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Abstract: A region Markov random field model with integrated edge feature (IEFRMRF) is
proposed to solve the problem that existing region Markov random fields (MRF) model often
leads to produce blur edge in image segmentation. The proposed model utilizes edge templates to
extract edge features of an image, and builds edge prior constraints on local regions. Space
constraints among local regions of the image are used to express local Gaussian statistical features
of the image, and the Gaussian parameters are estimated by maximizing expectations. Then a new
local adaptive neighborhood information Gaussian mixture model (GMM) is constructed and an
algorithm is proposed to estimate its parameters. The region MRF model that preserves image
edge is then built based on the Bayesian theory. The region belief propagation algorithm is
applied to globally optimize the IEFRMRF model. Local statistical features are transferred to the
image of the global, and image segmentation labels are estimated by MAP criterion during the

optimization. Experiments on an artificial noise image and comparisons with the classical
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Gaussian MRF model and the local region Gaussian MRF model show that the IEFRMRF model

not only increases segmentation accuracy rate by 47. 9% and 21. 4%, respectively, but also

acquires sharper edge of segmentation result. The validity of the proposed model is also verified

by natural image segmentation experiments.
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