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Deep reconstruction for compressed sensing based on multi-resolution

feature fusion with Transformer

XIONG Chengyi®,MA Shuai”, GAO Zhirong", LI Fan”, CHEN Wenqi®
(South-Central MinZu University , a.College of Electronic and Information Engineering; b.Hubei Key Lab of Intelligent
Wireless Communtication; c.College of Computer Science, Wuhan 430074, China)

Abstract The cross-fusion of multi-resolution features of images has good potential to improve the reconstruction quality of
compressed sensing images. An image compressive sensing reconstruction method based on multi-resolution feature fusion
with Transformer has been studied. The measurement values of the input image are initially reconstructed to obtain a set of
low-resolution images with reduced dimension. Then two channels are used to extract the features cross-fused of the different
resolution images in parallel. Finally, the features output by the two channels are used to reconstruct the original image and
reconstruct the downsampled image. Transformer is used to cross-fuse the features of multi-resolution images to better utilize
the long-range correlation of the images. Extensive experimental results are compared to verify the effectiveness of the
proposed method in balancing the complication of the network and improving image reconstruction quality.

Keywords multi-resolution features; compressed sensing; cross-fusion; Transformer method
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