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Improved Sparse Signal Reconstruction Algorithm Based on SL0O Norm
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(1. College of Electronic and Information Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing, 210016, Chi-

na;2. Departmen of Physics and Information Technology. Liupanshui Normal University, Liupanshui, 553004, China)

Abstract: The smoothed /, norm algorithm in compressive sensing introduces smoothed functions to ap-
proximate the /, norm. The problem of minimization of /, norm can be transferred to a convex optimiza-
tion problem of the smoothed functions, which could be used efficiently for compressive sensing recon-
struction. Aiming at the choice of appropriate smoothed functions and improvement of the robustness of
the algorithm, a new smoothed function sequence with gradient projection method has been proposed to
solve the optimization problem in this paper. Singular value decomposition (SVD) method has been fur-
ther proposed to improve the robustness of algorithm,then the accurate reconstruction of sparse signal is
realized. Experimental results show that the proposed algorithm improve ignificantly in both the recon-
struction accuracy and the peak value signal-to-noise ratio under the same test conditions.
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