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Abstract

Considering the deficiency of the convex relaxation of the traditional tensor nuclear norm as a rank
function in the actual optimization effect, this paper proposes a new non convex tensor completion
model composed of weighted tensor nuclear norm and weighted tensor Frobenius norm by virtue
of the idea of non convex relaxation, and uses the alternating direction multiplier method to solve
the proposed low rank tensor recovery model. In terms of tensor filling, the model is superior to
the traditional methods in terms of PSNR index and visual perception, and has achieved better per-
formance than the traditional algorithm.
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Figure 1. Performance comparison for image recovery on some sample images. (a) Original image; (b) observed
image; (c) recovered images by ours; (d) recovered images byTNN; (e) recovered images by TNNR; (f) recov-
ered images by TCTF
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Table 1. Comparison of PSNR values for real color image restoration

1. AR BEBKIKER PSNR EXLE

Hik PSNR
Ours 43.07
TNN 42.60
TNNR 38.85
TCTF 35.17
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