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Optimization of Compressed Sensing Reconstruction Algorithms Based on Convolutional Neural
Network

LIU Yu-hong.LIU Shu-ying and FU Fu-xiang
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Abstract Compressed sensing theory is widely used in image and video signal processing because of its low coding complexity,
resource saving and strong anti-jamming ability. However, the traditional compressed sensing technology also faces such problems
as long reconstruction time,high algorithm complexity, multiple iterations and large amount of computation. Aiming at the time
and quality of image reconstruction,a new convolutional neural network structure named Combine Network (CombNet) was pro-
posed. It takes the measured values of compressed sensing as the input of convolutional neural network, connects a full connection
layer,and then obtains the final output through CombNet. Experiment results show that CombNet has lower complexity and bet-
ter recovery performance. At the same sampling rate, the peak signal-to-noise ratio (PSNR) of CombNet is 7. 2% ~13. 95%
higher than that of TVAL3,and 7.72% ~174. 84% higher than that of D-AMP. The reconstruction time of CombNe is three or-
ders of magnitude higher than that of traditional reconstruction algorithm. When the sampling rate is very low (the sampling rate

is 0. 01) ,the average PSNR of CombNet is 11. 982dB higher than D-AMP, therefore the proposed algorithm has better visual at-

traction.
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Fig. 2 Visual effects of image reconstruction at different sampling
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Table 1 PSNR values of different algorithms obtained at different measurement rates for 10 images

CHLA . dB)
- P KHFE N 0.25 FHEERH 0.10 FHEZEH 0.04 KAHEFE N 0.01
- EERE  HERE REKE  HEKREB FRKE  HERE ERKE  HARKE
TVAL3 20. 46 20.51 19. 40 19.45 17.61 17.68 15.31 15.27
25098 D-AMP 20.61 20. 88 16.42 16. 56 10. 83 11.02 6.48 6.67
ReconNet 21.15 21.20 20.13 20.23 18. 05 18.21 15.42 15.58
CombNet 21.43 21.60 20. 32 20. 51 18. 48 18. 68 15. 86 16.03
TVAL3 20.55 20.63 19.48 19. 54 18.71 18.79 15. 31 15.37
D-AMP 21.07 21.22 18. 26 18.49 14. 31 14.49 7.16 7.32
35091 ReconNet 21.25 21.30 20.00 20.12 18.57 18.71 17. 36 17. 46
CombNet 21.98 22.29 20.36 20. 56 18.75 18.91 17.60 17.72
TVAL3 24.46 24.49 23.12 23.17 20.03 20. 06 19.40 19. 48
oot D-AMP 27.20 27.31 25.29 25.45 16.07 16. 22 6.41 6.65
ReconNet 23.97 24.05 23.09 23.20 21.67 21. 84 18.73 18.86
CombNet 24.56 24.97 23.11 23.43 21.80 22.03 19.65 19.85
TVAL3 24.29 24. 36 23.32 23.40 19. 55 19.61 17.87 17.94
16076 D-AMP 25.09 25.32 23.81 24.03 13.97 14.11 5.47 5.62
ReconNet 22.01 22.06 21.52 21.61 20.61 20.72 19.08 19.19
CombNet 22.32 22.81 21. 65 21. 96 20. 84 20.95 19. 31 19. 41
TVAL3 18.52 18.67 17. 04 17.12 15.42 15. 54 14.69 14.73
78004 D-AMP 19.79 20.03 17.87 18.02 11.76 11.97 6.52 6.73
ReconNet 20. 89 20.98 19.54 19.69 18.03 18.24 15.48 15.62
CombNet 20. 81 21.19 19.85 20. 10 18.56 18.76 16.56 16.73
TVAL3 24.39 24.48 23.16 23.27 20.53 20. 60 17. 36 17.45
D-AMP 24.27 24. 45 21.61 21.83 14.11 14. 26 8.83 9. 00
100075 ReconNet 24.61 24.66 23. 66 23.79 22.34 22.48 19. 89 20.04
CombNet 24.80 25.10 23.53 23.82 22.43 22.61 20. 00 20. 18
TVAL3 21.41 21.50 20. 14 20.19 19.93 20.01 16.51 16. 55
100080 D-AMP 24.07 24.26 20. 64 20. 89 10. 49 10. 68 7.51 7.70
ReconNet 26. 88 26.91 26. 41 26. 48 25.24 25. 36 24.03 24.18
CombNet 26.94 27.15 26.76 27.02 25. 66 25.95 24.08 24.22
TVAL3 25. 27 25.33 23.61 23.69 20. 38 20. 42 18.04 18.12
D-AMP 26.65 26.87 20. 14 20. 37 10.01 10. 25 6.74 6.91
247085 ReconNet 23.91 23.97 22.99 23.10 21.66 21.83 19.91 20.07
CombNet 24.03 24.17 23.04 23.19 21.87 22.03 19.98 20.15
TVAL3 19. 34 19.41 18.32 18.40 17.33 17.38 16.11 16. 19
D-AMP 20. 88 20.92 18.71 18. 86 11.62 11.75 6.41 6.48
376043 ReconNet 20. 89 20. 96 19.79 19. 94 18. 46 18.62 16. 90 17.04
CombNet 21.22 21.52 19.97 20.23 18.70 18.90 17.20 17.37
TVAL3 16. 64 16.59 15.28 15.32 14.72 14. 83 14.15 14.19
D-AMP 25.12 25. 30 20.07 20. 21 10.06 10. 21 5.37 5.45
388016 ReconNet 20. 45 20.49 19. 46 19.54 18. 04 18.18 15.88 15. 90

CombNet 20.59 20.67 19.50 19.71 18.32 18. 49 16.55 16. 69
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Table 2 Average PSNR and consuming time of various algorithms reconstructing a single image
b AHHE=0.25 RHEE=0.1 RHE=0.04 0.01 R #¥ %
F¥ PSNR/AB P EMAEN/s F¥H PSNR/AB FHEMHHEE/s T4 PSNR/AB FHEMHEMN /s  FH PSNR/AB  FHEHHE /s
TVAL3 21.591 3.9892 20. 355 4.6754 18.514 5.1439 16.529 5.3431
D-AMP 23.657 200. 1694 20.473 240.5660 12. 496 272.1407 6.853 325.9651
ReconNet 22.658 0.7325 21.770 0.8876 20.419 0.9926 18. 394 1.0487
CombNet 23.147 0.8203 22.053 0.9615 20.731 1.0940 18.835 1.1514
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Fig.4 Comparison of signal-to-noise ratio and reconstructed visual effects with 0. 1 sampling rate and no noise for 4 algorithms

HERE B F BRI B AL R W R TR 4 R
BT Z M TG, R T R 2R %0
O E BOBERE B WA UG 15 5 L AR T 20 A A2 A B A B R
TG+ DRI P 1 Ak 1 50350 4 o A 00 ) T 4 SR A Ay
Bk rh AR ST B ST A2 A B AN 1] A2 2 BE iy » HL A
BORAAE . O 1 36 BB A4 23 A2 3 b AR AN HLIR 45 = 4k 31 Y
2R B o TR A5 Ak B Y TR SR RO TR A 280 e 23 e Ak B AR o
BRI S AS SCHR T — FORT Y A AU 22 I 4% CombNet,
TIRGHEAMEGER . B 5 T 92, IF H 5 N H A% 50
ARG R 3 AN B Y, BE SE ISR I A O BRI S

BB AL TR G O AR R AR B T R R R TR AR
BRARG I 0 B PRt B O R 1) PRI A 8 o AELIR AR ST R 11 P S0 47
AR Z At B0 PG HEAT T 4 A RN e 2 Jic e [N LA HE A
W2 B AR S R Xk R RATH T — 05T
Jr 1l o

2 % X #f

[1] CANDES E J,ROMBERG J, Tao T. Robust uncertainty princi-
ples:exact signal reconstruction from highly incomplete frequen-

cy information[ J]. IEEE Transactions on Information Theory,



148

Com puter Science

HEHLRE Vol. 47, No. 3, Mar. 2020

2]

(3]

4]

[5]

(6]

(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

2006,52(2):489-509.

DONOHO D L. Compressed sensing[ ] ]. IEEE Transactions on
Information Theory,2006,52(4) :1289-1306.

WANG H L,WANG S,LIU W Y. An Overview of Compressed
Sensing Implementation and Application[ ] ]. Journal of Detec-
tion & Control,2014,36(4).

MOUSAVI A,BARANIUK R G. Learning to Invert:Signal Re-
covery Via Deep ConvolLutional Networks[ C] /2017 IEEE In-
ternational Conference on Acoustics, Speech and Signal Proces-
sing (ICASSP). 2017.

MALLAT S G,ZHANG Z. Matching pursuits with time-fre-
quency dictionaries[ J]. IEEE Trans on Signal Processing, 1993,
41(12) :3397-3415.

TROPP ] A,GILBERT A C. Signal Recovery From Random
Measurements Via Orthogonal Matching Pursuit [ ] ]. IEEE
Transactions on Information Theory,2007,53(12) :4655-4666.
BLUMENSATH T, DAVIES M E. Iterative hard thresholding
for compressed sensing[J]. Applied & Computational Harmonic
Analysis,2009,27(3) :265-274.

FIGUEIREDO M A T,NOWAK R D, WRIGHT S J. Gradient
projection for sparse reconstruction: application to compressed
sensing and other inverse problems[ ] ]. IEEE Journal of Selected
Topics in Signal Processing,2008,1(4) :586-597.

MAIRAL J,BACH F,PONCE J,et al. Non-local sparse models
for image restoration[ C] // IEEE International Conference on
Computer Vision. 2010.

ELDAR Y C,KUPPINGER P,BOLCSKEI H. Block-Sparse
Signals: Uncertainty Relations and Efficient Recovery[ ]]. IEEE
Transactions on Signal Processing,2010,58(6) :3042-3054.
BARANIUK R G,CEVHER V,DUARTE M F, et al. Model-
Based Compressive Sensing[ J]. IEEE Transactions on Informa-
tion Theory,2010,56(4):1982-2001.

LONG J,SHELHAMER E, DARRELL T. Fully convolutional
networks for semantic segmentation[ J]. IEEE Transactions on
Pattern Analysis & Machine Intelligences2014,39(4) :640-651.
EIGEN D,PUHRSCH C,FERGUS R. Depth Map Prediction
from a Single Image using a Multi-Scale Deep Networ [J]. ar-
Xiv:1406. 2283vl.

CHAO D, HE K,CHEN C L,et al. Learning a Deep Convolu-
tional Network for Image Super-Resolution[ C]// European Con-

ference on Computer Vision. Cham:Springer,2014.

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

XIEJ Y,XU L L,CHEN E H. Image denoising and inpainting
with deep neural networks[ C] // International Conference on
Neural Information Processing Systems. 2012:341-349.
MOUSAVI A,PATEL A B,BARANIUK R G. A deep learning
approach to structured signal recovery[ C]// 2015 53rd Annual
Allerton Conference on Communication, Control,and Computing
(Allerton). IEEE,2015:1336-1343.

KULKARNI K,LOHIT S, TURAGA P, et al. ReconNet: Non-
Tterative Reconstruction of Images from Compressively Sensed
Measurements[ C]//2016 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). IEEE Computer Society, Las
Vegas,NV.2016.

LI Y D,HAO Z B, LEI H. Survey of convolutional neural net-
work[ ] ]. Journal of Computer Application,2016,36(9):2508-
2515.

TAQI A M, AL-AZZO F, MARIOFANNA M, et al. Classifica-
tion and discrimination of focal and non-focal EEG signals based
on deep neural network[ C]// International Conference on Cur-
rent Research in Computer Science & Information Technology.
2017.8692.

JIA'Y Q,SHELHAMER E,DONAHUE ], et al. Caffe: Convo-
lutional Architecture for Fast Feature Embedding[ C] / ACM
International Conference on Multimedia. 2014.

LI C B,YIN W T,JIANG H,et al. An efficient augmented La-
grangian method with applications to total variation minimiza-
tion[ ] ]. Computational Optimization and Applications, 2013,
56(3):507-530.

METZLER C A,MALEKI A.BARANIUK R G. From Denoi-
sing to Compressed Sensing[ J]. IEEE Transactions on Informa-
tion Theory,2016,62(9):5117-5144,

DABOV K,FOI A,KATKOVNIK V,et al. Image Denoising by
Sparse 3-D Transform-Domain Collaborative Filtering[]]. IEEE
Transactions on Image Processing,2007,16(8) :2080-2095.

LIU Yu-hong. born in 1975, master., as-
sociate professor. Her main research in-
terests include wireless communication,
compressed sensing and image proces-

sing.






