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Gaussian mixed mode and EM algorithm
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Improved anisotropic Gaussian mixed mode
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Results and analysis
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Fig.1 Segmentation results of the brain MR image having bias
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Fig.2 Segmentation results of the 3T brain MR image
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The brain MR image segmentation based on
an improved Gaussian mixed mode

GU Shenghua' YANG Jianwei'
1 School of Math & Physics, Nanjing University of Information Science & Technology, Nanjing 210044

Abstract The conventional GMM mode can’t get the precise classification results of magnetic resonance images,
which are disturbed by bias field and noises. In order to overcome these limitations, bias field estimation and noise
removal are incorporated in GMM mode in this paper. The new mode can reduce the effect of bias field and noise so
as to get better classification results. Experiments on the segmentation of magnetic resonance images show that this
mode has better effect in image segmentation and is able to have the bias field well estimated at the same time.

Key words Gaussian mixed mode ;bias field ; noise removal





