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Image Compressed Sensing Based on Local and Nonlocal Regularizations

Zhu Jun', Chen Changwei®, Su Shoubao', Chang Zinan'

(1. College of Computer Engineering, Jinling Institute of Technology, Nanjing, 211169, China; 2. Information Engineering Insti-

tute, Nanjing Xiaozhuang University, Nanjing, 211175, China)

Abstract : Nonlocal low-rank regularization based approach (NLLR) shows the state-of-the-art performance
in compressive sensing (CS) recovery which exploits both structured sparsity of similar patches. Howev-
er, it cannot efficiently preserve the edges because it only exploits the nonlocal regularization and ignores
the relationship between pixels. Meanwhile, Logdet function that is used in NLR cannot well approxi-
mate the rank, because it is a fixed function and the optimization results obtained by this function essen-
tially deviate from the real solution. A local and nonlocal regularization based CS approach is proposed to-
ward exploiting the local sparse-gradient property of image and low-rank property of similar patches.
Schatten-p norm is used as a better non-convex surrogate for the rank function. In addition, the alterna-
ting direction method of multipliers method (ADMM) is utilized to solve the resulting nonconvex optimi-
zation problem. Experimental results demonstrate that the proposed method outperforms existing state-
of-the-art CS algorithms for image recovery.

Key words: compressive sensing (CS) ; total variation; low-rank; alternating direction method of multi-

pliers
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Fig.1 Six test images
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Tab.1 PSNR results of different algorithms on different images dB

. KFEH/ N
[REA Bk
2.5 5 10 15 20

TV 21.56 22.79 24.78 26.72 28.87
BM3D 22.43 24. 34 28.99 33.29 36.07

Barbara
NLR 24.25 29.79 35.47 38.17 40. 00
AL 24.91 30.78 36.72 39. 65 41.68
TV 29. 31 30. 50 33.63 35.54 37.20
BM3D 29.95 32.56 35.96 38.10 39.76

House
NLR 32.43 34. 80 38.39 40. 62 42.49
VNy'e 33.02 34.88 39. 35 41. 80 43. 88
TV 25.02 26.48 29.63 32.32 34.74
Lena BM3D 25. 64 27.02 31. 84 35.51 38.22
NLR 26. 84 30. 69 35.75 38.95 41. 38
A 27.38 32.56 37.18 41.24 43.63
TV 22.16 25.09 28.63 31.48 34. 20
BM3D 23.43 27.12 30. 27 33.88 36.91

Cameraman
NLR 24.72 28.36 32.30 36. 10 39.16
AL 26.17 29.63 33. 86 38.01 41.17
TV 30.21 32.50 36.02 38. 34 40. 49
BM3D 31.02 33.10 36. 85 39. 00 40.73
Foreman

NLR 33. 34 35.70 39. 39 41.98 44,02
A3 34,24 36. 35 40. 27 43.08 45. 36
TV 24.56 27.65 31. 84 34.76 37.00
BM3D 25.54 29.13 33.63 36.62 38.79

Parrot
NLR 28.97 32.18 36.56 39.56 41. 44

AR 30.19 33.42 37.97 41.01 43.10
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(a) RIEEE (b) TV (c) BM3D (d) NLR (e) Ak

(29.31 dB) (29.95 dB) (32.43 dB) (33.02dB)
(a) Original image (b)) TV (c) BM3D (d) NLR (e) Proposed method
(29.31 dB) (29.95 dB) (32.43 dB) 33.02 dB)

K 2 K% House 1F 2. 5% R AL R i H 45

Fig. 2 CS recovered House images with 2. 5% measurements
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(a) Original image (b) TV (c) BM3D (d) NLR (e) Proposed method
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K 3 [E{% Foreman fY 5 H 45

Fig. 3 CS recovered Foreman images with 2. 5% measurements
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Tab. 2 Contribution analysis of local and nonlocal regularizations dB

Eig sk S e
2.5 B) 10 15 20

vV 21.56 22.79 24,78 26.72 28.87
Barbara NLR 24.25 29.79 35. 47 38.17 40. 00
ZiNg'§ 24.91 30.78 36.72 39.65 41. 68
TV 29. 31 30. 50 33.63 35.54 37. 20
House NLR 32.43 34. 80 38. 39 40. 62 42.49
ViNg'§ 33.02 34. 88 39. 35 41. 80 43. 88
TV 25.02 26.48 29.63 32.32 34.74
Lena NLR 26. 84 30. 69 35.75 38.95 41. 38
Ours 27.38 32.56 37.18 41.24 43.63
TV 22.16 25.09 28.63 31.48 34. 20
Cameraman  NLR 24.72 28. 36 32. 30 36. 10 39.16
A 26.17 29.63 33. 86 38.01 41.17
TV 30. 21 32.50 36.02 38. 34 40. 49
Foreman NLR 33. 34 35.70 39. 39 41.98 44,02
A3 34. 24 36. 35 40. 27 43.08 45. 36
vV 24,56 27.65 31. 84 34.76 37.00
Parrots NLR 28.97 32.18 36.56 39.56 41. 44
A3 30. 19 33.42 37.97 41.01 43.10
TV 25.47 27.50 30. 76 33.19 35.42
Average NLR 26. 34 28. 88 32.92 36.07 38.41
Ours 29.32 32.94 37.56 40. 80 43.14
W RK-1 3.85 5. 44 6. 81 7.61 7.72
-2 2.99 4.06 4. 64 4.73 4.73

4 LERIE

AR SCAE R BB AR B 9 e 6 5 R A5 B A O BRSO A9 b e 45 L 32 T 26 T R i AR s
P8 T DU Al 114 s 4 TR VT A D B ) 92 B SR A EE A P A A SR SR AR R A L SR T SRR O 1 R T 1
K 22 A 1E 0 2500 Al TR 58 figp BSG 22 A T67 B A6 1 TR B8 g 8 3t SR A 7™ A B AR AL TR SR 4 R R T
5 A5 G814 s gt 2 2 6 R R Bk A NLR SA A BE L AR SCHRA 78 % LG B PSNR I 32 WAL 58 R T T #R A7
BEME.
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