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Denosing method based on wavelet transform
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Abstract: A method for de-noising by threshold, and their method has been used in many signal de-noising and compression
problems. But it is not successful for the signals with detail local signal. It is known that detail local signals and noises have
different Lipschitz coefficients, and after DWT they have different characters in time-scale domain. In this paper, a new
improvement threshold method was proposed, which could de-noise effective and remain detail local signals as many as possible.
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