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Signal’ s Recovery via Adaptive Gabor Coefficients
Shrinking with Bayes Rue

ZHANG Zong ping, LIU Gur zhong, ZHANG Zhuo sheng
( Department  Information & Communication Engineering, Xi’ an Jiaotong UThiversity , Xi” an 710049, China)

Abstract:  Considering the spaseness of Gabor coefficienis of the undedying signals in joint time frequency plane, this paper

describes an adaptive signal recovery approach, obtained by shrinking the Gabor coefficierts based on Bayes wle. Via the assumption
of prior distributions of Gabor coefficients for the unknown signals and noises, we present a closed form expression for the posterior estr
mation of Gabor coefficieris of the unknown signals, implementing time variable filtering in time frequency domain.The validity and ef
fectiveness of the proposed scheme are demonstrated wih numerical experiments.
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