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Analysis and Design of Metaheuristics Based on Proximate
Optimality Principle
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e RO EE  (33C) : The optimization method including heuristic operations is called
metaheuristics. For the purposes of improving conventional metaheuristics as well as
constructing new metaheuristics, the structure of metaheuristics is analyzed in this
study based on proximate optimality principle which implies that good solutions in
optimization problems have similar structure. While the improvement of metaheuristic and
the construction of new metaheuristic are done on the basis of the numerical analysis
the performance of the developed method is verified by simulations using well known
benchmark problems.
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