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time complexity, a test image is shown in Fig.1, Fig.3 Structure of MSRB in multi-scale residual reconstruction model
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Fig.4 Reconstruction results of image “flinstones” (the top picture)

at MR=25% and image “peppers” (the bottom picture) at MR=4%.
CONCLUSION

In this paper, we proposed an end-to-end multi-scale residual

network for image compressive sensing. By training a CNN based on
end-to-end optimization, difficulty of generating hardware-friendly
measurement matrix is alleviated. Moreover, multi-scale residual is
introduced to enhance learning ability for multi-scale information and
contribute to achieve better reconstruction quality.

* As is shown in Fig.2, MSRNet includes three parts: compressive
sample, initial reconstruction, multi-scale residual reconstruction.

e compressive sample part includes 1 reshape layer and 1 fully-
connected layer, which is used for reshape input image patch and
compressively sample original pixels.

* initial reconstruction part includes 1 reshape layer and 1 fully-

connected layer, which is used for initially restore original pixels

and reshape them to one patch.

multi-scale residual reconstruction part is used to further enhance

recovery accuracy based on initial reconstruction image, the basic

block in the part is MSRB, whose detail is shown in Fig.3.
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Fig.1 PSNR and time for recovering image “Parrots” at MR=10%

Ground truth



