 | be 539 (é‘DN i
k+1 27
R L4l t 6 e o)
La Up gk Z”l:maanZUk”- _i } _zk’oisgngDZUkﬂ_ _i+
BB a b b, 5 & b; g
5) ? (200 (21

I;+1 :I; _ b;(DUk+1_ Wk+1)

(11) 12



. 104-

37

bs* =hb!

BCS-MV
BCS-MV

BCS-TV
BCS-TV
3.4
BCS-SPL-DCT BCS-SPL-DWT BCS-
SPL-DDWT  BCS-SPL-CT!®7 BCSTV

BCS-MV

BCS-SPL

BCS-SPL-DCT

3 BCS-SPL
BCS-SPL-DCT
DWT
BCS-SPL-DDWT
BCS-SPL-CT 4

DDWT CT

3x3
BCS-TV

TV

CT

TV
BCS-MV

DWT CT
BCS-TV

DDWT

BCS-SPL
fil 2
dwt ddwt ct

pro) 2
dct

rank
shr) 4
ddwt

dct dwt ct

2016011-5

BCS-TV BCS-MV Up
osd) U rank) W
Z shr_like w  shr_like z
?(lam)  R(beta)
u w =z
BCS-TV 2
dct BCS-MV
dwt
1 2
1
BCS
SPL-DCT DCT
SPL-DWT DWT
SPL-DDWT DDWT
SPL-CT cT
v v v
MV v v DWT
2
BCS
SPL-DCT fil + 2pro+2dct +3rank+ shr_dct
SPL-DWT  fil + 2pro+2dwt +4rank+ shr_dwt
SPL-DDWT  fil + 2pro+2ddwt +4rank -+ shr_ddwt
SPL-CT fil + 2pro+2ct +4rank+ shr_ct
TV osd + rank + shr_like_w + 2lam + 2beta
MV osd + rank+ sr_like_w + shr_like_z + 3lam + 3beta
BCS-SPL-DCT DWT DDWT
CT
BCS-TV
BCS-MV
BCS-MV
[14,17]
4
Matlab 4
BCS-sPL -DCT -DWT -DDWT -CT

BCS-TV BCS-MV



1 - 105

PSNR 4

(SSIM Intel(R) Core i5-2520M CPU,

6 256%256 2.50 GHz 3.05GB
lenna goldhill barbara mandrill peppers 6 PSNR SSIM

bridge 32x32 m=n=32 1~ 3

[3.11]
]
1 PSNR

2016011-6



- 106

37

BCS-SPL-DCT
BCS-SPL-DWT -DCT
PSNR
BCS-SPL-DDWT PSNR

-DDWT

PSNR

BCS-TV

2 SSIM
barbara
BCS-SPL-CT
bridge

SSIM PSNR
lenna goldhill peppers
bridge BCS-TV
PSNR SSIM BCS-MV PSNR
SSIM barbara
mandrill
BCS-SPL PSNR 1.5dB SSIM

2016011-7



- 107

0.05 dB 4 BCS-SPL BCS-MV 4
6
BCSTV BC-MV BCS-SPL-DDWT BCS-SPL-CT
BCS-TV
BCS-TV
4 9 50%

BCS-SPL-DDWT BCS-SPL-CT BCS-TV

2016011-8

BCS-MV



108 37

(a) 256x 256 lenna 50% (b)BCS-SPL-DDW T PSNR:32.7 dB, SSIM:0.92 (C)BCS-SPL-CT PSNR:32.0 dB, SSIM:0.90 (d)BCS-TV PSNR:32.9 dB, SSIM:0.93 (€)BCS-MV PSNR:33.0 dB, SSIM:0.93

4 ( lenna)

(a) 256x 256 goldhill 50% (b)BCS-SPL-DDWT PSNR:29.1 dB,SSIM:0.82  (C)BCS-SPL-CT PSNR:29.2 dB, SSIM:0.83  (d)BCS-TV PSNR:30.5 dB, SSIM:0.87 (€)BCS-MV PSNR:30.6 dB, SSIM:0.87

5 ( goldhill)

(a) 256x 256 barbara 50% (b)BCS-SPL-DDW T PSNR:29.9 dB, SSIM:0.86  (C)BCS-SPL-CT PSNR:29.8 dB, SSIM:0.85 (d)BCS-TV PSNR:29.8 dB, SSIM:0.87 (€)BCS-MV PSNR:30.2 dB, SSIM:0.88

6 ( barbara)

(a) 256x 256 mandrill 50% (b)BCS-SPL-DDW T PSNR:21.9 dB, SSIM:0.70 (C)BCS-SPL-CT PSNR:21.9 dB, SSIM:0.71 (d)BCS-TV PSNR:21.9 dB, SSIM:0.75 (€)BCS-MV PSNR:22.2 dB, SSIM:0.76

(a) 256x 256 peppers 50%  (b)BCS-SPL-DDWT PSNR:35.3 dB, SSIM:0.94 (c)BCS-SPL-CT PSNR:34.6 dB, SSIM:0.93 (d)BCS-TV PSNR:37.1 dB, SSIM:0.97 (€)BCS-MV PSNR:37.3 dB, SSIM:0.97

8 ( peppers)

(a) 256x 256 bridge 50%  (b)BCS-SPL-DDWT PSNR:27.1dB, SSIM:0.81  (C)BCS-SPL-CT PSNR:27.5 dB, SSIM:0.83 (d)BCS-TV PSNR:28.7 dB, SSIM:0.87 (€)BCS-M V PSNR:28.7 dB, SSIM:0.87

9 ( bridge)
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