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Automatic Segmentation of Magnetic Resonance
Images using Error Back-propagation Algorithm
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ABSTRACT

The increased usage of Magnetic Resonance Image (MRI) requires the method for automatic segmentation of
medical image that is more usefu so as to diagnose the dissective information of a patient quickly and effectively
through MR scans. The use of neural networks may give much help to solving the complex problems concerned the
malter.

This paper proposes the new method for automatic segmentation of magnetic resonance (MR) images of the
brain by using neural networks trained by back-propagation algorithm. The trained neural networks by the
segmenting MR images of a patient produce an output that networks can segment MR images of the other patients

auomatically, too and show a clear image of the brain.
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Fig 2. Proposed Image Segmentation Method
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