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A Compressed Sensing Algorithm Based on Multi-scale

Residual Reconstruction Network

LIAN Qiu-Sheng'? FU Li-Peng"? CHEN Shu-Zhen''? SHI Bao-Shun':?

Abstract In recent years, a small number of measurements and iterative optimization algorithms were exploited in
compressed sensing to reconstruct images. In the process of reconstruction, most algorithms based on iteration for
compressed sensing image reconstruction suffer from the complicatedly iterative computation and time-consuming. In
this paper, we propose a novel multi-scale residual reconstruction network (MSRNet), and exploit the measurements to
reconstruct images through the network. The multi-scale dilate convolution layer is introduced in the network to extract
the feature of different scales in the image, and the feature information could improve the quality of reconstructed image.
Finally, we exploit the output of the network and measurements to optimize our algorithm, so as to make the projection
of the reconstructed image closer to the measurements. The experimental results show that the MSRNet requires less

running time and has better performance in reconstruction quality than other compressed sensing algorithms.
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Table 1  PSNR values in dB for six testing images by different algorithms at different measurement rates

. MR = 0.25 MR = 0.10 MR = 0.04 MR = 0.01
i ik w/o BM3D w/BM3D w/o BM3D w/BM3D w/oBM3D w/BM3D w/oBM3D w/BM3D

TVAL3 24.19 24.20 21.88 22.21 18.98 18.98 11.94 11.96

NLR-CS 28.01 28.00 14.80 14.84 11.08 11.56 5.50 5.86

Barbara ~ D-AMP 25.08 25.96 21.23 21.23 16.37 16.37 5.48 5.48
ReconNet 23.25 23.52 21.89 22.50 20.38 21.02 18.61 19.08
DR2-Net 25.77 25.99 22.69 22.82 20.70 21.30 18.65 19.10

MSRNet 26.69 26.91 23.04 23.06 21.01 21.28 18.60 18.90

TVAL3 28.81 28.81 23.86 23.86 19.20 19.20 11.86 11.88

NLR-CS 29.11 29.27 14.82 14.86 10.76 11.21 5.38 5.72

Boats D-AMP 29.26 29.26 21.95 21.95 16.01 16.01 5.34 5.34
ReconNet 27.30 27.35 24.15 24.10 21.36 21.62 18.49 18.83

DR2-Net 30.09 30.30 25.58 25.90 22.11 22.50 18.67 18.95

MSRNet 30.74 30.93 26.32 26.50 22.58 22.79 18.65 18.88

TVAL3 24.05 24.07 18.88 18.92 14.88 14.91 9.75 9.77

NLR-CS 22.43 22.56 12.18 12.21 8.96 9.29 4.45 4.77

Flinstones ~ D-AMP 25.02 24.45 16.94 16.82 12.93 13.09 4.33 4.34
ReconNet 22.45 22.59 18.92 19.18 16.30 16.56 13.96 14.08
DR2-Net 26.19 26.77 21.09 21.46 16.93 17.05 14.01 14.18

MSRNet 26.67 26.89 21.72 21.81 17.28 17.40 13.83 14.10

TVAL3 28.67 28.71 24.16 24.18 19.46 19.47 11.87 11.89

NLR-CS 29.39 29.67 15.30 15.33 11.61 11.99 5.95 6.27

Lena D-AMP 28.00 27.41 22.51 22.47 16.52 16.86 5.73 5.96
ReconNet 26.54 26.53 23.83 24.47 21.28 21.82 17.87 18.05

DR2-Net 29.42 29.63 25.39 25.77 22.13 22.73 17.97 18.40

MSRNet 30.21 30.37 26.28 26.41 22.76 23.06 18.06 18.35

TVAL3 27.77 27.77 21.16 21.16 16.73 16.73 11.09 11.11

NLR-CS 25.91 26.06 14.59 14.67 11.62 11.97 6.38 6.71

Monarch ~ D-AMP 26.39 26.55 19.00 19.00 14.57 14.57 6.20 6.20
ReconNet 24.31 25.06 21.10 21.51 18.19 18.32 15.39 15.49

DR2-Net 27.95 28.31 23.10 23.56 18.93 19.23 15.33 15.50

MSRNet 28.90 29.04 23.98 24.17 19.26 19.48 15.41 15.61

TVAL3 29.62 29.65 22.64 22.65 18.21 18.22 11.35 11.36

NLR-CS 28.89 29.25 14.93 14.99 11.39 11.80 5.77 6.10

Peppers ~ D-AMP 29.84 28.58 21.39 21.37 16.13 16.46 5.79 5.85
ReconNet 24.77 25.16 22.15 22.67 19.56 20.00 16.82 16.96

DR2-Net 28.49 29.10 23.73 24.28 20.32 20.78 16.90 17.11

MSRNet 29.51 29.86 24.91 25.18 20.90 21.16 17.10 17.33

TVAL3 27.84 27.87 22.84 22.86 18.39 18.40 11.31 11.34

NLR-CS 28.05 28.19 14.19 14.22 10.58 10.98 5.30 5.62

P4 PSNR D-AMP 28.17 27.67 21.14 21.09 15.49 15.67 5.19 5.23
ReconNet 25.54 25.92 22.68 23.23 19.99 20.44 17.27 17.55

DR2-Net 28.66 29.06 24.32 24.71 20.80 21.29 17.44 17.80

MSRNet 29.48 29.67 25.16 25.38 21.41 21.68 17.54 17.82




2088

45 4

ReconNet

DR2-Net

7 WRJURME L EAPERE (B8 1 AT RI5E 3 ATRAFE%E MR = 0.25, 0.10, 0.04)

Fig.7 Comparison of reconstruction performance of various algotithms (MR = 0.25, 0.10, 0.04)

* 2 AFEET 11 ENE G SSIM
Table 2 Mean SSIM values for 11 testing images by

different algorithms

AT MR = 0.01 MR =0.04 MR = 0.10 MR = 0.25
ReconNet 0.4083 0.5266 0.6416 0.7579
DR?2-Net 0.4291 0.5804 0.7174 0.8431
MSRNet 0.4535 0.6167 0.7598 0.8698

(2) %2 F BT PSNR = 26.69 dB
(a) PSNR = 26.69 dB before refined

Kl 8 MEIEHTE M HE KA L (MR = 0.25)
Fig.8 The comparison of reconstructed images before
and after refined (MR = 0.25)

(b) 1£1T /% PSNR =27.53 dB
(b) PSNR =27.53 dB after refined
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P FEMIRSTR]. a1k 6 fion, 5 DR2-Net AL, A
LR AN ). 5 ReconNet #H LG, FAINA]
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# 3 MSRNet FEMHEHEIEE 11 ENEKE G PSNR (dB) A1 SSIM
Table 3 The PSNR (dB) and SSIM of 11 test images of refined MSRNet reconstruction

K MR = 0.25 MR = 0.10 MR = 0.04
PSNR SSIM PSNR SSIM PSNR SSIM
Monarch 29.74 0.9189 24.40 0.8078 19.62 0.6400
Parrots 30.13 0.9054 25.15 0.8240 22.06 0.7311
Barbara 27.53 0.8553 23.28 0.6630 21.39 0.5524
Boats 31.63 0.8999 26.73 0.7753 22.86 0.6355
C-man 27.17 0.8433 23.33 0.7400 20.51 0.6378
Fingerprint 28.75 0.9280 23.18 0.7777 18.81 0.5212
Flinstones 27.77 0.8529 22.14 0.7114 17.46 0.4824
Foreman 35.85 0.9297 31.71 0.8740 26.97 0.7939
House 34.15 0.8891 29.55 0.8196 25.60 0.7443
Lena 30.95 0.9019 26.68 0.7965 23.16 0.6882
Peppers 30.67 0.8898 25.43 0.7811 21.28 0.6382
TEIME 30.39 0.8922 25.59 0.7791 21.79 0.6423

K4 AFEBRITTEE 5 e b E A EAR 1
PSNR (dB)
Table 4 Mean PSNR in dB for testing set in Fig. 5 by

different convolution

LHREAX MR =0.01 MR =0.04 MR =0.10 MR =0.25

WA 17.50 21.23 24.79 29.05
FakB#m 17.54 21.41 25.16 29.48

# 5 ANFBERIT A BSD500 MIALE b H iy 573
PSNR (dB)
Table 5 Mean PSNR in dB for BSD500 testing set by

different convolution

HyY: MR =0.01 MR=0.04 MR=0.10 MR =0.25

AR 19.34 22.14 24.48 27.78
Yok 19.35 22.25 24.73 27.93

MSRNet. DR2-Net #1 ReconNet [ 75 Z# H1 2
ST M FENZGEINSGERN. Wk 7 o (EWE
BARLGAEIE), ASCHEIFAE BSD500 MR AE Ntk
LT ) ER M RE. ERFEER 0,25, 0.10 0.04 Al
0.01 f, MSRNet HJHEEZ 1) PSNR Al SSIM
#B T DR2-Net. SEIGR I, ASCEEAE KPR
S e R I R I E A e
4.5 MLBHIITIEERE

XoJ P A5 DN ALV 0 DY AN [i] 7K P (1) v 0 e 75
AR S 0.01. 0.05. 0.10. 0.25. 1) MSRNet
PR R AE TR A RIS 201, W3k 8. 9 Fivn
(EMEBRELEIE), X% MR = 0.25, 0.10
1 AV N i 2 25 N Nl B AR VR
1) PSNR ¥ & T ReconNet #1 DR2-Net, fi 3
£ MR = 0.25, MBS 58 o = 0.25, B 5 i

F6 EH—IE 256 x 256 EHZEITHE (s)

Table 6 Time (in seconds) for reconstruction a single 256 x 256 image

vk MR = 0.01 (CPU/GPU)

MR = 0.04 (CPU/GPU)

MR = 0.10 (CPU/GPU) MR = 0.25 (CPU/GPU)

ReconNet 0.5363/0.0107
DR2-Net 1.2039/0.0317
MSRNet 0.4884/0.0121

0.5369/0.0100
1.2064/0.0317
0.5172/0.0124

0.5366,/0.0101
1.2096,/0.0314
0.5152/0.0117

0.5361/0.0105
1.2176/0.0326
0.5206/0.0126

# 7 AFEVELE BSD500 WAL NF) PSNR (dB) F1°F35 SSIM

Table 7 Mean PSNR in dB and SSIM values for BSD500 testing images by different algorithms

K MR = 0.01 MR = 0.04 MR = 0.10 MR = 0.25
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
ReconNet 19.17 0.4247 21.40 0.5149 23.28 0.6121 25.48 0.7241
DR?2-Net 19.34 0.4514 21.86 0.5501 24.26 0.6603 27.56 0.7961
MSRNet 19.35 0.4541 22.25 0.5696 24.73 0.6837 27.93 0.8121
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# 8 % ReconNet. DR2-Net 1 MSRNet =Rl 8y} i M e 75 (e vk (B 5 b 11 sk )
Table 8 Comparison of robustness to Gaussian noise among of ReconNet, DR?-Net, MSRNet
(11 testing images in Fig.5)

MR = 0.25 MR = 0.10
it
o =0.01 o = 0.05 o =0.10 o =0.25 o =0.01 o = 0.05 o =0.10 o =0.25
ReconNet 25.44 23.81 20.81 14.15 22.63 21.64 19.54 14.17
DR?2-Net 28.49 25.63 21.45 14.32 24.17 22.70 20.04 14.54
MSRNet 29.28 26.50 22.63 18.46 25.06 23.56 21.11 15.46

#9 [ ReconNet. DR?-Net F1 MSRNet —Ff$iykxt iy ik 5 11 & btk (BSD500 #i4fi4e)
Table 9 Comparison of robustness to Gaussian noise among of ReconNet, DR?-Net, MSRNet (BSD500 dataset)

- MR = 0.25 MR = 0.10
=001 06=005 =010 0=025  o=00l c=005 0=010 o=025
ReconNet 25.38 22.03 20.72 14.03 23.22 22.06 19.85 14.51
DR2-Net 27.40 24.99 21.32 14.47 24.17 22.74 20.26 14.85
MSRNet 27.78 25.53 22.37 18.38 24.67 23.34 21.22 16.37
MR 4E A EE 1 FEY PSNR . ReconNet Fil 15631575

DR2-Net 4 % 4.31 dB H1 4.14dB. 76 &
BSD500 b, A SCHEVEAEAN R e S 5w R, 6

(FERRSE, ki, ZEmi. HR A ime g B L G A B BT 7 30 e 5 e
. AR, 2014, 40(8): 1563—1575)
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