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Fuzzy Clustering for Brain MR Image Segmentation

Sun Quansen, Ji Zexuan

(School of Computer Science and Engineering, Nanjing University of Science &. Technology, Nanjing, 210094, China)

Abstract: Magnetic resonance imaging (MRD) has several advantages over other medical imaging modali-
ties, including high contrast among different soft tissues, relatively high spatial resolution across the en-
tire field of view and multi-spectral characteristics. Hence, it has been widely used in quantitative brain
imaging studies. Quantitative volumetric measurement and three-dimensional visualization of brain tis-
sues are helpful for pathological evolution analyses, where image segmentation plays an important role.
However, MR images suffer from several major artifacts, including intensity inhomogeneity, noise, par-
tial volume effect and low contrast, which makes MR segmentation remain a challenging topic. There-
fore, this paper reviews brain MR image segmentation based on fuzzy clustering model from seven as-
pects, i. e. , the determination of cluster number, the initialization of model, the robustness to noise, the
estimation of intensity inhomogeneity and partial volume, the uncertainty description of data and the
model extension. Limitations existing in the available methods are analyzed, and problems in further re-
search are discussed as well.

Key words: brain magnetic resonance imaging( MRI) ; image segmentation; fuzzy clustering; spatial in-

formation; intensity inhomogeneity; partial volume effect
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Fig. 1 Simulated brain images with the artifacts and the corresponding segmentation results with fuzzy c-means

algorithm
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(a) Real brain MR image (b) Ground truth (c) FCM segmentation result
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Fig. 2 Real brain MR image, ground truth and segmentation result with FCM
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