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FEHRATTV AR b 8g L8 40, #) A X H # & F F 5 % (Alternating direction method of multipliers,
ADMM) ¥ fe 32 R i 6 TAT R, AR 250 A TAAEBRAL T RABIAERT Rt 2
vt % % (Fast Fourier transform, FFT)# & A k5 2 & % 5@ i Matlab 3t 4745 A £ 5%, 5 B B4R
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Method of Removing Salt and Pepper Noise Based on Total Variation Technique and

L, Pseudo-Norm

XU lJilong, CHEN Yingpin
(School of Physics and Information Engineering, Minnan Normal University, Zhangzhou, 363000, China)

Abstract: In the framework of the traditional isotropic total variation (ITV) denoising algorithm, the edge
of the image is easily blurred, and it is difficult to maintain the image detail information. Thus, we mainly
study the image denoising problem by using L, pseudo-norm and ITV. The L, pseudo-norm takes place the
L, norm in traditional ITV energy function. Then the energy function is broken into several sub-problems
by using alternating direction method of multipliers (ADMM). We treat the differential operator as a
convolution operator, then introduce the convolution theorem and the fast Fourier transform (FFT) to
further improve the efficiency of the proposed method. Finally, through Matlab, the simulation experiment
employs the objective and subjective evaluation methods of image quality for evaluation and analysis.
Simulation results show that the proposed method is capable of preserving the edge characteristics of the
image and improving the denoising effect efficiently.

Key words: image denoising; fast Fourier transform; L, quasi-norm; isotropic total variation
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Fig.3 Tested images
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K1 AEFHZEXTF Lena B1GAEEMREXT L K2 AREFHEFET Peppers B HI IR BEXT L

Table 1 Denoising performance of different Table 2 Denoising performance of different
methods with regard to Lena methods with regard to Peppers
Noise Noise
Method PSNR SSIM Time Method PSNR SSIM Time
level level
MF 28.328 6 0.880 1 MF 29.071 4 0.884 6 —
MM 26.745 7 0.8709 0.062 5 MM 27.8459 0.884 4 —
PCNN 30.415 7 0.956 6 25.062 5 PCNN 30.645 3 0.949 9 33.828 1
10% 10%
ATV 31.388 9 0.932 1 3.484 4 ATV 30.2419 0.9317 5.296 9
ITV 31.378 8 0.936 7 3.8750 ITV 30.495 8 0.9459 5.250 0
ITV-L, 32.258 3 0.9618 5.609 4 ITV-L, 30.920 6 0.945 7 4.3281
MF 25.936 5 0.8339 — MF 26.389 6 0.8451 —
MM 21.603 9 0.740 7 — MM 22.249 5 0.767 4 —
PCNN 28.170 3 0.9355 30.6719 PCNN 27.276 4 0.928 8 39.890 6
20% 20%
ATV 29.377 3 0.8816 3.562 5 ATV 27.784 2 0.889 3 4.734 4
ITV 29.452°5 0.891 1 3.7813 ITV 28.154 1 0.907 1 53125
ITV-L, 29.9777 0.928 6 5.218 8 ITV-L, 28.213 2 0.908 2 3.328 1
MF 14.954 1 0.253 0 — MF 14.687 6 0.289 1 —
MM 11.1257 0.152 9 — MM 12.032 1 0.2218 —
PCNN 20.189 4 0.687 2 46.140 6 PCNN 19.847 5 0.690 6 59.046 9
50% 50%
ATV 25.036 1 0.693 1 3.562 5 ATV 23.5733 0.7715 51719
ITV 25.301 5 0.716 7 3.718 8 ITV 24.2236 0.736 8 5.406 3
ITV-L, 25.483 3 0.809 8 5.187 5 ITV-L, 243122 0.8194 5.296 9
£3 AEHEXTF Man BRI ERMEEEST L F4 AEFHEXT House BB KIRMERE X L
Table 3 Denoising performance of different Table 4 Denoising performance of different
methods with regard to Man methods with regard to House
Noise Noise
Method PSNR SSIM Time Method PSNR SSIM Time
level level
MF 27.498 3 0.797 6 0.0156 MF 32.588 0 0.929 2 —
MM 26.2117 0.803 3 — MM 30.580 3 0.929 7 —
PCNN 30.226 1 0.9310 30.1719 PCNN 32.760 5 0.982 4 29.062 5
10% 10%
ATV 30.237 0 0.908 3 3.609 4 ATV 37.083 9 0.947 5 3.546 9
ITV 30.209 3 0.909 6 3.6719 1TV 37.123 4 0.954 7 3.546 9
ITV-L, 32.1189 0.938 5 4.859 4 ITV-L, 38.057 8 0.9775 4.6250
MF 25.252 3 0.7550 MF 27.185 1 0.874 9 —
MM 21.986 5 0.702 8 - MM 21.370 3 0.777 1 —
PCNN 27.473 1 0.901 0 36.296 9 PCNN 29.043 1 0.965 6 33.718 8
20% 20%
ATV 27.985 6 0.853 1 3.3125 ATV 33.822 8 0.891 6 3.4219
1TV 27.997 1 0.857 7 3.593 8 ITV 34.039 1 0.9057 3.546 9
ITV-L, 29.5175 0.889 8 5.2344 ITV-L, 34.7310 0.958 4 5.5156
MF 14.9157 0.266 2 — MF 15.074 6 0.2379 —
MM 11.7415 0.172 3 — MM 10.638 1 0.120 2 0.046 9
PCNN 20.366 8 0.657 1 54.093 8 PCNN 20.285 5 0.709 6 48.000 0
50% 50%
ATV 24.094 0 0.656 0 3.734 4 ATV 27.413 6 0.696 9 3.4219
ITV 24.280 6 0.6723 3.5313 ITv 27.8223 0.726 2 3.718 8

ITV-L, 24.916 8 0.703 3 5.296 9 ITV-L, 29.095 3 0.877 2 5.296 9
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P 4—7 43 35l 45 Hh 6E R/ 51248 3K X 51248 3 19 House F Lena FUZ 43 51 in AR 75 7K -2 1024 1
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E‘ij}o

(a) House 1% (b) B KT 10% e e B (c) PEUEH LR (d) BFHEEER
(a) House image (b) Image polluted by Salt and Pepper (c) Result of median filtering (d) Result of MM
noise with the level of 10%

(e) PCNN&: R (f) ATVE R (@ ITVER (h) ITV-L &5 5
(e) Result of PCNN (f) Result of ATV (g) Result of ITV (h) Result of ITV-L,

P4 AN SE:XF House BRI 5 RUR X L 45 5

Fig.4 Comparison of recovered images of House by different methods

(a) House4H ¥ 1% (b) W 7K 910 % e e B (c) THEIEB LR (@) BFRSHER
(a) House image in detail ~ (b) Image polluted by Salt and Pepper (c) Result of median filtering (d) Result of MM

noise with the level of 10%

(e) PCNN%: () ATVE R (@ ITVE R (h) ITV-L 45 5
(e) Result of PCNN (f) Result of ATV (g) Result of ITV (h) Result of ITV-L,

5 ST % House 4075 K 5 56 9 %) e 45 S

Fig.5 Comparison of recovered images in detail of House by different methods
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(0) REIM AR (d) BFEEER

(a) Lenal&1& (b) M7 7K 950 %6 I H IR 75 1 A
(a) Lena image (b) Image polluted by Salt and Pepper (c) Result of median filtering (d) Result of MM

noise with the level of 50%

(e) PCNN%; () ATVE R (@ ITVER (h) ITV-L, &5 5
(e) Result of PCNN (f) Result of ATV (g) Result of ITV (h) Result of ITV-L,

6 A [) 3 X Lena RGP 5 85058 % kb 45 3R

Fig.6 Comparison of recovered images of Lena by different methods

(a) LenaZi 5 &2 (b) ME7E K H50 %6 Fy e e 75 1 d) BFEFER
(a) Lena image in detail ~ (b) Image polluted by Salt and Pepper (c) Result of median filtering (d) Result of MM
noise with the level of 50%

(e) PCNN% (HATVER (@ ITVER (h) ITV-L &5 5
(e) Result of PCNN (f) Result of ATV (g) Result of ITV (h) Result of ITV-L,

B 7 R SA92 56 Lena 415 R 52 505 X H 45 1

Fig.7 Comparison of recovered images in detail of Lena by different methods

4 HRIE

A SCHE S —FOR T L, OB ITV MR L7 B TTV-L, o AR A% KRR ITV-L, )7
P E ADMM B3 rhg | A P (i B ok AR e, A B is AR 2 U, AT o S KRS PR a2 3L 4 i a2
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