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Survey of Constrained Evolutionary Algorithms and Their Applications
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Abstract Constrained optimization problems exist widely in scientific research and engineering practice,and the corresponding
constrained evolutionary algorithms have become an important research direction in the field of evolutionary computation. The es-
sential problem of constrained evolutionary algorithm is how to effectively use the information of infeasible and feasible solutions
and balance the objective function and constraints to make the algorithm more efficient. Firstly, this paper defines the problem of
constraint optimization. Then it analyzes the current mainstream constraint evolution algorithms in detail. At the same time, based
on different constraint handling mechanisms, these mechanisms are divided into constraint and objective separation methods, pena-
Ity function methods, multi-objective optimization methods,hybrid methods and so on,and these methods are analyzed and sum-
marized comprehensively. Next,it points out the urgent problems that need to be solved as well as the research direction. Finally,
the application of constrained evolutionary algorithm in engineering optimization, electronic and communication engineering, me-
chanical design,environmental resource allocation, scientific research and management allocation are introduced.
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