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ABSTRACT

Ant Colony Optimization ACO issued by Dorigo in 1991 is a heuristic algorithm
and applied to traveling salesman problem TSP  successfully. Owing to the parameters
of ACO algorithm is hard to be controlled and ACO algorithm would influence the quality
of searching for answers; so, the purpose of this study is to improve ACO algorithm and
search for answers in accordance with TSP. This main study develops two algorithms:
Fuzzy Ant Colony Optimization FACO & Noising Ant Colony Optimization NACO .
After testing FACO & NACO model through TSPLIB, it proves they are better than
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traditional ACO in quality and much easier to converge than Genetic Algorithm  GA

and have better quality.
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