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Evolutionary algorithms in dynamic environments
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Abstract : Evolutionary algorithms (EAs) are widely and often used for solving stationary optimization problems where
the fitness landscape or objective function does not change during the course of computation. However, the
environments of real world optimization problems may fluctuate or change sharply. If the optimization problem is
dynamic , the goal is no longer to find the extrema, but to track their progression through the search space as closely
as possible. All kinds of approaches that have been proposed to make EAs suitable for the dynamic environments are

surveyed , such as increasing diversity , maintaining diversity , memory-based approaches , multi-population approaches

and so on.
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