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Parameters selection of PCD algorithm for audio signal de-noising
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Abstract: The parallel coordinate descent (PCD) is one of the best de-noising algorithms, which
is widely used in image processing. Due to the uncertainty of algorithm parameters, PCD has not
been used in audio signal de-noising. Therefore, through simulation experiments, the effects of
different noise intensities, different soft thresholds, different over-complete dictionaries, and dif-
ferent iterations on the de-noising performance of PCD in audio environment are compared so as to
provide a basis for the selection of algorithm related parameters and expand the application scope
of PCD. The experimental results show that the input signal-to-noise ratio SNR=10 (or the
standard deviation of additive white Gaussian noise =0. 1) is the limit condition of PCD for audio
processing. Under the global threshold rule, when the threshold value of the shrinkage function
is A=0. 1, the de-noising effect of PCD is the best. On the basis of redundant representation, u-
sing Gabor over-complete dictionary to decompose the signal can make the de-noising effect of
PCD better. When the number of iterations reaches M=25, PCD algorithm can have stable con-

vergence.
Key words: redundant representation; de-noising; parallel coordinate descent; iterative shrink-

age; over-complete dictionary
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