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Fruit Fly Optimization Algorithm
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( School of Information Beijing University of Technology Beijing 100124 China)

Abstract: The classical fruit fly optimization algorithm has the disadvantages of low convergence accuracy falling into premature conver—
gence and local optimum easily. Therefore we propose an improved fruit fly optimization algorithm. When the initial location is select—
ed the initial value is uniformly distributed in the solution space by using logistic mapping. When the algorithm converges at the later
stage Tabu search is used to jump out of the local optimum and avoid premature convergence. The improved fruit fly optimization algo—
rithm is combined with K—mediods clustering algorithm with strong local search ability to improve the K—mediods algorithm’ s low clus—
tering accuracy and easy falling into the local optimal solution so as to achieve better clustering results. The improved fruit fly algorithm
is tested by standard optimization test function through the targeted experiment. The results show that the improved fruit fly algorithm is
superior to the classical FOA algorithm in the optimization precision and the optimization speed. Comparing the clustering results of the
new K-mediods algorithm with other algorithms on the artificial data set and the UCI dataset the results show that the new K—mediods
algorithm improves both the accuracy and the efficiency of the clustering which is suitable for the clustering of high—dimensional data.
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