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Abstract This paper presents a segmentation method using unsupervised hybrid learning of SOMDO Self-Orga-
nizing Maps(J and ARTO Adaptive Resonance Theory[ for brain MRO Magnetic Resonanceld images only used in
brightness characteristics and its distribution. This method consists of two steps. The first step is fine segmentation
of brain tissues using SOM. The second step is to integrate categories using ART. We evaluated the method compar-
ing with our former method only using SOM. The proposed method can extract according to the brain structures
especially in CSF regions. Moreover we applied the method to clinical MR images. Objective classification results
are obtained for diagnosis support for quantification of atrophy of the brain.
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Fig.1 Our proposal method.
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(a)Original image (b)Cerebrospinal fluid

(d)White matter

(c)Gray matter
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Fig.2 Result of classification tissue using

conventional proposal method.
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Fig.3 Result of classification tissue using

our proposal method.
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Fig.4 Histogram of brightness classified by tissue.
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Fig.5 Segmentation result of the clinical MR image.
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