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Multi-Objective Optimization
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Abstract

In general, many problems in the real world are
multi-objective problems. Evolutionary algorithms possess
several characteristics that are desirable for this type of

problem, search strategies has been used for multi-objective
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optimization for more than a decade. The application of
evolutionary algorithms in multi-objective optimization is
receiving very high interest from researchers. In this article
presents overview of evolutionary algorithms for multi-ob-
jective optimization with the focus on methods and theory,
including the basic principles of multi-objective optimization
and evolutionary algorithms are presented, and algorithm
concepts such as fitness assignment for multi-objective

optimization problem.

Keywords: Multi-Objective Optimization, Evolutionary

Algorithms.
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