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Abstract This paper presents image analysis method using a Markov random field (MRF) model.
Particularly, image segmentation is to partition the given image into regions. This scheme is first
segmented into regions, and the obtained domain knowledge is used to obtain the improved segmented
image by a Markov random field model.The method is a maximum a posteriori (MAP) estimation with
the MRF model and its associated Gibbs distribution. MAP estimation method is applied to capture the
natural image by TMS320C80(MVP) and to realize the segmented image by a MRF model.
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