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Abstract

In this paper, we extended the low rank matrix approximation problem to tensors. A method for
estimating low-rank tensors by constructing convex optimization problems with non-convex re-
gularization is proposed. The non-zero singular values are estimated by parameterized non-convex
penalty functions, and the global optimal solution of the objective function is obtained. The expe-
rimental results show that this method can deal with the low rank tensor approximation problem
very well and achieve image denoising.
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Figure 1. Comparison of denoising effects of different methods
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Table 1. PSNR values and run time data
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