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On a New Evolutionary Algorithm for
Network Optimization Problems

Sang-Moon Soak*

m Abstract =

This paper focuses on algorithms based on the evolution, which is applied to various optimization problems.
Especially, among these algorithms based on the evolution, we investigate the simple genetic algorithm based on
Darwin's evolution, the Lamarckian algorithm based on Lamark's evolution and the Baldwin algorithm based on the
Baldwin effect and also investigate the difference among them in the biclogical and engineering aspects. Finally,
through this comparison, we suggest a new algorithm to find more various solutions changing the genotype or pheno-
type search space and show the performance of the proposed method.

Conclusively, the proposed method showed superior performance to the previous method which was applied to the
constrained minimum spanning tree problem and known as the best algorithm.

Keyword : Evolutionary Algorithms, The Fixed Charge Transportation Problem, Adaptive Evolu-
tionary Algorithm
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