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Double Threshold Orthogonal Matching Pursuit Algorithm
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Abstract The reconstruction algorithm in theory of compressed sensing (CS) is an important part of compression per-

ception theory. Under the unknown condition of the sparse degree,some reconstruction algorithms perform poorly. To

solve this problem,a kind of orthogonal matching pursuit algorithm based on double threshold was put forward. Under

the unknown condition of the sparse degree,the twice screening for the selected atoms can have high efficiency and high

quality reconstruction image signal. The proposed algorithm can effectively reconstruct signals through experimental

comparison with other algorithms. The proposed algorithm in this paper has higher reconstruction precision and has

shorter running time.
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