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Image restoration algorithm based on sparse regularized optimization
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Abstract: For speeding up image restoration and improving the restored results, “a, new algorithm was proposed. The

image restoration was represented as a class of standard optimization"problem, which was‘decomposed into two subproblems by

the alternating minimization algorithm. By iteratively solving the two.subproblems, a solution to the image restoration problems

was obtained. During the subproblem solving, the iterative soft-thresholding)algorithm was introduced for the denoising

subproblem. In the experiment, the images blurred by different type of blur‘wete restored. The experimental results show the

effectiveness of the proposed algorithm. When  dealing with the images,compared with Multilevel Thresholded Landweber
(MLTL) and Fast lterative Shrinkage-Thresholding Algorithm ( EISTA) ./ the proposed algorithm can reduce the time by 28%
and 71% respectively, and it improves the Signal-to-Noise Ratio (SNR) values by 0.7 dB to 3.5 dB.
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