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In this paper, we proposed a parameter tuning method using Evolutionary Multi-objective
Optimization (EMO) algorithms modified for an efficient search in many-objective problems.
In researches to tune parameters of models that imitate real world phenomena and systems,
the Pareto approaches using concepts of EMO have been studied because Decision Maker
(DM) can understand the degree of trade-off among errors to observation values from two or
more sets of parameters obtained by EMO. However, the performance of well-known EMO
algorithms such as NSGA-Il and SPEA2 is poor with many-objective problems even though
there are many observation values in parameter tuning. Therefore, we applied a method
using the preferences of DM to parameter tuning. In EMO using DM’s preferences, efficient
search in many-objective problems is achieved by limiting the search area around the region
that DM prefers. Through the numerical experiments with HIDECS, which is a sophisticated
phenomenological spray-combustion model, it was confirmed that the proposed method could
obtain sets of parameters with accuracy and diversity in the vicinity of reference points.
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