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ABSTRACT

Ant Colony System (ACS) Algorithm is new meta heuristic for hard combinatorial optimization problem. It is a population based approach

that uses exploitation of positive feedback as well as greedy search. It was first proposed for tackling the well known Traveling Salesman

Problem (TSP). In this paper, we introduce ACS of new method that adds reinforcement value for each edge that visit to Local/Global updating

rule. and the performance results under various conditions are conducted, and the comparision between the original ACS and the proposed method

is shown. It turns out that our proposed method can compete with the original ACS in terms of solution quality and computation speed to these

problem.
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Initialize
Loop
Each ant is positioned on a starting node
Loop
Each ant applies g state transition rule
to incrementally build a solution
and a local pheromone updating rule
Until all ants have built a complete solution
A global pheromone updating rule is applied
Until End_condition

(2! 1) The ACS Algorithm
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