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Abstract:  Bayesian approach, or MAP (maximum a posteriori) method, has been accepted as an effective wlution to over
come the ilt posed problem of image reconstruction. Based on Bayesian theory, a prior information of the objective image is imposed
on image reconstruction to suppress noise. However, the information from most prior model is flom a simple weighted differences of
the pixel intensities in a small local neighbothood, thus can only provide limit prior information for Bayesian Reconstruction. In this
article, a novel nonlocal MRF (M arkov Random Fields) prior with convex prior energy function, which is able to exploit global irr
formation in image by choosing large neighborhood and a new weighting strategy. lterative algorithm for Bayesian reconstruction us
ing the proposed nonlocal prior is also given. Experiments about the proposed prior’ s application in PET ( Positron Emission Tomog
raphy) reconstruction are illugrated. Experimental results and comparisons with other priors proved the proposed prior’ s good per
fomance in both lowering noise effect and preserving edges.
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