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Abstract: The compressive sensing image reconstruction algorithms based on Convolutional Neural Net-
works could not capture long-range dependency of high-resolution images. Although Transformer can ad-
dress this issue, it significantly increases the number of network parameters and the image reconstruction
time. This paper proposed CHFNet, a combining image hierarchical-feature network for compressive
sensing iterative-reconstruction to improve image reconstruction quality and reduce reconstruction time.
CHF Net consisted of two sub-networks, sampling and reconstruction. The sampling sub-network utilized
a learnable sampling matrix to provide more effective measurements for reconstruction phase. In the recon-
struction sub-network, we introduced an iterative strategy using gradient descent and feature optimization

operations, and proposed a lightweight CNN-Transformer hybrid architecture to model and optimize ex-
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tremely fine-grained image hierarchical-feature, enhancing network’s sensing-capability and reducing com-

putation complexity. Moreover, CHFNet achieved complete end-to-end training by jointly optimizing sam-

pling-reconstruction process. The experimental results show that the proposed algorithm obtains satisfacto-

ry recovery performance on several public benchmark datasets. On the Urbanl00 dataset, the method of

this paper improves the average PSNR and SSIM metrics by 0. 63 dB and 0. 007 6 respectively compared

to the existing optimal algorithm CSformer. At 0. 10 sampling rate, the average reconstruction time of
CHFNet decreases 2. 744 7 s, 3.551 0's, and 4. 775 0 s compared to CSformer on Setll, BSD68, and

Urban100 datasets respectively.

Key words: compressive sensing; image hierarchical-feature; Transformer; convolutional neural net-

works; iterative strategy; image reconstruction
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Fig. 1 Structure of Anchored self-attention
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Fig.3 Multi-scale feature enrichment module
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Fig.5 Structure of spatial-hierarchy Transformer
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Tab.1 Comparison of PSNR(dB)/SSIM of reconstructed images on Set11 dataset with different algorithms for each sam-
pling rate
Bk
0.01 0.04 0.10 0.25 0.50 -5

CSNet—+ 20.16/0.5174 24.59/0.7604 28.29/0.8739 33.16/0.9426 38.92/0.9789 29.02/0.814 6
AMPNet 20.20/0.558 1 25.26/0.7722 29.40/0.8779 34.63/0.9481 40.33/0.9804 29.96/0.827 3
ISTANet++ 17.92/0.4554 22.88/0.6723 28.34/0.8531 32.77/0.9274 38.73/0.9727 28.13/0.776 2
OPINENet+  20.02/0.5362 25.52/0.7879 29.81/0.8904 34.81/0.9514 40.19/0.9800 30.07/0.829 2
TransCS 20.23/0.5049 25.41/0.7883 29.54/0.887 7 35.06/0.9548 40.49/0.9815 30.15/0.8234
CSformer 21.58/0.607 5 26.28/0.806 1 29.69/0.8882 34.80/0.9524 40.72/0.9824 30.61/0.8473
CHF Net 21.60/0.608 2 26.40/0.8124 30.10/0.8949 35.33/0.9561 40.62/0.9818 30.81/0.8507

R2 EBEXREXEFRFEEEREBIEE LS E R PSNR(AB)/SSIM 3t Lk
Tab.2 Comparison of PSNR (dB)/SSIM of reconstructed images on different datasets with different algorithms for each

sampling rate

0.01 0.04 0.10 0.25 0.50 1

CSNet+  21.76/0.509 0 24.89/0.676 8 27.39/0.802 5 31.03/0.908 3 35.87/0.967 6 28.19/0.772 8
AMPNet  22.28/0.538 7 25.26/0.676 0 27.86/0.792 6 31.74/0.904 8 36.82/0.968 0 28.79/0.776 0
ISTANet++ 19.89/0.462 1 23.39/0.601 1 26.39/0.7416 29.79/0.862 0 34.92/0. 951 3 26.88/0.723 6
OPINENet+ 21.88/0.516 2 25.16/0.684 1 27.81/0.804 0 31.50/0.906 2 36.32/0.9658 28.53/0.775 3
TransCS  21.55/0.493 3 25.28/0.688 1 27.86/0.808 5 31.74/0.912 1 36.81/0.9699 28.65/0. 774 4
CSformer  22.81/0.556 6 25.73/0.695 4 28.05/0.803 5 31.80/0.910 6 37.13/0.971 6 29.10/0.787 5
CHFNet  22.94/0.566 1 25.85/0.702 1 28.36/0.827 5 31.96/0.913 9 36.93/0.970 3 29.21/0.796 0
CSNet+ 18.47/0.393 2 21.51/0.630 6 24.46/0.798 0 28.75/0.914 6 34.05/0.970 3 25.45/0.741 3
AMPNet  18.85/0.434 5 21.93/0. 641 2 25.28/0.804 9 30.39/0.925 8 36.45/0.976 9 26.58/0.756 7
ISTANet++ 16.79/0.347 2 20.04/0. 543 4 24.48/0. 773 2 28.83/0.894 9 35.99/0.972 7 25.23/0.706 3
Urban100 OPINENet+ 18.62/0.418 9 22.07/0.666 5 25.77/0.829 7 30.96/0.935 1 36.93/0.979 7 26.87/0.766 0
TransCS  18.32/0.3795 22.20/0. 6756 25.87/0.834 7 31.14/0.938 7 37.23/0. 981 4 26.95/0.762 0

CSformer  19.43/0.465 3 22.62/0.682 3 25.80/0.826 7 30.49/0.932 9 36.45/0.979 3 26.96/0.777 3

CHFNet  19.50/0.466 9 22.46/0. 681 7 26.70/0. 850 2 31.80/0. 941 8 37.48/0.984 1 27.59/0.784 9
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Fig. 6 Comparison of visual effects of different algorithms for reconstructing images at low sampling rates
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Tab.3 Comparison of the complexity of different algo-

rithms

Rk %) 4% -2 AR (GPU) /s
Bk e

%3 S8 Setll BSD68 Urban100

TransCS 1.444M 0.706 2 0.669 8 7267

0.10 CSformer 6.647M 2.7720 3.582 3 804 1

TransCS 2.284 M 0.3800 0.7058 7119

0.50 CSformer .0456 3.773 3 632 6

0 0.

6 2 4.
CHFNet 0.608M 0.0273 0.0313 0.0291

2 0 0.

6.713M 2 4.

0 0.

CHFNet 1.028M 0.0278 0.027 8 030 5
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Tab.4 Ablation experiments with different strategies at 0. 50 sampling rate

AL SR W4 1971 PSNR/dB
MFEM S5CM Setl1 BSD68 Urban100
SRR X843 32 EEVa
X N — — 40. 34 36. 66 37.31
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Fig. 8 Variation curves of Loss with training epoch at dif-

ferent sampling rates
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Fig.9 Hierarchical-feature map of SSCM in different iterative stages at 0. 25 sampling rate
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