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Abstract In this paper, a full automatic method was proposed for the segmentation of brain magnetic resonance 

generally faced some challenges including: (1) The parameter initialization of low level MRF model is not accurate; (2) The 

clinical datasets were used to validate the algorithms, to yield smaller segmentation errors.
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Fig. 2. Histogram curve- tting of TOF-MRA using mi ture distributions (one Rayleigh and three Gaussian distributions)
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Table 1. Iteration algorith
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Table 2. Statistical results of the parameter estimation and segmentation error with respect to various NBS
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Fig. 6. Comparison of segmentation results of clinical MRA dataset
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