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Semi-smooth Newton method for total variation noise removal
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Abstract: In order to remove the noise of image based on total variation, the denoising problem was converted to
optimization problem. Semi-smooth Newton method incorporated by generalized minimum residual method was used to solve the
associated optimization problem and non-symmetric linear equations. After theoretical analysis and experimental verification, a
great deal of feasible data of removal noise experiment for 1-D signal and 2-D image were obtained by different methods. The
results show that semi-smooth Newton method incorporated by generalized minimum residual method converges faster than that

incorporated by preconditioned conjugate gradients method and alternating direction method of multipliers algorithm. The proposed

method can remove the noise of image effectively.
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Fig. 1 Experiment results of 1-D signal(§ =8, =50)

a—real data and noise data b—SSN incorporated by GMRES

tion curve vs. iteration time ¢

¢—SSN incorporated by PCG

d—alternating direction method of multipliers e—Ryg; varia-

Table 1 ~ Experiment parameters when A =50
B ky t, M, k, ty M, ks 13 M,
2.2 29 2.1485  0.0662 x 10° 15 19.9191  0.0992 x10° 1000 5.2583  0.1394 x10°
2.3 49 2.3740  0.0501 x10° 17 21.2814  0.0702 x 10° 1000 5.4383  0.1225x10°
2.4 86 3.1606  0.0484 x10° 20 25.9716  0.0581 x 10° 1000 4.3907  0.1349 x10°
2.5 70 4.1595  0.0347 x 10° 15 17.9194  0.0495 x 10° 1000 4.1653  0.1121 x10°
2.6 44 1.5466  0.0450 x 10° 15 16.9880  0.0579 x 10° 1000 4.0729  0.1467 x 10°
2.7 54 3.3145  0.0470 x10° 15 18.7179  0.0663 x 10° 1000 4.0212  0.1565 x 10°
2.8 45 3.0259  0.0437 x10° 17 19.6219  0.0774 x10° 1000 4.2353  0.1620 x 10°
2.9 62 2.2909 0.0472 x 10° 16 19.7418  0.0861 x 103 1000 4.1886  0.1748 x 10°
3.0 45 3.0073  0.0509 x 10° 24 28.2398  0.0743 x 10° 1000 4.9195  0.1854 x 10°
3.1 56 2.1859  0.0591 x 10° 22 28.3739  0.0820 x 10° 1000 5.0466  0.1949 x 10°
3.2 80 2.7877  0.0421 x 10° 18 22.8552  0.0565 x 10° 1000 3.9656  0.1915 x 10°
3.3 44 3.2971  0.0514 x10° 15 17.4596  0.0793 x 10° 1000 4.0851  0.1971 x10°
3.4 84 5.0000  0.0511 x 10° 15 19.5113  0.0866 x 10° 1000 5.6617  0.2348 x10°
3.5 73 2.7443  0.0432 x 10° 18 23.2715  0.0594 x 10° 1000 4.4383  0.2249 x 10°
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Fig.2 Experimental results of 2-D image(8 =12,1 =8)

a—original image b—noise image

curve vs. iteration time ¢ f{—Rq variation curve vs. iteration time ¢
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