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A Mixed Norm Image Restoration Algorithm
Using Multi Regularization Parameters
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ABSTRACT

In this paper, we propose an iterative mixed norm image restoration algorithm using multi regularization
parameters. A functional which combines the regularized [, norm functional and the regularized I, norm
functional is proposed to efficiently remove arbitrary noise. The smoothness of each functional is determined by
the regularization parameters. Also, a regularization parameter is used to determine the relative importance
between the regularized I, norm functional and the regularized I, norm functional using kurtosis. An iterative

algorithm is utilized for obtaining a solution and its convergence is analyzed. Experimental results demonstrate
the capability of the proposed algorithm.
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