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A Segmentation Clustering Algorithm Based on

ACO-PSO Adaptability

ZHOU Wen—juan ZHAO Li—feng

Abstract: Aiming at the problem that the prior unknown clustering number K and the random selection of the initial clustering center for

the classical partitioning algorithm lead to local optimum we propose a partitioning clustering algorithm based on ACO-PSO adaptability.

Firstly according to the basic principle of the minimum difference and maximum similarity within the class and the maximum difference

and minimum similarity between classes the adaptive K value of the clustering algorithm is obtained by using the individual contour coef-

ficient as the test function of the best clustering number. Secondly in combination with advantages of particle swarm optimization algo—

rithm and ant colony algorithm inspired by swarm intelligence search the initial pheromone distribution is obtained by particle swarm op—

timization algorithm with wholeness and rapidity and then the exact solution is got by ant colony algorithm with positive feedback and

parallelism. Finally the simulation on multiple UCI data sets shows that the proposed algorithm is not only superior to the traditional clus—

tering and initial clustering center algorithm based on individual contour coefficient optimization but also shortens clustering time greatly

which is more obvious in convergence speed when applied to big data.
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