®14E £TH g g it E N 5 M A
Vol.14 No.7

2024 £7 A

Intelligent Computer and Applications Jul. 2024

RS, BEE . TG R EMR B3N S R R L [ 1], BaeTHAL5 8 A ,2024,14(7) : 128-135. DOI: 10.
20169/j.issn.2095-2163.240719

EToEEENEGBEEN S RIERBRME IR

EHA, BEE
(AREBE AR BESEEIREFM, EX 210003)

T E. MRS 48 I S v X A% IR R 43 B [R] SR AR 23R PR ] 6145 B A4 S0 6 P9 [0, AR SCH s — i 3 F 80 B,
PSR A 6 B 30 O 40 R e 0 SRR B 7 XL it P — 2 o R o 2 4 Sy SO B 2 ) AR o, (6 ] K- means ++ 5.
P EURHA BRSO B A IPE S 3 28, 45 B A5 Boh 3 ARG HL A T H 38 RCRAEER  H T RAR R R I TR
it Ay 28 iff B EG  HE BB | SR FH 43 /2 A B W 235 B el 0 Y S 305 Landweber BAETEH M, L8645 R E W . 76 R
HISRAE T AR B L F R G A 2 L T A o et R S AR AR L 8 — e 3t , T4 R ) g A5 B 227

KB A HEGEE; HIENCREER,, aHE R FIE R Landweber Bk g

hESES . TN919.8 XEkFRERG . A X EHES . 2095-2163(2024)07-0128-08

Adaptive block compressed sensing algorithm of image
based on texture information

ZUO Yinjie, ZHAO Junxi

(School of Communication and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract; To address the problem of assigning the same sampling rate to each image block in the traditional block compressed
sensing algorithm, which limits the image reconstruction quality. A sampling rate adaptive block compressed sensing algorithm based
on texture information is proposed. At the observation end, the method uses the one-—dimensional grayscale entropy and standard
deviation of the image as the measurement criteria for the amount of texture information, uses the K—means++algorithm to divide the
image blocks into three categories based on the similarity of the amount of texture information, and then combines edge information
to allocate adaptive sampling rates for the three types of image blocks, and performs a secondary allocation of sampling rates; At the
reconstruction end, in order to alleviate the blocking effect generated by the reconstructed image, a layered block structure combined
with an improved smoothed projected Landweber algorithm is used for reconstruction. The experimental results show that under
different sampling rates, the reconstructed images using this algorithm have certain improvement in both objective reconstruction
quality and subjective visual effect, and the block effect has also been alleviated.
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Table 1 PSNR results of Peppers reconstructed image using five

algorithms dB
Ak
0.1 0.2 0.3 0.4 0.5
BCS-SPL 29.04  31.04 3248 33.63 34.74
SCHk[ 6] 29.59  32.80 34.65 36.05 37.41
SCHRL 7] 27.95 3030  32.0 334 3479
SCHk[10] 31.10 3428 3576  36.81 37.71
A SCH: 3281 3520 3671 37.82 38.96
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Table 2 PSNR results of Goldhill reconstructed image using five

algorithms dB
7R
0.1 0.2 0.3 0.4 0.5
BCS-SPL 2698  29.02  30.48 3177  33.07
SCHRL 6] 2630  28.69  30.40 31.94  33.40
SCHR[7] 27.22 2936 3099 3251  34.07
SCHR[10] 29.04 31.11 32.83 33.76  34.68
ASCH: 3191 3303 33.74 3492 3632

£33 5FHEE Barbara EHE GRS PSNR B4R

Table 3 PSNR results of Barbara reconstructed image using five

algorithms dB
RN
0.1 0.2 0.3 0.4 0.5
BCS-SPL 2240 23.92 2541 2697 28.6l
SCHk[ 6] 21.78  23.46 24.68 2591 27.24
SCHik[ 7] 2255  24.02 2539 26.88  28.65
CHR[10] 24.11 2544  26.17 2745  28.86

AR 28.88 30.03 30.72 3122 32.10
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Table 4 PSNR results of Mandrill reconstructed image using five

algorithms dB
SRR
A7 S
0.1 0.2 0.3 0.4 0.5
BCS-SPL 2254 2433 2603 27.68  29.38
SCHR[6] 19.76  21.51 2291 2423  25.62
SCHR[7] 20.38  22.06 23.50 24.94 26.54
SCHR[10] 21.48  23.06 24.67 2556  26.49
AR S 27.42 2796 2924 3060 31.17
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