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Abstract

Image and video recovery is a basic but key task in computer vision and has been widely studied
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in recent years. However, existing methods have inevitable disadvantages: some require pre-defined
rank, while others cannot handle high-order data. In order to overcome these shortcomings, this
paper uses the low-rank high-order tensor approximation method to realize color video recovery
in mixed noise environment. Firstly, a high-order tensor algebraic framework is established. Based
on the framework, a new low-rank high-order tensor approximation (LRHA) method is proposed
by designing a proximal operator to recover potential low-rank parts from highly contaminated
tensor data, so as to complete the task of image and video restoration. And the corresponding al-
gorithm was designed. Experimental results of image and video restoration tasks show that LRHA
has advantages in dealing with corresponding problems.
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Figure 1. Color video can be approximated by a low-rank tensor
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Figure 2. Comparison of video completion performance
B 2. M2 RIELER

Table 1. PSNR values of different tensor completion methods

%= 1. FEskE4E 777589 PSNR F54R

AT ik L 451 (%) HaLRTC TMac NRATC TNN LRHA
30 30.897 30.664 34.731 33.822 36.237
Highway 40 32.702 31.082 36.846 35.317 38.053
50 34.389 31.462 39.085 36.910 39.844
30 24.655 27.486 32.229 29.619 34.009
Coastguard 40 26.516 29.644 35.351 32.114 36.953
50 28.420 31.116 38.453 34.632 39.772
30 29.021 32.404 34.303 36.031 38.547
Hall 40 31.464 33.117 37.445 37.698 40.781
50 33.735 33.776 40.556 39.275 42.941
30 29.011 32.947 33.366 33.589 36.459
Carphone 40 31.445 33.779 36.236 35.831 38.879
50 33.683 34.525 38.947 38.069 41.193
30 30.374 30.151 33.307 36.339 38.104
Bridge 40 32.189 30.457 35.519 37.771 39.926
50 33.923 30.745 37.775 39.204 41.604
30 26.997 30.732 32.329 32.437 36.349
News 40 29.545 34.018 35.616 34.615 39.201
50 31.998 35.778 38.898 36.774 41.923
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Figure 3. Comparison of video denoising performance
3. MIREMRRINEL I

Table 2. PSNR comparison of video denoising
2. MSnENME PSNR EEER

SNN TRPCA LRHA-DFT LRHA-DCT
L : : ) .
PSNR Time PSNR Time PSNR Time PSNR Time

Bridge 34.547 171.765 38.990 45.520 40.720 98.296 40.181 152.641
Grandma 27.865 154.718 36.109 42.099 38.234 97.781 38.858 152.336
Ship 26.429 158.779 27.657 38.265 31.838 99.977 30.516 151.766
Boat 30.224 152.168 34.385 39.888 40.640 103.084 41511 152.959
Worker 26.667 153.004 29.250 39.908 31.383 97.176 31.918 153.396
Akiyo 31.494 150.758 35.589 39.490 40.641 100.38 40.152 154.304
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Figure 4. Background modeling results
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