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Performance Estimation of
Evolutionary Algorithm Using Self-Organizing Map

SHEN KANt and EiSUKE KiTAt

Several muti-objective evolutionary algorithms have been presented by many researchers.
This paper focuses on Self-Organizing Maps Multi-Objective Evolutionary Algorithms (SOM-
MOEA), which employs Self-Organizing Maps (SOM). Since SOM-MOEA has been presented
recently, its performance is not discussed. In this aper, the SOM-MOEA is compared with the
SPEA2 and NSGA-II. Besisdes, this paper also focues on SOM-SPEA2 at which SOM-MOEA
and SPEA2 are applied simultaneously to the same population. Numerical results indicate
that the performance of SOM-MOEA depends on the problems to be solved and besides, that
SOM-SPEA2 can overcome the disadvantage of the SOM-MOEA.
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Table 2 Comparison of I.o,0r on KUR problem
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