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Abstract Image inpainting is one of the most important problems in image procesing. Image inpainting and
some of its main techniques are presented in this paper briefly. According to the target of image inpainting,
an idea to solve wavelet image inpainting not only in wavelet domain but also in pixel domain and its reason
and steps to be implemented are given. A wavelet image inpainting method in pixel domain based on ROF
(Rudin-Osher-Fatemi) model is proposed to put the above idea into practice. Experiments showed that the
method could get good visual effect of image inpainting, with higher PSNR compared with former methods
——PSNR of damaged image increased from less than 10dB to 30dB after processing using our proposed
method. Therefore, wavelet image inpainting is achieved in pixel domain, which means that our proposed
thought is practicable.
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Fig. 1 The image inpainting process in wavelet and pixel domain
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Fig. 6 Image inpainting experiment I. (a) Original image; (b) Damaged image; (c) Result using our algorithm
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Fig. 7 Image inpainting experiment II. (a)Original image; (b)Damaged image; (c)Result using our algorithm
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Fig. 8 Image inpainting experiment III. (a)Damaged image; (b) Original image; (c) Result using our algorithm
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