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Ant colony algorithm with fuzzy adaptive survival and its
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Abstract : Multivariate survival analyssisintroduced into evolutionary algorithm for thefirst time. And an ant colony
optimization algorithm with fuzzy adaptive survival time(FASTACO) is proposed. Parametric survival model with
concomitant variablesis built for the convergence process of ACO algorithm. KaplanrMeier method is used to compute
the estimated survival time and survival function curve. Parameters of the algorithm are regarded as the concomitant
variables of survival time, and COX regresson model is used to compute their dependence relationship. The influence
of population sze to the premature convergence is analyzed. The increment of remaining life time is automatically
tuned by a fuzzy controller according to the fitness of ant and population variety, which realizes population size
adaptation in the evolutionary process. A numerical example shows the efectiveness, stability and accuracy of the
proposed algorithm.
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