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Abstract

For eliminating impulse noise, an effective way is to use the L1-norm total variation model. However,
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the image restoration always yields staircase artifacts. Additionally, the L1-norm tends to over pe-
nalize solutions and is not robust to outlier characteristics of impulse noise. Therefore, this paper
proposes a hybrid regularization scheme aimed at effectively removing impulse noise and eliminating
staircase artifacts while preserving more edge details. The method uses the LO-norm data fidelity to
effectively remove impulse noise, the overlapping group sparse total variation regularization to
eliminate the staircase artifacts, and the non-convex higher order total variation regularization is
used to maintain the sharp restored image. To achieve the goal, we use mathematical program with
equilibrium constraints method, the majorization-minimization method, and the iterative re-weighted
L1 algorithm, combined with the alternating direction method of multipliers for solving. Experi-
mental results show that, compared with several existing methods, competitive performance re-
sults are achieved in terms of both peak signal-to-noise ratio and structural similarity index meas-
ure.
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Figure 1. Test images used in the experiments
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Table 1. Evaluation index results of different models under Gaussian blur

® 1. NEHRBAESHTHEM TEITNERER

LO-TV LO-OGSTV OGS-WT proposed
Image Noise level

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

30% 33.01 0.930 33.58 0.939 33.80 0.943 34.23 0.945

a 50% 32.27 0.922 32.82 0.933 33.15 0.937 33.52 0.939
70% 31.09 0.904 31.69 0.920 32.00 0.925 32.16 0.927

30% 34.62 0.899 34.74 0.894 35.07 0.894 35.91 0.919

b 50% 34.01 0.889 34.09 0.886 34.48 0.888 35.04 0.907
70% 32.80 0.873 32.80 0.872 33.45 0.876 33.74 0.889

DOI: 10.12677/jisp.2026.154048 550 K 5{E5 a8


https://doi.org/10.12677/jisp.2026.154048

CEE

30% 30.67 0.865 31.20 0.874 31.42 0.879 31.63 0.884
c 50% 30.05 0.852 30.83 0.867 31.01 0.870 31.11 0.875
70% 29.07 0.830 29.83 0.847 30.20 0.853 29.47 0.850
30% 33.89 0.915 34.01 0.922 34.47 0.930 35.18 0.937
d 50% 33.22 0.905 33.50 0.915 34.00 0.925 34.54 0.931
70% 32.26 0.889 32.47 0.905 33.12 0.913 33.27 0.921
30% 30.47 0.874 30.67 0.877 30.65 0.877 31.10 0.891
e 50% 29.75 0.954 29.99 0.860 30.12 0.863 30.40 0.875
70% 28.38 0.813 28.91 0.829 29.06 0.833 29.14 0.843
30% 35.79 0.939 36.46 0.945 37.27 0.954 37.87 0.958
f 50% 35.12 0.932 35.99 0.943 36.79 0.950 36.38 0.955
70% 34.00 0.921 35.01 0.937 35.87 0.943 35.71 0.948

Table 2. Evaluation index results of different models under average blur

3 2. TRIEERA TR THITNIEIRER

LO-TV L0-OGSTV OGS-WT proposed
Image Noise level

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

30% 31.83 0.914 32.30 0.924 32.10 0.925 32.77 0.931

a 50% 31.10 0.904 31.58 0.915 31.63 0.919 32.05 0.923
70% 29.90 0.884 30.59 0.902 30.73 0.906 31.06 0.911

30% 33.80 0.884 34.27 0.881 34.39 0.884 35.17 0.905

b 50% 33.36 0.876 33.70 0.877 33.96 0.879 34.49 0.895
70% 32.50 0.864 32.54 0.864 3291 0.866 33.34 0.878

30% 29.86 0.842 30.41 0.854 30.55 0.858 30.85 0.868

c 50% 29.21 0.830 30.02 0.846 30.25 0.850 30.41 0.857
70% 28.53 0.809 29.27 0.827 29.52 0.835 28.85 0.829

30% 32.58 0.892 32.87 0.900 32.80 0.906 33.73 0.921

d 50% 32.06 0.882 32.33 0.895 32.39 0.900 33.11 0.913
70% 31.17 0.864 31.46 0.882 31.67 0.888 32.04 0.899

30% 29.27 0.838 29.57 0.844 29.38 0.841 29.91 0.861

e 50% 28.72 0.819 29.03 0.828 28.94 0.827 29.34 0.846
70% 27.78 0.784 28.13 0.797 28.15 0.798 28.54 0.818

30% 34.78 0.925 35.72 0.938 35.85 0.942 36.80 0.950

f 50% 34.22 0.919 35.12 0.934 35.51 0.939 36.18 0.946
70% 33.46 0.908 34.26 0.927 34.77 0.931 35.11 0.937
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Table 3. Evaluation index results of different models under motion blur

3. FRIEBAGHRM TENFNIERER

LO-TV LO-OGSTV OGS-WT proposed
Image Noise level

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

30% 32.14 0.918 32.23 0.923 32.28 0.926 32.33 0.928

a 50% 31.08 0.904 31.37 0.911 31.49 0.915 31.53 0.917
70% 29.42 0.873 29.83 0.887 30.09 0.894 30.14 0.896

30% 33.68 0.880 33.92 0.887 34.36 0.895 34.45 0.907

b 50% 32.79 0.871 33.05 0.878 33.24 0.887 33.46 0.895
70% 31.53 0.857 31.80 0.862 31.71 0.867 31.88 0.876

30% 29.63 0.833 29.94 0.841 30.20 0.849 30.46 0.860

c 50% 28.89 0.814 29.24 0.823 29.55 0.837 29.78 0.843
70% 27.66 0.786 28.20 0.793 28.28 0.809 28.34 0.814

30% 32.37 0.893 32.59 0.898 33.00 0.906 33.70 0.922

d 50% 31.52 0.880 31.72 0.885 32.18 0.896 32.74 0.911
70% 30.64 0.848 30.22 0.859 30.68 0.871 31.20 0.887

30% 29.49 0.831 29.71 0.843 30.00 0.860 30.03 0.863

e 50% 28.46 0.811 28.77 0.816 29.05 0.829 29.13 0.839
70% 27.09 0.752 27.30 0.766 27.59 0.781 27.72 0.793

30% 35.15 0.930 35.27 0.935 35.88 0.943 36.13 0.952

f 50% 34.36 0.920 34.59 0.929 35.03 0.936 35.27 0.945
70% 33.08 0.905 33.27 0915 33.68 0.923 33.83 0.933

30%M 75 I 1% LO-TV LO-OGSTV OGS-WT ASCELD:
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Figure 2. Deblurred images of image b under 30%, 50%, and 70% salt-and-pepper noise with Gaussian blur
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50% 08 15

7O B P 15

A
hs

Figure 3. Deblurred images of image d under 30%, 50%, and 70% salt-and-pepper noise with average blur
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Figure 4. Deblurred images of image e under 30%, 50%, and 70% salt-and-pepper noise with motion blur
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Figure 5. Slice of image a (the 65th row) and their corresponding deblurred results for 30% salt-and-pepper noise
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