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Abstract

In this paper, we propose a new weighted nonconvex nonsmooth minimization problem and use
Iteratively Reweighted Nuclear Norm (IRNN) algorithm to solve the problem. It is worth mention-
ing that we use the nonconvex substitution family of ¢,-norm on the singular value of the matrix

to approximate the rank function. Experimental results show that this method can deal with non-
convex nonsmooth problems well and realize image denoising.
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Figure 1. Comparison of image restoration results of different methods: (a) Original images; (b) Adding 50% noise
images; (c) IRNN; (d) TNNR-APGL; (e) DW-TNNR
1. FEGEEGREERIL: () FiBEF; (b) 7N 50%MEAEE F; (c) IRNN; (d) TNNR-APGL; (e)
DW-TNNR
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Table 2. Comparison of PSNR values and time for denoising by four algorithms
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Bk PSNR SE AT 4 (5)
IRNN 24.56 12.66
TNNR-APGL 18.86 433.37
DW-TNNR 19.57 18.40
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