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Hyperspectral Image Denoising Based on Low Rank Matrix Restoration

XU Hui, YANG Min
(School of Automation & School of Artificial Intelligence,Nanjing University of

Posts and Telecommunications , Nanjing 210023 , China )

Abstract; Hyperspectral images are usually contaminated by various types of noise during the acquisition, and there are many different
degrees of degradation. The traditional hyperspectral image denoising only considers the low rank of the image and ignores the similarity
between adjacent bands of the hyperspectral image, lacking spatial information. Based on the low —rank matrix model and the full
variational regularization of the spatial spectrum, we propose a unified removal framework for different noises, so as to restore the
degraded hyperspectral data. The algorithm is based on low-rank matrix restoration to suppress and separate sparse noise,and to ensure
the local low-rank of the image. The spatial spectrum full variation regularization model is used to enhance the smoothness of the global
spatial spectrum and reduce artifacts. Therefore, a regularized model combining the two is established, and the augmented Lagrangian
multiplier method is used to optimize the solution. The simulation experiment results show that compared with other hyperspectral
restoration methods,in terms of peak signal-to—noise ratio and structural similarity , the proposed algorithm has a higher numerical index,
which improves the denoising performance.
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