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Multiobjective approaches in single objective
optimization enviroment

Shinya WATANABE' and Kazutoshi SAKAKIBARA

 College of Information Science & Engineering, Ritsumeikan University O

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
versions 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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O 3: The result of Ridge.
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O 4: The result of Rotated Rastrigin.

00 0000DRotated Rastrigin 0 O O Rotated
Schwefel 00O 0O0O0D0OO0O0O0ODOOOODOOO
000000000oooooooooooooo
ooooooo

4 000

gobooooboooboooboooboo

go200000000000000000000

obooooobooooobobooooboooon

1) 000o00o0o0o0o0oooooooooo
gboogooboobobogobobooaooo
obooooooooooooooooong
obooooooooooooooooong
googoood

2) 000000o00ooooUooooo
sgbobobooboooooooooobooon
gbooooboobbobooooboooobo
gboogoo2000b00000000000
obOobooboobooboboobooboonog
oboooooooooooobooboooonbo
googoobooooboood

gooo

1) Carlos A. Coello Coello. Treating constraints
as objectives for single-objective evolutionary
optimization. In FEngineering Optimization,

Vol. 32, pp. 275-308, 2000.

2) D. Knowles, A. Watson, and W. Corne.
Reducing local optima in single-objective
In Ist
EMO,Springer-Verlag. Lecture Notes in Com-
puter Science No. 1993, pp. 268282, 2001.

problems by multi-objectivization.

3) K. Deb, A. Pratap, S. Agarwal, and T. Me-
yarivan. A Fast and Elitist Multiobjective
Genetic Algorithm: NSGA-II. IEEE Trans-
actions on Fvolutionary Computation, Vol. 6,
No. 2, pp. 182-197, April 2002.

4) E. Zitzler and L. Thiele. Multiobjective Evo-
lutionary Algorithms: A Comparative Case
Study and the Strength Pareto Approach.
IEEE Transactions on FEvolutionary Compu-
tation, Vol. 3, No. 4, pp. 257-271, 1999.

5) Hiroyasu Tomoyuki, Mitsunori Miki, et al.
PDGA:http://mikilab.doshisha.ac.jp/
dia/research/pdga/archive/index.html,
2002.



