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Multi-Scale Block Compressed Sensing Algorithm Based on
Gray-Level Co-Occurrence Matrix
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Abstract Aiming at the problem that image edges and contours cannot be accurately reconstructed, a multi-scale
block-based compressed sensing algorithm based on gray-level co-occurrence matrix is proposed in this paper. The
algorithm uses three-level discrete wavelet transform to decompose the image into high-frequency part and low-
frequency part. The entropy of the gray-level co-occurrence matrix is used to analyze the texture complexity of the
high-frequency part of the image block, and the image block texture is subdivided and the sampling rate is adaptively
allocated. The smooth projection Landweber algorithm is utilized to reconstruct the image and eliminate the blocking
effect caused by the block. Compression and reconstruction simulation of various images are conducted.
Experimental results show that when there is no observation noise and the sampling rate is 0.1, the peak signal-to-
noise ratio (PSNR) obtained by the algorithm on Mandrill images is 25.37 dB, which is 2.51 dB higher than the
existing non-uniform block algorithm. Under different noise levels, the PSNR of the algorithm is only 0.41—2.05 dB
lower than that of no noise. For the image with high texture complexity, the reconstruction effect of the algorithm
is obviously better than that of non-uniform block algorithm, and has good robustness to noise.
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Fig.4 Image date set. (a) Mandrill; (b)Goldhil; (c)Barbara; (d)Houses; (e)Boat; (f)Bridge; (g)Home; (h) Lighthouse;
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Table 1 PSNR of images reconstructed by different algorithms unit: dB

Sampling rate

Algorithm
0.1 0.2 0.3 0.4 0.5
MS-BCS-SPL 21.49 23.00 24.56 25.53 26. 47
. Document 22.86 24.25 25.96 27.55 28.75
Mandrill _
ABCS-SPL 20. 68 22.22 23.34 24.54 25.85
Ours 25.37 26.33 27.41 28. 63 29. 80
MS-BCS-SPL 29. 05 31.07 32.80 33.72 34.69
. Document 30. 17 30. 85 33.38 34. 85 36.05
Goldhill
ABCS-SPL 25.79 27.71 29. 26 30. 40 33.50
Ours 30.89 32.38 33.85 35.23 36. 82
MS-BCS-SPL 23.89 25.13 26. 14 27.44 29.02
Document 25.21 26.79 28. 39 29.97 31.57
Barbara
ABCS-SPL 20.59 24.51 26.16 27.91 29.43
Ours 27.84 28. 85 29.96 31.09 32.57
MS-BCS-SPL 21.11 23.37 25.39 26. 30 27.32
Document 21.96 23.93 25.70 26. 36 27.36
Houses
ABCS-SPL 17. 40 20. 39 21.27 22.96 23.52
Ours 23.70 25.44 26.97 28. 68 30. 40
MS-BCS-SPL 27.41 30.19 32.03 33.20 34. 26
B Document 28.69 30. 06 31.28 32.37 33.16
t
oa ABCS-SPL 22.40 23.77 27.04 28.93 30. 31
Ours 29.25 30. 86 32.54 34.25 36.09
MS-BCS-SPL 24. 14 25.89 27.76 28.55 29.41
) Document 26.33 27.16 27. 84 28.49 29.09
Bridge
ABCS-SPL 20. 46 23.54 24.11 25. 34 26.51
Ours 26. 46 27.85 28.96 30. 10 31.47
MS-BCS-SPL 26.51 29. 14 31.41 33.78 34.98
Document 29. 34 30.77 31.95 33.23 34.31
Home
ABCS-SPL 20. 40 24. 36 27.05 29. 36 31.03
Ours 29.57 31.32 34.82 35.61 36.59
MS-BCS-SPL 22.93 25.62 27.56 28. 64 29. 81
. Document 26.61 27.94 29.15 30. 16 31.01
Lighthouse ] -
ABCS-SPL 18. 60 19.91 20. 25 21.51 22.80
Ours 26.91 28. 47 30. 08 31.96 33.76
MS-BCS-SPL 31. 31 34.55 35.80 36. 84 37.75
Document 31.64 33.03 34.22 35.53 36.56
Peppers .
ABCS-SPL 24.01 26. 60 29. 60 31.46 33.93
Ours 32.81 34.63 36.07 37.48 39.33
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SEF 1
Sampling rate
Algorithm
0.1 0.2 0.3 0.4 0.5
MS-BCS SPL 24. 46 26. 82 28. 62 29. 58 30. 54
o Document 25. 68 26. 69 27.72 28.78 29. 59
Airfield ~
ABCS-SPL 21.13 22.24 23. 45 24. 40 25.18
Ours 25.97 27.49 28.93 30.32 32.06
MS BCS SPL 35. 02 37.41 39. 09 10. 04 41.01
o Document 34. 97 36. 14 37. 52 38.56 39. 99
e ABCS-SPL 24. 58 27.23 32. 60 35. 28 36. 71
Ours 35.47 37.55 39.16 40.10 41.90
MS BCS SPL 30. 87 32.90 34. 79 35. 65 36. 62
Document 33. 68 34. 80 35.81 37.35 38. 89
Truck
ABCS SPL 25.12 26.92 28. 44 29. 95 31.14
Ours 33.84 35.36 36. 84 38.25 39.47
MS-BCS SPL 30. 93 32. 46 34. 04 34. 85 35.73
.. Document 33. 86 34. 52 35. 10 36. 18 37. 26
an ABCS-SPL 26. 05 27.00 28. 86 30. 09 31.03
Ours 34.09 35.09 36. 24 37.22 38.33
MS BCS SPL 22.81 24,44 25.51 26.73 28.56
Kiel Document 25.64 26. 69 27.75 28.54 29.69
‘C ABCS-SPL 20. 49 21.14 21.92 22.61 23.16
Ours 25.91 27.13 28.55 29.82 31.56
MS BCS SPL 19. 87 22.21 23.62 24.87 26.23
. Document 24, 87 25. 69 26. 75 27.34 28.08
ts
s ABCS SPL 19. 55 21. 65 22.98 24.82 26.19
Ours 25.07 26.53 27.91 29.32 31,11
MS BCS SPL 26. 93 29. 55 31.52 32.57 33.70
Document 29.01 30. 65 31.77 32.89 33. 84
Couple
ABCS SPL 22.96 24. 52 26. 29 27. 94 29. 37
Ours 29.38 31.27 32.97 34.71 36. 46
MS BCS SPL 20. 33 21.93 23.78 24. 55 25.43
. Document 23.30 24.07 24. 85 25.59 26. 47
Mountain
ABCS SPL 20. 16 21.27 22.34 23.22 24. 41
Ours 23.50 24. 46 25.31 26. 40 27.36
MS BCS SPL 18. 82 20. 44 21.42 22.14 22.99
Document 22.99 23.79 24. 85 25.51 26.38
Dollar
ABCS-SPL 15.13 15.51 15. 86 16. 14 16. 37
Ours 23.19 24.58 25. 60 26.43 28.17
MS BCS SPL 25.10 27.26 29.12 30. 38 31.78
Document 28.62 29.74 31.08 32.48 33.35
Woman
ABCS SPL 18. 06 24.09 25.77 27.35 28.78
Ours 28.70 31.92 32.86 33.77 35.56
MS BCS SPL 24. 32 27.01 29.51 30. 75 31.96
Aerial Document 26. 81 28. 36 29.28 30.43 31.12
ena ABCS SPL 22.16 22.19 23.70 25.14 26. 65
Ours 27.07 29.26 30. 40 32.08 33.80

M 1 AR, BF X S B AT A A Mandrill,  FEEN 0.1 W ARBEEE A Mandrill B 5 PSNR
Goldhill .Barbara 1%, LIt 2 KRR AL E S . MS-BCS-SPL % #:5 3. 88 dB, . Document
FRHR ARENEMICOR S S TIHA R,
FE AR AR W A ROR T E R,

K e 2,51 dB., REER N 0.2 B, RBE L EH
F Goldhill # 4 B PSNR [t MS-BCS-SPL & & 5
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Document B35 0. 77 dB; AR B 3 #) Barbara &
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PSNR is 19.36 dB PSNR is 29.67 dB

PSNR is 22.76 dB PSNR is 30.49 dB

Kl 5 SNR K 5 dB K} Boat %A E AL E ., () MS-BCS-SPL &35 (b)Document Bk ; (¢) ABCS-SPL 84k ; (D AB %k
Fig.5 Reconstruction effect of Boat image when SNR is 5 dB. (a) MS-BCS-SPL algorithm;

(b) Document algorithm; (c) ABCS-SPL algorithm; (d)our algorithm

PSNR is 24.23 dB PSNR is 30.46 dB

PSNR is 24.89 dB PSNR is 31.58 dB

K 6 SNR 4 10 dB i} Boat FI{E M T HE . () MS-BCS-SPL % ; (b) Document %% ; (¢) ABCS-SPL 84k ; (D A 1k
Fig. 6 Reconstruction effect of Boat image when SNR is 10 dB. (a) MS-BCS-SPL algorithm; (b) Document algorithm;
(¢) ABCS-SPL algorithm; (d)our algorithm

PSNR is 31.02 dB

PSNR is 27.71dB

PSNR is 26.22 dB PSNR is 32.13 dB

& 7 SNR 24 15 dB i} Boat £ T HE . () MS-BCS-SPL %% ; (b) Document %% 5 (¢) ABCS-SPL 4 s (D A8k
Fig. 7 Reconstruction effect of Boat image when SNR is 15 dB. (a) MS-BCS-SPL algorithm; (b) Document algorithm;
(¢) ABCS-SPL algorithm; (d)our algorithm
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