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The structure determination problem of RBF network can be considered as multi-objective op-
timization problem about model complexity. A set of RBF networks which is multi-objectively
optimized can be obtained by solving the above problem. In this paper the construction of
RBF networks by evolutionary multi-objective optimization method and its ensemble are
considered, and it is applied to the pattern classification problem. In this paper, several
combinations of ensemble member selection methods and output combination methods are
considered. Experimental study on the benchmark problem of the pattern classification is car-
ried out, then it is illustrated that the RBF network ensemble has comparable performance
to the other ensemble methods.
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