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Abstract

As a greedy algorithm reconstructing the sparse signal from underdetermined system, orthogonal matching pursuit (OMP)
algorithm has received much attention. In this paper, we multiple candidate matching pursuit (MuCaMP), which builds up
candidate support set in every iteration and uses the minimum residual at last iteration. Using the restricted isometry property
(RIP), we derive the sufficient condition for MuCaMP to recover the sparse signal exactly. The MuCaMP guarantees to reconstruct
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the K-sparse signal when the sensing matrix satisfies the RIP constant §,, ,< In addition, we show a recovery

performance both noiseless and noisy measurements.
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