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Image compressive sensing based on multi-channel sampling
and attention reconstruction

Hou Baojun Tian Jinpeng Yang Jie Deng Jiangfeng Zeng Fengzhen

(School of Communication and Information Enginccring, Shanghai University,Shanghai 200114, China)

Abstract: Recently, deep learning networks for image compressive sensing have received a great deal of attention. Deep
learning networks can achieve compressed sampling of images and reconstruct the original image from the sampled
data, However, the existing compressive sensing algorithms cannot effectively extract original image information in
image scenes with uneven information distribution, resulting in low reconstruction accuracy. To address the above
problem, this paper proposcs an image compressive scnsing algorithm bascd on multi-channel sampling and attention
reconstruction. The algorithm includes multiple sampling channcls that can apply dillerent sampling rates to dillerent
regions of the image according to visual salicney, so that the sampling data can contain morc original imagec
information. The reconstruction adopts the residual channel attention structurc, which can adaptively adjust the
channcl [catures to improve the representation ability of the network., The comparative cxperiments show that the
imagc compressive sensing algorithm based on multi-channel sampling and attention rcconstruction proposed in this
paper can achicve better reconstruction quality and visual perception.
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