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Abstract:  Compressed sensing is an emerging compressive sampling technique for the signal sampling and reconstruc—
tion. The sampling number of original signal based on this theory is much less than that based on Nyquist theory. CS
senses unknown signal and compresses it meanwhile and it will have broad application prospects in many areas. The issue
to tailor the reconstruction algorithms has obtained much attention and been intensively studied. The properties of the exist—
ing reconstruction algorithms are fistly analyzed then this paper has reviewed the theory of greedy pursuit type algorithms
done a large number of experiments on them given the advantages and disadvantages and the improvement programs for the
shortcomings of each orthogonal matching pursuit type algorithms and some other classics reconstruction algorithms finally
applied them to the image reconstruction. The reconstruction performance robustness and complexity of various algorithms
are given by experimental simulations and the advantages and disadvantages of various algorithms are validated.
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1 PSNR
Tab.1 The PSNR of the image in ideal environment
0.1 0.2 0.3 0.4 0.5
OMP 28.939 | 29.085 | 30.143 | 31.108 |32.357
StOMP | 28.843 | 27.787 | 27.052 | 26.370 |26.383
ROMP | 29.976 | 30.914 | 31.952 | 33.184 |34.372
Sp 30.913 | 31.412 | 32.514 | 33.603 |34.896
SAMP | 30.816 | 30.886 | 31.257 | 32.635 |32.887
BP 30.985 | 31.934 | 33.106 | 34.353 |35.342
IHT 30.129 | 30.851 | 31.818 | 32.845 |33.872
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Tab.2 The run times of the image in ideal environment
0.1 0.2 0.3 0.4 0.5
OMP 4.187 4.991 7.954 13.502 | 21.986
StOMP 0.217 0.281 0.487 0.658 | 0.847
ROMP 2.486 2.75 3.093 3.221 3.739
Sp 1. 686 2.422 3.472 5.783 6.256
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BP 40.107 | 51.054 | 50.989 | 54.698 | 60.671
[HT 7.373 8.856 10.459 | 11.202 | 12.154
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Tab.3 The PSNR of the different images in ideal environment
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Tab.4 The run times of the different images in ideal environment
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Fig.6  Original image and reconstructed image in noisy environment
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