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A Bayesian Compressive Sensing Reconstruction Algorithm
Using Wavelet-Domain Context Modeling

HOU Xingsong, SUN Jingiang
(School of Electronics and Information Engineering, Xi’an Jiaotong University, Xi’an 710049, China)

Abstract: A novel Bayesian compressive sensing image reconstruction algorithm based on the
context modeling is proposed to solve the problem that the intrascale dependencies of image’s
wavelet coefficients is not fully exploited by the compressive sensing reconstruction algorithm. It
is assumed that the wavelet coefficients of image obey a spike-and-slab probability model. Context
vectors in the current coefficient’ s neighborhood are obtained through a new context modeling
method. Then, the significant probability of current coefficient is estimated according to the
dependencies of the context vector with the current coefficient and the state of parent coefficient.
Finally, the image’s wavelet coefficients is recovered from the observation vector based on the
significant probabilities of the image’s wavelet coefficients by using a Bayesian inference via
Markov chain Monte Carlo sampling, thus, the reconstruction image is generated. Since the
spike-and-slab probability model with context modeling is adaptive to the spatial changes of the
images, experimental results and comparisons with Bayesian tree-structured wavelet compressive
sensing algorithm which only uses the interscale dependencies show that the proposed algorithm
improves the peak-signal-to-noise-ratio nearly by 2 dB at the sampling rate of 0. 9.
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