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Abstract Denoising is an important preprocessing step to further analyze the hyperspectral image (HSI), and many denoising

methods have been used for the denoising of the HSI data cube. However, the traditional denoising methods are sensitive to outli-

ers and non-Gaussian noise. In this paper, by making using of the low-rank tensor property of the clean HSI data and the sparsity

property of the outliers and non-Gaussian noise, we propose a new model based on the robust low-rank tensor recovery, which can

retain the global structure of HSI and clean the outliers and mixed noise. The proposed model can be solved by the inexact aug-

mented Lagrangian method. Experiments on simulated and real hyperspectral data show that the proposed algorithm is efficient

for HSI restoration.
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