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Abstract

Finding a meaningful image prior remains an important challenge in image processing due to the
uncomfortable nature of image restoration. In this thesis, an overlapping group sparsity model
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based on a hyper-Laplacian prior is proposed for impulse noise removal, and the data fidelity term
is taken to be the Lp (0 < p < 1) norm. The hyper-Laplacian prior is a better fit to the natural image
prior, and overlapping group sparsity is widely used in image denoising and image deblurring.
Although it is a simple and extensive study, the regularization is still in demand in imaging science.
To solve the non-convex non-smooth minimization problem, the alternating multiplier direction
method (ADMM) is used as the main algorithmic framework. For the subproblems, the FFT algo-
rithm and the MM algorithm are used respectively. The proposed model is validated by numerical
experiments for PSNR and SSIM values.
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Note: (a) lena (358 x 358); (b) peppers (256 x 256); (c) house (256 x 256); (d) butterfly (450 x 450); (e) books (640 x 640);
(f) lighthouse (512 x 512)

Figure 1. Test images from the experiment.
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N T BRI B AR IEN TR AR K, BALEFEIREG 1 “peppers” , “house” ,
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=0.8, N=5, 1=120. MM A R/ME B, HALSEIRFFAE . R/ KBS PSNR
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BifESL, WITE[35, 130]2 0], FEFRATHISEE+, HUE A 120.

WIGRRRT py, pyy pa WHESE, EBEIEHN) py, p,, ps EXTEIERNSATEEE B CEE X THE 7] 3L
TVRIIE,  py, p,, ps FHEARERAN, WSRKN, BEAFIESARSL, MR RK, I FERETEEdE
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Table 1. The choice of inner iteration

1 MIAREERE

% Mg 75 K& SPESAM PSNR SSIM i [E]

1 34.378 0.941 21.998

5 34.607 0.944 62.053

7 x 7 =i 30% peppers 20 34.539 0.944 214.174
100 34.533 0.944 1036.7

200 34537 0.944 2011.8

1 34.043 0.888 22.753

5 34.359 0.889 69.342

9 x 9 F¥#% 40% house 20 34.414 0.888 242.964
100 34.431 0.888 1145.9

200 34.445 0.888 2101.8

40 1
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Figure 2. p with PSNR, SSIM
2.p 5 PSNR., SSIM %%
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Figure 4. Group size with PSNR, SSIM
& 4. tAK/N5 PSNR. SSIM k%

4.2. ElBER

T BEEITERI R, BN LR S EA R ALEEAT T bR, BI TVLL B8 [4], HOTVLL #E4Y[6],
OGSL1 #%41[10], HNHOTV-OGS #/Y[16]. FEE LI, FATIR 7SR rh 4y i 6 sk . X1k
R FTHR e IR ] ADMM BESK AR, H R, ORGSO R & T2 4, DLUA AL
PSNR f1 SSIM fE. 5. & 6 /518 /R T TVLL B4, HOTVLL #%Y, OGSL1 #%, HNHOTV-OGS #&
RYH) L MR R AT T 32 Y AOASRY B 45 2R . (a)~(0) 2 IR HIBEIARCR, (@)~(0) G HIR AR . 45
RICEAER 2 fge 3 b, Ixsegerdr, mILIOIERR: B4, X THGEE M R (SP)FIBE HLE B 5 (RV),  Frde
7 LT AR T oAl = 7792 H. PSNR A1 SSIM {H E HAB i PO 5 i A . BRI, "TRASE, H
ZITERE M EUGES M E R TR a0 e g . I3 2 e 3 g Rp T DO EE R, Uilinh
50% % LA b (X F-BE LA Bk i 50% A LA )T, B ™3 (R B T(HNHOTV-0GS  FE AR A4 H
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(RIABEIR) 7 U] Pk of e 75 75 T FR) 5 281 o

(a) original (b) noise (c) TVL1 (d) HOTVL1 (e) OGSL1 (f) HNHOTV-OGS (g) proposed

(@) original (b") noise ©)TVLL  (d)HOTVLL () OGSLL () HNHOTV-OGS (g') proposed

Figure 5. Deblurring results are shown for the TVL1, HOTVL1, OGSL1, HNHOTV-OGS and the proposed model with the
addition n of a 5 x 5 Gaussian kernel blur and 50% pretzel noise removed

5. 8/R7T TVL1, HOTVL1, OGSL1, HNHOTV-OGS #0 proposed BIZERRIENN 5 x 5 SETZAE#AFN 50%AHIELIR
BRERMER

(@") original (b") noise (c)TVLL (d) HOTVL1 (e") OGSL1 (f) HNHOTV-OGS (g’) proposed

Figure 6. Deblurring results are shown for the TVL1, HOTVL1, OGSL1, HNHOTV-OGS and the proposed model with the
addition of a 9 x 9 Average ker- nel blur and 30% pretzel noise removed

6. B/RT TVLL, HOTVL1, OGSL1, HNHOTV-OGS #1 proposed ZEZBRIEN 9 x 9 SEAAEMHAFN 309 A9 FEAL1&
R AR ERHILE R

Table 2. PSNR and SSIM values of existing and proposed methods for image deblurring with the addition of 5 x 5 Gaussian
kernel blur and impulse noise

2. AN EMPTIRE B AR TN 5 x 5 SEMZAEMF KRR 89 E & X R HMIE PSNR EF1 SSIM (&

W 75 {H TVL1 HOTVL1 OGSL1  HNHOTV-OGS our
ElES WK PSNR PSNR PSNR PSNR PSNR PSNR
/SSIM /SSIM /SSIM /SSIM /SSIM /SSIM
30% (SP) 10.386 30.054 32.228 32.447 32.791 34.460
/0.046 /0.896 /0.935 10.929 /0.935 10.944

peppers

40% (SP) 9.162 20.077 32.001 31.310 32.306 33.562
o /0.030 /0.878 10.921 /0.913 10.930 /0.939
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Continued

509% (P) 8.270 27.425 28.082 28.801 20.892 31.640
10.024 10.825 10.856 10.852 10.905 /0.909
60% (5P) 7.484 24.424 28.039 26.926 20.892 31.203
10.018 10.695 10.874 10.844 10.895 10.921
13.819 30.211 32551 32.207 32.704 34.665

0,
30% (RV) 10.095 /0.901 10.934 10.925 /0.934 10.944
12.743 28.832 32.410 30.010 30.310 34.260

0,
40% (RV) 10.072 10.880 /0.911 10.885 10.912 10.942
50% (RV) 11,748 26,558 26.504 26.719 31.200 32.425
/0.052 /0.819 10.848 10.830 10.920 10.927
60% (RV) 11,035 22.866 22.994 25.854 28557 31.776
/0.039 10.694 10.748 10.804 10.889 10.925
30% (5P) 31.764 34.295 34.295 34.174 34.175 36.152
10.872 10.895 10.895 10.890 10.891 10.906
10% (5P) 30.873 33.084 33.084 32.827 33.547 35.737
/0.858 10.882 10.882 10.883 10.886 10.901
509% (5P) 29.232 20740 29.740 33.084 33.835 35.104
10.815 10.850 10.850 10.875 10.879 10.895
60% (5P) 24747 28.953 28.953 30.349 31.021 31.899
10.652 10.835 10.835 10.871 10.871 10.876

house

30% (RV) 31.478 34.040 34.040 35.445 32.167 36.108
10.872 10.893 10.893 10.907 10.874 10.905
30.790 32.261 32.261 33.369 31.705 35.602

0,
40% (RV) 10.859 10.874 10.874 10.891 10.869 10.899
50% (RV) 27.973 29.047 29.047 27.995 30.980 34.979
10.812 10.835 10.835 /0.819 10.862 10.895
60% (RV) 23.811 25.012 25.012 25.006 29.678 30577
10.661 10.727 10.727 10.760 10.848 10.869
30% (5P) 10,285 27570 30.334 30.993 27.606 31.467
/0033 10.822 10.882 10.892 10.822 10.898
40% (5P) 90.491 26.952 20.489 30.155 27.209 30.754
10.023 10.799 10.867 10.876 10.810 10.888
25732 28.003 28515 26.762 20.827

0,
50%(SP)  8141/0017  n'7ag 10.835 10.844 10.796 10.874
60% (5P) 7.350 22.339 25.937 23.987 26.343 27760
10.012 /0,553 10771 10.722 10.780 10.808

light house

30% RV) 13.619 27.375 30.149 25.442 27531 31.401
b /0.073 10.817 10.880 10.741 10.821 10.897
12.434 26.626 28.626 25.006 27.064 30.554

0,
40% (RV) /0.051 /0.791 10.846 10.726 10.807 10.886
11524 24.719 24.965 24.429 26.620 28.984

0,
50% (RV) /0.039 10.695 10.739 /0.99 /0.793 10.846
60% (RV) 10.802 21.165 21.409 22457 25.376 24.498
/0.031 /0.514 10,580 10.633 10.758 /0.819
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Table 3. PSNR and SSIM values of existing and proposed methods for image deblurring with the addition of 9 x 9 Average

kernel blur and impulse noise

% 3. AR EAMEIR A AT T80 9 x 9 SEERZARHAFN fkodI 5 B B1& A28 PSNR %0 SSIM &

I 7 TVL1 HOTVLI  OGSL1  HNHOTV-0GS  our
E LS PSNR PSNR PSNR PSNR PSNR PSNR
/SSIM /SSIM /SSIM /SSIM /SSIM /SSIM
30% (P) 10.300 29.432 26.325 30.022 30.099 31.024
b /0.030 10.845 10.780 10.872 10.877 10.885
10% (5P) 9.076 28.278 26.141 29,537 20744 30.621
b 10.020 10.800 10.773 10.862 10.870 10.879
50% (5P) 8.131 26.998 25.928 28.790 29.328 30.146
10.013 10.767 10.764 10.844 10.861 10.871
60% (57) 7.387 25.382 25.437 27.644 28.792 29.431
b 10.012 10,655 10.741 10.812 10.848 10.858
lena

13.613 20.412 26.680 20.94 30.101 31.039

0,
30% (RV) 10.067 10.844 10.792 10.870 10.876 10.886
12.418 27.922 26.287 29.079 20,697 30,511

0,
40% (RV) 10.048 10.757 10.776 10.850 10.868 10.878
11.603 25.953 25339 26.836 29.089 20,844

0,
50% (RV) 10.037 10.757 /0.738 10.772 10.856 10.866
60% (RV) 10.829 23.005 22.355 23.247 27.638 27.913
10.027 10.656 10.644 10.696 10.829 10.832
30% (5P) 10594 25764 22.376 27.063 27.277 28.483
/0.033 10.852 10.726 10.865 10.874 /0.890
40% (5P) 9.049 24.873 22.204 26.461 26.813 27.924
b 10.023 /0.818 10.77 10.849 10.864 10.880
50% (5P) 8.423 29.232 22.001 25532 26.282 27.256
/0.018 10.815 10.705 10.822 10.849 10.865
60% (5P) 7.645 24.747 21177 24,097 25500 26.130
b 10.012 10.652 10.661 10.768 10.829 10.840

butterfly

30% RV) 13.476 26.631 22.857 26.997 27.261 28.475
b 10.079 /0.839 10.750 10.864 10.873 /0.890
12.453 25329 22,500 26.023 26.742 27.849

0,
40% (RV) 10.056 /0.788 10.733 /0.838 10.861 10.877
11.678 23.049 21.942 24091 26.058 26.972

0,
50% (RV) 10.045 10.727 10.701 10.776 10.845 10.860
10.975 20551 0.640 21.308 24.416 27.741

0,
60% (RV) /0.033 10.611 10.630 10.670 10.804 /0.811
30% (5P) 10,285 27570 23.348 29.428 20718 31.080
/0.033 10.822 10.716 /0.901 10.907 10.922
90.049 26.952 23.150 28,556 29.147 30.407

0,
books 40% (SP) /0.023 /0.799 /0.704 /0.885 /0.897 /0.914
509% (5P) 8.141 25732 22.898 27.426 28.413 29588
b 10.017 /0.738 10.688 10.861 10.884 10.903
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Continued
60% (SP) 7.350 22.339 22.514 25.675 27.443 28.272
/0.012 /0.553 /0.659 /0.808 /0.864 /0.882
30% (RV) 12.759 28.748 23.818 29.172 29.656 31.048
/0.064 10.875 /0.738 /0.898 /0.906 /0.921
11.692 26.555 23.351 27.967 29.021 30.362

0,

40% (RV) 10.047 /0.780 /0.706 /0.870 /0.895 /0.913
50% (RV) 10.810 23.015 22.158 23.842 28.036 29.225
0 /0.035 /0.686 /0.615 /0.730 /0.878 /0.899
60% (RV) 10.114 20.187 19.323 20.233 24.710 28.045
0 /0.027 10.522 10.456 /0.566 /0.817 /0.837

5. &5ig

FERX RSO, e A o i S e w] DR S U T AR BB EE R R AT, A8 B 2 i vl LA

GBI LS SRIRANT IR, FATIN TS S LR B ARG, T kb &

1738

B R H T L1 e A AR MR, R R AR L1 VRO R AN Lp (0 < p < 1)V, miT

SRR AR ARG AL 1, ADMM J535 AR @ M o ficm il i A SEiE W] 1 B K A LA
Rtk

SE
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