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Abstract

In recent years, tensors have been widely used in processing visualization data. To extend robust
principal component analysis (RPCA) to tensor situations, tensor robust principal component
analysis (TRPCA) has been proposed, and this model has been successfully applied to color images
restoration, video background segmentation, and other aspects. However, TRPCA only considers
images with low rank properties and cannot correct skewed color images. To solve this problem,
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we extend TRPCA by considering the low rankness and sparsity of the transformed tensor. In ad-
dition, we also introduce F norm to better handle Gaussian noise and segment the dynamic back-
ground of video. Finally, a large number of experiments are conducted on different types of color
images and videos to demonstrate the effectiveness of the proposed method.
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Figure 1. Comparison of correction effects of some naturally inclined images under different algorithms
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Figure 2. Comparison of correction effects of some color oblique grid images under different algorithms
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Table 1. Comparison of PSNR values on the above 6 images
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Figure 3. Comparison of restoration performance of color images with randomly added sparse noise and Gaussian
noise
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Figure 4. Comparison of foreground and background segmentation results for grayscale
videos
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