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Fig. 8 Restoration results of all competing methods for example image 5(p =0. 1)
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Fig.9 Restoration results of all competing methods for example image 6(p =0. 1)
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Table 1 ~ Comparison of the PSNR and SSIM values obtained using all competing methods with p =0. 1

- AR RIE R 2 A 3 AIE R 4 A F 5 RIEF 6

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

RPCA 19.782 0.7543 27.065 0.8829 24.226 0.8154 35.297 0.9308 21.769 0.7499  37.30 0.952
SNN 20.343  0.7329 30.526 0.8744 22.313 0.5489 35.909 0.9148 21.766 0.6486  38.62 0.9403
TNN 25.607 0.9417 31.032 0.9542 28.040 0.9243 38.024 0.9667 24.891 0.8937 41.40 0.9847

TTNN 21.984 0.7879 35.292 0.9495 24.544 0.6332 41.186 0.9780 23.110 0.6966 45.16 0.9877

TRNN 23.399 0.8903 30.022 0.9362 27.226 0.8926 37.431 0.9566 24.554 0.8648 40.26 0.9761

E-TNN 26.186 0.9119 36.112 0.9624 30.934 0.9094 41.717 0.9715 27.787 0.8838 45961 0.9868

BRI RS, I G R KR,

F2 BXHITEEAE p=0.2 FHY PSNR F1 SSIM B H %
Table 2 Comparison of the PSNR and SSIM values obtained using all competing methods with p =0. 2

Al R A R 2 RIE R 3 I 4 I R 5 IR 6

ik
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

RPCA 18.615 0.6571 26.095 0.8532 22.675 0.7159 34.321 0.9165 20.950 0.6830 35.912 0.9381
SNN 15.693 0.5069 17.235 0.1970 15.751 0.2740 16.844 0.0899 15.958 0.3859 17.445 0.1065
TNN 22.974 0.8766 29.320 0.9266 25.948 0.8499 36.637 0.9519 23.260 0.8238 39.295 0.9728

TTNN 16.658 0.5484 21.036 0.3126 17.514 0.3267 30.925 0.6562 17.517 0.4429 34.955 0.8364

TRNN 20.639 0.7616 28.167 0.8678 24.449 0.7229 35.940 0.9258 22.637 0.7449 37.588 0.9485

E-TNN 23.060 0.8776  30.481 0. 933 26.721 0.8536 37.258 0.9520 23.865 0.8202 40.172 0.9742

BHARFR AT B O LR R

23 BXFHLITEETE p=0.3 FHY PSNR Hl SSIM {8 HbAs
Table 3 Comparison of the PSNR and SSIM values obtained using all competing methods with p =0. 3

. AIE R I 2 A 3 ~IE 4 A~ 5 RIE R 6

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

RPCA 17.390 0.5411 24.953 0.7998 20.624 0.8826 32.936 0.9165 19.897 0.8826 34.286 0.9123
SNN 13.592  0.3815 14.340 0.1192 13.365 0.0432 13.529 0.0899 13.578 0.0432 14.065 0. 053
TNN 20.546 0.7619 27.590 0.8788 23.294 0.9231 34.908 0.9519 21.537 0.9231 37.282 0.9521

TTNN 14.079 0.4005 16.167 0.1525 14.209 0.0743 16.734 0.6562 14.589 0.0743 17.667 0.0956

TRNN 17.892  0.5915 25.332 0.7001  20.249 0.792 32.380 0.9258 19.993 0.792 33.925 0.8595

E-TNN 20.650 0.7499 28449 0.8689 23616 0.9131 35265 0.9046 21.777 0.9131 37.801 0.9487

BHAT IR B4 2R B O IR R IR A 2R
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Singular value distribution of different images
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Applications of enhanced tensor robust principal component analysis

ZHAO FengYing'

YANG HongWei’

ZHAO LiNa'*

(1. College of Mathematics and Physics; 2. Center for Information Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract: Robust principal component analysis ( RPCA) is a popular model to deal with image restoration and

background modeling problems. By focusing on the problem of the excessive dependence of the original RPCA and

an improved model based on the low-rank structure of the input data, we propose an enhanced robust principal com-

ponent analysis model and design a new enhanced tensor nuclear norm. To naturally reflect the intrinsic structure of

the tensor and improve the generalization of the model, E—-TNN restricts the low-rank properties of the tensor data

via its low dimensional subspace bases. The augmented Lagrange multiplier method is used to optimize the objective

function. Experimental measurements of image denoising and background modeling show that the proposed method

outperforms other current methods in terms of image restoration effect and running time.

Key words: tensor robust principal component analysis ( TRPCA) ;tensor low-rank recovery; enhanced tensor nu-

clear norm ;tensor decomposition
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