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Abstract

Regularization is an important topic in inverse problems. Proper selection of regularization terms
is essential for solving inverse problems. Image restoration is a typical inverse problem, so the
discussion of regularization is also necessary for image restoration. Three regularization models,
Tikhonov regularization, total variation regularization and gradient Lo regularization are intro-
duced. Examples are given to restore grayscale and RGB images. It is found that denoising with
Tikhonov regularization can produce blurring, while denoising with total variation regularization
can preserve the boundary and the detail information; however, the Lo regularization smoothing
is more sensitive to noise.
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Figure 1. Noisy image and the processing results of a gray image
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Figure 2. Noisy image and the processing results of a RGB images
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Figure 3. L, smoothing and sketching
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Figure 4. Images with different noise levels and their Ly smoothing results
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Table 1. Noise levels and PSNR values after Ly smoothing (unit: dB)
1. REIEER L, FB/EH PSNR E(B{L: dB)

(a) (b) © (d) © ®
Inf 28 25 23.54 21.56 20.63
29.0256 28.8467 27.9730 26.1940 23.4210 22.0867
26.4466 26.6078 26.7883 26.5907 25.3244 24.1226
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