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Ant colony algorithm with dynamic transition probability
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Abstract : Aiming at the disadvantage of stagnation behavioria ant colony algorithm (ACA) , the dynamic trandtionis
presented. The dynamic transtion facilitates the exploration by increasng the probability of selecting solution
components with low pheromone trail. Then a programming process is presented. An example of traveling salesman
problem is given, which is smulated by usng basc ACA and improved ACA. The smulation results show that the
improved ACA has excellent globa optimization properties and faster the convergence speed, and it can avoid
premature convergence of ACO.
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