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Abstract ; In order to overcome the defects in the traditional clustering-based image segmentation algorithm, e.g., it
needs to specify the number of clusters, it is sensitive to initial value, and so on, an image segmentation method
based on dynamic niche artificial fish-swarm algorithm ( DNAF) is presented in this paper. In the new algorithm,
the image segmentation problem is transformed into an automatic pixel clustering process based on the pixel features
of the image. A simpler representation is adopted, each artificial fish represents a single feasible solution of one seg-
mented area. Moreover, the dynamic identification of the fish niches is performed at each generation to automatical-
ly evolve the optimal number of regions. Each fish niche corresponds to one segmentation region in the image seg-
mentation problem. Therefore, the proposed DNAF algorithm implements simultaneous evolution in the center of the
segmentation region and the optimal number of regions through simulation on the behaviors of fish swarm and the
dynamic division of population. It thereby achieves a new clustering algorithm and automatic segmentation of an im-
age. Experiment results demonstrate that the DNAF algorithm is able to automatically estimate the number of the
segmented regions, and an excellent segmentation performance can be attained.

Keywords : artificial fish-swarm algorithm; image segmentation; clustering algorithm; dynamic niche; evolutionary com-

putation
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Fig.1 The basic operation of the artificial fish swarm
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Fig.2 Flowchart of DNAF algorithm
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Fig.3 The original image used in the experiment
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by four algorithms
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