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Greedy Algorithms and Compressed Sensing

FANG Hong' YANG Hai-Rong?

Abstract Recently a family of iterative greedy algorithms have received extensive application in compressed sensing
(CS) due to their fast reconstruction and low reconstruction complexity. In this paper, the basic theory of CS is first
introduced and then we put emphasis on the main greedy algorithms for reconstruction, which include MP, OMP, IBOOMP,
StOMP, SP, ROMP, CoSaMP and so on and provide their mathematical frameworks, respectively. Next, we classify all
the algorithms according to the strategy of element selection and the update of the residual error. Under the condition
of restricted isometry constant, further discussion on the performance of reconstruction algorithms such as running time,
reconstruction stability and so on is presented. Last, the reconstruction results from simulated experiments further show
the performance of all algorithms. And from those results we also acquire the relationship among the performance of
the algorithms, the sparsity of signals to be reconstructed and the number of measurements, which lays a good basis for

proposing new and better algorithms.
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Fig.1 Reconstruction results based on OMP, ROMP,

CoSaMP, SP, StOMP, and IBOOMP, respectively, with
N =512, m = 40, and M = 256
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Fig.2 The comparison of reconstruction results based on
OMP, ROMP, CoSaMP, SP, StOMP, and IBOOMP,
respectively, with N = 256, M = 128, and m increasing
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Table 2 The comparison of reconstruction time and errors with 100 times Gaussian noise
Ji % OMP ROMP Sp CoSaMP StOMP
o? T (s) e T (s) e T (s) e T (s) e T (s) e
0.001 1.406 0.1363 1.19 0.2879 0.483 0.1363 92.531 0.1575 9.875 1.1681
0.005 1.454 0.5635 1.281 1.4706 0.515 0.5635 92.079 0.7534 10.421 5.5633
0.01 — — 1.343 2.9046 0.516 1.5447 92.282 1.7544 10.531 15.4059
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