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Abstract: Effectively restoring the original signal with high probability and high quality from a very small
number of measured values is the core issue of compressive sensing for image reconstruction. Researchers
have successively proposed traditional and deep learning-based compressive sensing image reconstruction
algorithms. The traditional algorithms are based on mathematical derivation. Although they are compre-
hensible, their reconstruction quality is relatively poor. On the contrary, deep learning-based algorithms
have relatively high reconstruction quality, but they cannot guarantee intelligibility. Inspired by filter flow,
this study proposes a global-to-local compressive sensing image reconstruction model called G2L.Net,

which performs compressed sampling and initial reconstruction processes with convolutional layers using
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fast Fourier convolution and convolutional filter flow, taking into account the global contextual information

of the image and local neighborhood information of the image pixel simultaneously. It learns to jointly opti-

mize the measurement matrix and convolution filter flow and establishes a complete end-to-end trainable

deep image reconstruction network. Verification experiments were performed on the Set5, Setll, and

BSD68 test datasets commonly used in the field of compressive sensing image reconstruction at a 20%

sampling rate. The image reconstruction quality of G2L.Net was compared with that of the traditional algo-

rithm MH and algorithm based on deep learning; the average peak signal-to-noise ratio of CSNet increased

by 2.29 dB and 0. 51 dB, respectively, effectively improving the quality of the reconstructed image.

Key words: compressive sensing; image reconstruction; fast Fourier convolution; filter flow; deep neural

network
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Fig.1 Global-to-Local Compressive Sensing Image Reconstruction Model Structure
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Tab.1 PSNR of reconstructed images of different algorithms in 8 pictures (dB)
KB Bk Monarch ~ House  Barbara Lena Parrots Peppers Boats  C.man
MH"™ 23.19 30. 30 26.73 26.12 25.35 26.00 26.11 22.12
ReconNet'™® 21.51 26.69 22.50 24.47 23.23 22.67 24.15 21.66
10% CSNet'” 26.73 31.68 24.24 28. 57 27.40 26. 66 28. 80 24.92
ISTA-Net'™#! 25.72 30. 49 23.52 27.50 26. 37 27.13 27.41 23.76
G2 Net 28.07 32.00 25.23 28. 86 28.88 27.61 28.95 25.46
MH'"™#! 27.10 33. 84 30. 81 29.81 29.21 29.78 29.91 25.87
ReconNet'®! 22.89 27.95 22.87 25.39 24.56 24.04 25.98 22. 64
20% CSNet"” 29.57 33.42 24.98 30.75 29.77 28.42 30.97 26.79
ISTA-Net 31.01 34.99 26.78 31.14 29. 96 30.45 31.91 27.65
GZ2LNet 31.61 35.16 27.27 31.71 31.12 31.38 32.44 28.30
MH"™ 29. 20 35.69 32.99 31.99 31.00 31.35 32.25 28.08
ReconNet'®! 29.21 33.61 25.65 33.74 26. 88 29.77 30. 20 26.90
30% CSNet™” 32.58 36.47 28.38 33. 35 32.87 30.75 33.21 28. 64
ISTA-Net ™! 34. 80 37.07 30.13 33.45 32.91 35. 54 35. 22 30. 35
G2 Net 35. 27 37.56 30. 87 34. 26 33.58 35.81 35. 87 31.28

KRR BRSO (102 RAE %) 5 i 1E 102 R HE T 45 ) 48 7+ 2. 13, 5.50, 0. 58,
B 1.46 dB, 7E 20% RFEF T 43 5 $& T} 2. 28,6. 67,
W& 1A 2 7R , 76 Setll Al BSD68 £ 5 1.88,0.41 dB,7E 3020 RAEHF 433l #2 I+ 2. 16,
£ N, G2LNet fJF-#4 PSNR FIF-14 SSIM 2 ¥l fi 7.97,2.73,0.01dB.
e, 7F Set5 $di £ T CSNet (19°F 2 PSNR F1°F 1£ BSD68 54 4 F , G2LNet Ml tt T MH 5.
SSIM IR, iX B F CSNet 8 4745 FI ] T 3 %, ReconNet, CSNet, ISTANet+ [ ¥ PSNR
P A LG HO i i BT B A b B, AR 2 0T LU TE 10% R FE T 40 5 48 F+ 2,69, 3. 04, 0. 54,
B LA Setl L B 4E T, G2LNet 4 [ F MH & 1.36 dB, 1E 20 % RAEART 43 548 T 2. 61,4. 47,
1 . ReconNet, CSNet, ISTANet+ i ¥ PSNR 0.08,0.56 dB, 7F 3020 KA T 43342 7 2. 50,

K2 BIMHBEETABEENEZESHPSNRIFLEER

Tab.2 PSNR of reconstructed images of different algorithms in multiple datasets (dB)
P LGRS MH"™ ReconNet™ CSNet"” ISTA-Net' "™ G2LNet
Seth 28.56 24.31 31.54 28.61 30. 56
0% Setl1 25.82 22.45 27.37 26.49 27.95
BSD68 23.97 23.62 26.12 25.30 26. 66
Avg. 26.12 23.46 28. 34 26.80 28.39
Setd 26.12 23.46 28. 34 26. 80 28.39
20% Setll 28.93 24.44 29.33 30. 80 31.21
BSD68 26.98 25.12 29.51 29.03 29.59
Avg. 27.34 24.34 29.06 28.88 29.73
Seth 34.09 27.78 36. 69 35.45 36.03
30% Setll 31.55 25.74 30.98 33.70 33.71
BSD68 28.79 26.27 31.01 30. 35 31.29

Avg. 31.48 26. 60 32.89 33.17 33.68
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5.02,0.28,0.94 dB.,

M 30 LLE L FE Setl]l BT,
G2LNet #f It T MH % ¥ , ReconNet, CSNet,
ISTANet+ [ F %) SSIM 7E 10% F ke R F 43 4
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FAEZ R 4 B4R 7+ 0.050 4,0.190 1,0.021 3,
0.009 4, 78 30% R ¥ F T 43 4l #2 7+ 0. 043 7,
0.1415,0.058 8,0.011 8. 7£ BSD6S LT,

G2LNet # tb F MH 8 7% , ReconNet, CSNet,
ISTANet+ () ¥ SSIM 78 10% R KR F 43 51
$£7+0.1337,0.141 4,0.017 2,0.089 5,7 20%
K RERT 4 947+ 0.112 7,0.176 8,0.006 3,
0.017 8, 7E 30% R ¥ # T 43 4l $#2 7+ 0. 091 0,
0.134 4,0.0352,0.040 4. G2LNet 78 =44
8T 1Y F- £ PSNR H1°F- 14 SSIM By f {5
PG o et 95 LAt T ¥ B4

®3 AEEEWNEEEGRE SSIM BT L & R

Tab.3 Comparison results of SSIM of reconstructed images with different algorithms
RAER B 4 MH ReconNet ™ CSNet”! ISTA-Net ™ G2LNet
Setd 0.8350 0.7341 0.9010 0.8398 0.898 6
10% Setll 0.782 2 0.624 5 0.8412 0.803 6 0.868 7
BSD68 0.6559 0.648 2 0.772 4 0.700 1 0.789 6
Avg. 0.7577 0.6689 0.838 2 0.7812 0.8523
Set5 0.888 1 0.794 0 0.950 1 0.902 1 0.943 6
20% Setll 0.872'1 0.7324 0.9012 0.9131 0.9225
BSD68 0.769 3 0.7052 0.8757 0.864 2 0.8820
Avg. 0.843 2 0.7439 0.909 0 0.8931 0.916 0
Set5 0.918 5 0.8233 0.963 3 0.934 1 0.959 3
30% Setll 0.906 3 0.804 6 0.8912 0.938 2 0.950 0
BSD68 0.827 6 0.784 2 0.882 4 0.878 2 0.918 6
Avg. 0.884 1 0.804 0 0.912 3 0.916 8 0.942 6
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Fig. 3 Sampling rate is 10%, and the reconstruction images of each algorithm on the image House are compared
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Fig.4 Sampling rate is 20% , and the reconstruction image comparison of each algorithm on the image Monarch
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Tab.4 Comparing results with the same structured model without convolutional filter flow

FIEiES N7 Rl 10% 20% 30%
PSNR SSIM PSNR SSIM PSNR SSIM
FFCNet 22.16 0.7889 22.82 0.8256 23.20 0.8426
Setd G2LNet 30. 56 0.898 6 34.11 0.943 6 36.03 0.959 3
FFCNet 23.98 0.8253 24.29 0.8697 26.72 0.904 6
Setll G2LNet 27.95 0.868 7 31.21 0.9225 33.71 0.950 0
FFCNet 22.67 0.734 6 23.64 0.8134 25.11 0.854 1
Bsbes G2LNet 28.39 0.789 6 29.59 0.8820 31.29 0.918 6

x5 EHEERAH0%,AREE X Setll THFEHEITH
RS AEE S

Tab.5 Sampling rate is 10%, Comparison of the aver-

age running time of different algorithms in Set11

(s)

(RPN s TR R (CPU/GPU)
MH'# 22.703 468 91/ —
ReconNet'? —/0.052 174 221
CSNet” —/0.049 654 527
ISTA-Net+ " —/0.009 718 182
G2LNet —/0.123 254 545
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Fig.5 Change curve of loss with the number of training

iterations (epochs) at 20% sampling rate
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Fig. 6 G2LNet reconstruction image and filter flow visualization at 30 % sampling rate
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