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Abstract

In this paper, a new tensor rank approximation is proposed and a non-convex TRPCA model is es-
tablished. An effective augmented Lagrangian multiplier optimization algorithm is used to solve
this non-convex minimization problem. The experimental results show that compared with the
tensor robust principal component analysis algorithm based on kernel norm, the estimated tensor
obtained by this algorithm has smaller deviation and is effective in terms of accuracy and effi-
ciency.
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Figure 1. Image recovery comparison by using different methods (a) Original image (b) Noisy images. Recovered image by
(c) TRPCA (d) SNN (e) NCTRPCA, respectively
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