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ABSTRACT

Image segmentation is to divide an image into similar parts or objects. This paper
presents a segmentation system which consists of a fuzzy neural network and a set of
image processing filters. The fuzzy neural network does not need initialization of weights.
Therefore it does not have the underutilization problem. This fuzzy neural network controls
the size and number of clusters by the vigilance parameter instead of fixing the number of
clusters at the initial stage. This fuzzy neural network does not require large amount of
memory as in Fuzzy c—Means algorithm. Two satellite images were segmented using the
proposed system. The segmented results show that the proposed system is better on

segmenting images.
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