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Adaptation of Ant Clustering Parameters using CLA-PSO
B. Jafarpour, M. R. Meybodi

Ant clustering technique has many parameters such as pick and drop parameters, and radius of perception
that can drastically affect the behavior and convergence of the algorithm. In this paper a method based on
CLA-PSO, a discrete model of PSO, for adaptation of ant clustering parameters is proposed. To show the
performance of the proposed method, computer simulations have been conducted and the result is
compared with the result of the only reported method in the literature for ant clustering which is based on
genetic algorithm.
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