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Abstract

Recent work in compressed sensing theory shows that A< N independent and identically distributed sensing matrix

whose entries are drawn independently from certain probability distributions guarantee exact recovery of a sparse signal
with high probability even if M < N. In particular, it is well understood that the L;—-minimization algorithm is able to
recover sparse signals from incomplete measurements. In this paper, we propose a novel sparse signal reconstruction

method that is based on the reweighted L;—minimization via support detection.
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Table 1. Modified Orthogonal Matching Pursuit.
Input : P,y K
Output ©  Support set 7
Option :  Maximum allowed sparsity A
Step 1 Set the iteration count s to zero,
ro =y, and Ty = &
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the index of [ (1 — o) K ] largest absolute value
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end.
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