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Nonconvex TRPCA algorithm combined with low-rank pre-separation and

random jitter mechanism
PAN Yuyan, ZHANG De, LI Zhuangju

(School of Electrical and Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044, China)

Abstract: To address the issue of information extraction bias caused by uniform shrinkage of singular values in tensor
robust principal component analysis (TRPCA) during low-rank structure recovery, this study considered treating singu-
lar values differently, using a nonconvex weighted tensor Schatten-p norm (0<p<l1) to analyze tensor data, which re-
duced the penalty for singular values. In order to solve the problem of severe data damage that is difficult to recover, a
low-rank pre-separation method was used to realize the pre-separation of the approximate low-rank component and the
approximate sparse component. To enhance the correlation among high-order tensors while reducing the sensitivity of
data to specific noise, the random jitter regularizer mechanism was proposed to optimize the selected random regions for
the pre-separated components respectively, which constrained the complexity of the model by using the randomness of
the noise information to regularize the algorithm. Finally, experiments were conducted on high-dimensional data recov-
ery using different types of image datasets, including color images, MRI images, hyperspectral and multispectral images,
and grayscale images. The results show that the proposed method significantly outperforms other TRPCA approaches in
image recovery performance and maintains advantages even under severe data corruption. It effectively extracts princip-
al component information while reducing dependence on specific noise patterns, demonstrating strong robustness and
adaptability. This method can serve as a valuable reference for TRPCA-based image recovery applications.

Keywords: principal component analysis; tensor; image denoising; image processing; machine learning; computer ap-

plication; signal processing; singular value decomposition
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Table 1 Comparison of average quality assessment metrics for color image restorations at different noise levels

MR L AR Observed KBR TNN CCSVS . 9)$Iﬁ{iz 0.93)

PSNR 16.36 31.20 29.26 33.62 34.45 31.17

0% SSIM 0.43 0.90 0.94 0.95 0.97 0.95
FSIM 0.74 0.95 0.95 0.96 0.98 0.96

CPUtime — 16.53 14.35 15.07 33.16 31.87

PSNR 13.35 25.24 2631 25.13 24.10 29.68

0% SSIM 0.31 0.75 0.87 0.74 0.83 0.92
FSIM 0.74 0.89 091 0.90 0.87 0.95

CPUtime — 18.16 13.83 18.13 33.39 32.61

PSNR 11.59 16.77 22.04 16.32 20.22 25.62

30% SSIM 0.24 0.35 0.69 0.32 0.64 0.82
FSIM 0.60 0.68 0.84 0.67 0.72 0.86

CPUtime 0.00 19.25 13.80 19.02 31.93 30.54

T SRR R LA AR 2R, T IH .
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Fig. 5 Comparison of the PSNR, SSIM and FSIM for color image restorations (10% noise level)
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Fig. 6 Comparison of color image restorations results at 10%noise level
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FH)SF- 14 PSNR., SSIM., FSIM {8 fliz f7 i a] . Af

J7 %% p=0.7 WUAS S A BOR 5 MR 75 S 90h 20% I,
AT p=0.8 B Fe L ROR s W S SF N
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Table 2 Comparison of average quality assessment metrics for all slices of the MRI data restorations at different noise levels

- £ @IR7S
i 75 2520 WAL fatR Observed KBR TNN CCSVS
(»=0.7) (»p=0.8) (»=0.9)
PSNR 14.41 24.464 35.782 36.273 40.428 39.302 37.490
. SSIM 0.262 0.756 0.970 0.972 0.984 0.981 0.975
1o FSIM 0.714 0.841 0.974 0.976 0.988 0.985 0.979
CPUtime — 26.029 41.430 47.094 94.595 95.578 94.619
PSNR 11.394 24.075 34.021 34.506 22.176 37.156 35.778
. SSIM 0.135 0.737 0.955 0.958 0.626 0.966 0.963
20% FSIM 0.555 0.830 0.963 0.966 0.804 0.976 0.971
CPUtime — 31.456 40911 43.785 106.219 94.387 93.969
PSNR 9.635 22.840 32.086 32457 18.138 20.451 34.347
, SSIM 0.085 0.688 0.925 0.926 0.593 0.625 0.956
0% FSIM 0.459 0.807 0.948 0.949 0.769 0.830 0.974
CPUtime — 21.718 40.195 47.509 137.692 99.816 93.923
Bl 7 4 10% WM 90T, £ % MRI Bl 4E SSIM B X} o AT T W8 b 3 355 31 AR S 7 ik B AR
W AR G, $EBC 10 A~ A48 Y0 A A9 PSNR Al T H AT L7

= Observed = KBR =1 TNN = CCSVS =1 4 (p=0.9) =3 A3 (p=0.8) = 4% (p=0.7)
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Fig.7 Comparison of the PSNR and SSIM of 10 adjacent slices of the MRI image restorations (10% noise level)
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Fig. 9 Comparison of MRI image restorations at different noise levels
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Fig. 8 Sensitivity for the parameter 7 tuning on MRI
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Table 3 Comparison of average quality assessment metrics for all bands of the HSI or MSI restorations at different noise

levels
. B ZS'@ RS
Bagrr WAESEY IFAIEPR Observed  KBR TNN  CCSVS
»=0.7) »=0.8) »=0.9)
PSNR 14.517 33.914 46.808 48.527 50.163 49.352 47.580
, SSIM 0.275 0.968 0.990 0.989 0.992 0.990 0.990
1% FSIM 0.723 0.980 0.993 0.993 0.995 0.994 0.993
CPUtime — 53.861  106.027  126.362  229.713  231.269  228.012
PSNR 11.508 32.752 44.382 46.076 32.478 47.492 45.590
SSIM 0.128 0.960 0.987 0.987 0.954 0.989 0.988
Pavia Centre 20%
FSIM 0.578 0.976 0.991 0.991 0.966 0.993 0.992
CPUtime — 44.452 82.287 139987  243.034 227451  229.478
PSNR 9.752 31.424 41.670 43.070 30.634 33.508 43.171
, SSIM 0.075 0.948 0.983 0.983 0.899 0.938 0.985
0% FSIM 0.491 0.968 0.989 0.989 0.923 0.959 0.990
CPUtime — 40.477 82.101 137.48 233.538 225842  219.516
PSNR 14.299 32.044 43.785 44377 45.903 44.730 42.774
, SSIM 0.220 0.910 0.982 0.981 0.983 0.982 0.979
1% FSIM 0.747 0.974 0.993 0.993 0.995 0.994 0.992
CPUtime — 167.142  280.850  399.545  746.958  743.875  774.065
PSNR 11.279 30.515 41.125 42.002 26.831 42.702 40.792
SSIM 0.098 0.876 0.976 0.977 0.742 0.977 0.974
Cloth 20%

FSIM 0.645 0.960 0.991 0.991 0.904 0.993 0.991
CPUtime — 192.463  273.508  467.607  616.027  732.908  723.937
PSNR 9.522 29.902 37.837 37.097 20.881 38.284 38.283
, SSIM 0.057 0.856 0.960 0.959 0.361 0.956 0.962
0% FSIM 0.589 0.952 0.988 0.988 0.899 0.990 0.989
CPUtime — 172350  270.983  464.727  805.050  711.454  706.676
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Fig. 10 Comparison of HIS and MSI restorations at different noise levels
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Table 4 Comparison of average quality assessment metrics for all frames of grayscale video restorations at different noise levels

B A
PRk SR EE8ER Observed KBR TNN CCSVS
(p=0.7) (p=0.8) (p=0.9)
PSNR 15.085 22416 27416 28.643 30.685 29.511 28.456
SSIM 0.271 0.870 0.945 0.953 0.963 0.956 0.948
10%
FSIM 0.719 0.908 0.951 0.960 0.971 0.964 0.956
CPUtime — 13732 21.702 23.168 55.906 55.977 55.187
PSNR 12.064 22365  27.175 28.199 20.781 29.007 28.985
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Road 20%
FSIM 0.565 0.903 0.947 0.952 0.833 0.959 0.952
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0
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Suzie 10%
FSIM 0.595 0.848 0.959 0.961 0.883 0.974 0.966
CPUtime — 63.796  91.074  106.616  237.007  224.834  221.463
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Fig. 11 Comparison of grayscale video restorations at different noise levels
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