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Abstract

Based on the problem of tensor nuclear norm, a new robust principal component analysis model is
established by substituting truncated nuclear norm for nuclear norm, and the convex optimization
problem is solved by augmented Lagrange multiplier method. In the experiment of image denois-
ing, the robust principal component analysis model with truncated unclear norm has good denos-
ing effect.
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Figure 1. Comparison of denoising effects of different methods
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Table 1. Data denoised by each algorithm
= 1. RERERRENERIE

Bk PSNR Time(s) Iteration Error
TRPCA 22.09 364.42 463 0.16
TNNR 23.60 170.42 432 0.14
SNN 26.40 86.51 213 0.12
TNNRPCA 30.87 43.13 142 0.11
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