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Multiobjective approaches in single objective
optimization enviroment

SHINYA WATANABE t and KAZUTOSHI SAKAKIBARA *t

This paper presents two new approaches for transforming a single-objective problem into
a multi-objective problem. These approaches add new objectives to a problem to make it
multi-objective and use a multi-objective optimization approach to solve the newly defined
problem. One approach is based on the way to relax constraints of the problem and the other
is based on the way to add some noise to objective value or decision variable. Intuitively,
these approaches give more freedom to explore and less likelihood of becoming trapped in
local optimum.

In this paper, we investigate the characteristics and effectiveness of the proposed approaches
by comparing the performance on single-objective problems and multi-objective versions of
those same problems. Through numerical examples, we found that the multi-objective ver-
sions using the way to relax constraints can derive good results and that using the way to use

noise can get better solution when the function has multimodal and separable.
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