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GLCM-based Adaptive Block Compressed Sensing Method for Image

DU Xiu-li ZHANG Wei GU Bin-bin CHEN Bo QIU Shao-ming

(Key Laboratory of Communications Network and Information Processing,Dalian University,Dalian 116622, China)
Abstract The method of block compressed sensing really makes up for the defects of the consumed resource and time
in reconstruction of large-size images. However, there is an obvious block effect in the reconstructed image. Aiming to
solve the problem of inaccurate anlysis of texture complexity that hinders reduction of the block effect in adaptive sam-
pling compressed sensing method, this paper proposed an adaptive block compressed sensing method based on co-occur-
rence matrices. The texture feature of image is analyzed by the co-occurrence matrix,and then the sampling rate is adap-
tively allocated according to the texture feature. Under the premise that the total sampling rate is not changed, the image
with complex texture obtains higher sampling rate,and the image with simple texture obtains lower sampling rate. At
last, SAMP (Sparsity Adaptive Matching Pursuit) is used to conduct reconstruction. The simulation results show that

the proposed method can effectively eliminate the block effect,especially for the partial blocks,and the performance of

the reconstructed block is obviously improved.
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Fig. 1 Comparison of locking effect of block reconfiguration
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Fig. 2 Schematic diagram of compressed sampling of image

adaptive block
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Table 1  Statistics of experimental image complexity

H1  AXHO U E KE R
(a) 0.76 16092 1.19
(b) 0. 82 15817 1.19
() 1.03 15708 1.19
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Table 2 Numerical comparison of different texture complexity discrimination methods

1 2 3 4 5 6 7

9 10 11 12 13 14 15 16

VES 594.64 2627.30 1170.85 589.77 1695.47 798.95 3171.07 2336.58 2779.35 834.36 1938.13 1657.20 2243.45 96.34 1620.86 1712.51
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Fig. 7 Comparison curve of different texture of complexity methods
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Table 3 Comparison of image PSNR of each scheme

CHLf  dB)
H V3 0.3 0.4 0.5

2k R AR R¥ 2R R#

BCS-SAMP  23.8  26.4 24.3 27.0 24.9 29.6

House S 24,1 28.7 25.0 29.3 25.7 31.3
KX K% 247 30.2 25.2 30.7 25.8 32.6
BCS-SAMP  29.5 26.2 30.5 26.8 31.4 27.6

Lena S 30,0 26.9 30.9 27.9 31.8 28.4
KX H% 30.2 27.8 31.3 28.5 321 29.2
BCS-SAMP  18.1 13.9 18.5 14.1 19.1 14.3

CT1 S 19.0 15.8 19.4 16.3 19.9 16.7
AXH% 19.5 16.7 20.2 17.4 20.4 17.5
BCS-SAMP  15.2 14.2 15.7 14.8 16.8 15.6

CT2 S 15.7 15.4 16.6 16.2 17.6 17.5
AXH% 16,0 16.0 17.3 16.8 18.3 18.1




5 8 M

50 o 2 < 5 OB R I A R Y B A 3 3 R 4 RO T vk 281

3, &R FRIR Y R AR Y PSNR {A . 78 J2 B 14
R — A TFHCLE 8) SR L BT s A B B SR 3 L e, ik
TRUAR 4 2 T 3 B 0%y 0 1B FE 2% MR F b 19 (R K.

2% 3 AT AN, X F 4 Rk R 9 F A B AR SO R Rk
4 BCS-SAMP Bk iy W {H {5 B L 42 7+ T 0. 7~1. 7dB, B K
BERG SRR BETE T 0. 1~0. 8 dB; 78 R X HL R L AR SC AT $R 5 vk
i BCS-SAMP %3k iy I {H 15 W Lb 42 7 T 1. 6~3. 8 dB, B K
FER AR T T 0.6 ~1.5dB. M 4 %K B 1% 1) 19 5T L ok
B VG (AR H 2 T i 2 19 & House F{%. 25 M/N B 0. 3

() JFL A (b) BCS-SAMP

FEMB T T 1. 5dB;s House EE F M J5 Lt Lena FZ A5
HAEME 4R T T 1.1dB~2. 2dB, % KK 4 Lena BI{£ LA
S T HR A SRR R 2 RIS SRR A . CT1 MG R i
EA7 M lL B8 BCS-SAMP 83k 42 1 2. 8~3. 3 dB. #K B i
BYERTET 0.8~1. 1dB; CT2 B 14 Ja) &5 1 18 15 M b 38 BCS-
SAMP B HEARTFT 1.8~2. 5dB. 8 K M3 1 $2 7+ 0. 6 dB,
H X EE AT, CT1 BHMR 09 A R A+ CT2 BlR, EZE A
Jg CT1 G IR BE S He W 2, 50 52 2% B AR 4 /0N, 1l CT2 [
BAE BN F & AR E AR I &, F B2 8] 1 SR ke
REH X BN

Co) V% i (DA B

FE s s P R B AR B % L

Fig. 8 Comparison of visual effects of test images
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