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Real-time Denoising Using Wavelet Thresholding

and Total Variation Algorithm
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ABSTRACT

Because of the lack of translation invariance of wavelet basis, traditional wavelet thresholding denoising leads to
pseudo-Gibbs phenomena in the vicinity of discontinuities of signal. In this paper, in order to reduce the
pseudo-Gibbs phenomena, wavelet coefficients are thresholded and reconstruction algorithm is implemented through
minimizing the total variation of denoising signal using subgradient descent algorithm. Most of experiments were
performed under the non-real-time and real-time environments. In the case of non-real-time experiments, the
algorithm that this paper proposes was found more effective than that of wavelet hard thresholding denoising by
2794dB(SNR) based on the signal to noise ratio . And lots of pseudo-Gibbs phenomena was removed visually in
the vicinity of discontinuities. In the case of real-time experiments, the number of iteration was restricted to 60
times considering the performance time. It took 0.49 seconds and most of the pseudo-Gibbs phenomena were also
removed.
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Fig 1. Hard and soft thresholding operator
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Fig 3. Real-time data acquisition system
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