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Abstract

In this paper, an efficient image denoising method using non-local means (NL-means) method in the transform domain
is proposed. Survey for various image denoising methods has been given, and the performances of the image denoising
method using NL-means method have been analyzed. We propose an efficient implementation method for NL-means
method by calculating the weights for NL-means method in the DCT and LiftLT transform domain. By using the
proposed method, the computational complexity is reduced, and the image denoising performance improves by using the
characteristics of images in the tranform domain efficiently. Moreover, the proposed method can be applied efficiently for
performing image denoising and image rescaling simultaneously. Extensive computer simulations show that the proposed
method shows superior performance to the conventional methods.
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Fig. 1. Image denoising methods.
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