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Abstract

Algorithm unfolding networks have achieved great success in compressive sensing image reconstruc-
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tion applications, yet these networks have not fully exploited and leveraged the deep learning po-
tential of image channel and spatial information. Additionally, there is still a need for further explo-
ration and improvement in areas such as reconstruction accuracy and cost control. To achieve rapid
image sampling and accurate image reconstruction from limited sampled data, this paper proposes
a Dual-Domain Learning Network based on the Unfolded Proximal Gradient Algorithm, termed PGD-
DDLN. This network unfolds the two-step update iterations of the proximal gradient algorithm into
a deep network architecture and incorporates a dual-domain learning process for image channel
and spatial information. Extensive experiments demonstrate that our PGD-DDLN network achieves
state-of-the-art results in both quantitative metrics and visual quality.
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Figure 1. The overall network structure of PGD-DDLN
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Figure 2. Gradient descent module

2. BEEE T REARER

7oA+ 04

-+ i
Tk
|

- Al
% !
1 |||!|lu|"
; |
60) :

M(")

Figure 3. Proximal unfolding module
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Figure 4. Path-controllable selector module
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Table 1. Average PSNR and SSIM under different » on the Setl1 dataset

2 1. 7£ Setll HiEE EAE y THIFLE PSNR F1 SSIM

I 10% 25% 30% 40% 50%
PSNR/SSIM  PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
ISTA-Net 2635 0.7975 29.16 08663 3312 09319 3539 09537 3753  0.9678
ISTA-Net+ 26.51 0.8048 32.34 0.9227 33.69 0.9383 35.94 0.9578 37.99 0.9704
MADUN 29.26 0.8761 34.72 0.9479 36.00 0.9577 38.00 0.9689 39.82 0.9769
DPC-DUN 29.12 0.8740 3466 09477 3581 0.9569 3791 09690 39.73  0.9773
PGD-DDLN 29.13 0.8739 34.57 0.9471 35.81 0.9565 38.03 0.9698 39.83 0.9777
Table 2. Average PSNR and SSIM under different y on the CBSD68 dataset
2 2. 7£ CBSD68 #i#E&E LR [E y AT PSNR #1 SSIM
y 10% 25% 30% 40% 50%
PSNR/SSIM  PSNR  SSIM  PSNR  SSIM  PSNR  SSIM  PSNR  SSIM  PSNR  SSIM
ISTA-Net 2529 0.6974 2774 08086 30.09 0.8727 3196 09125 33.84  0.9399
ISTA-Net+ 25.33 0.7006 29.27 0.8510 30.33 0.8779 32.15 0.9155 34.01 0.9422
MADUN 26.73 0.7561 30.73 0.8834 31.82 0.9058 33.76 0.9364 35.72 0.9576
DPC-DUN 26.75 0.7567 3057 08799 3176 0.9053 3366 09355 3559  0.9557

PGD-DDLN  26.62  0.7508 30.60 0.8796 31.71 09033 33.67 0.9355 35.60  0.9569
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