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Abstract

The brain segmentation is an important

issue for computer-aided diagnosis in
neurology. Several artificial neural
network (ANN) structures were

investigated for brain segmentation in
the research, such as k-means clustering
(kNN),

improved

fuzzy C-means clustering (FCM),
(IFCM),

decision-based neural networks (DBNN).

fuzzy C-means and
These methods were applied to segment a
MRI brain image into gray matter, white
matter, and cerebral spinal fluid (CSF).
The accuracy of segmentation was also
evaluated by 50 MRI 1images from 10
different individuals (5 images for each
person). For brain image segmentation,

our results showed incorrect segmentation
(InC) rates are 0. 15343, 0.20915, 0.29899
and 0. 30587, for DBNN, CM, IFCM, and FCM
methods respectively.
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