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A multi-channel multiplexing compressive remote sensing
approach based on non-local similarity constraint
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Abstract: A multi-channel multiplexing compressive sensing imaging approach based on compressive sensing is proposed
for physical realizable remote sensing systems. First, multi-masks coded with random binary Bernoulli matrix are ex-
plored for different optical channels, and the undersampled data of an image are collected in an exposure time. Next,
non-local similarity of spatial remote sensing images is presented as the regularization term for reconstruction to remove
the reconstructed interference caused by local prominent features in remote sensing scene. The experimental results dem-
onstrate the feasibility of this compressive remote sensing imaging. The proposed algorithm can preserve image details

and achieve an effective image reconstruction compared with traditional algorithms.
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Fig.1 CS sampling framework based on fixed coded mask,
(a) staring system with m=3,/=2,n=2, and (b) scanning
system with m=3,/=2,n=2
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Fig.2 Multi-channel multiplexing compressive sam-

pling matrix and mask design with m =8,/ =4,n =

32,(a) 16 x 64 Bernoulli observation matrix, and

(b) 1024 x 1024 fix coded mask
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Fig. 3
sive reconstruction with m =8, [ =4, n =32.
(a) 256 x 256 original remote sensing image,
(b) random undersampled images by 16 sets

Multi-channel multiplexing compres-

optical channels, (c) enlarged image under-
sampled by the third set, (d) NLSC recon-
structed image, and (e) the difference be-
tween the original image and reconstructed
image
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Fig.4 Performance of four reconstructed algorithms with
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Fig.5 Compressive reconstruction results of the four algorithms, (a) OMP, (b) IHT, (c¢) L1TV, and (d) NLSC. Subscript

”

“1” . reconstructed images, Subscript “2” . difference between original image and reconstructed image, Subscript “3”; en-

larged reconstructed images.
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