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Genetic Algorithms in Multiobjective Optimization Problems

00 MO0O,00 MO
Shinya WATANABE, Takefumi KONDO

Abstract: In this paper, the most popular multiobjective genetic algorithms(MOGA) thec-
niques is roughly reviewed: moreover T.Kondo presents visualization of multiobjective genetic
algorithms(VMOGA), S.Watanabe presents new parallel method, divided range multi-objective
genetic algorithm(DRMOGA). In VMOGA, the behavior of pareto frontier is clealy gasped. Espe-
sally, when performance of new method or algorithm of MOGA is tested, this method is usufule.
The other side, DRMOA aim at improvement of serch efficiency in parallel.
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Fig. 1 Pareto optimal solution.
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Fig. 2 MOPGA search
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Value

initial population size 100

Parameter

crossover rate 1
mutation rate 0
Sharing range 10

Table 1 Parameter setting
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Fig. 3 Individual distribution of the time of 30
ganerations-end of usual GA in MOPs
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Fig. 4 Individual distribution of the case of resuming
computation after 30 ganerations-end of usual GA in
MOPs
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Fig. 6 Illustrating packing method
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