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Abstract

This study addresses the effect on the prediction
accuracy of the neural network if the model has
limited initial training samples. An inference engine of
prediction reliability using fuzzy inference is proposed
to characterize the searching domains for design
optimization. Neural networks are often applied to
simulate the response of complex systems. To ensure
the generality of the simulate model, well-spread and
abundant training samples are often required.
However, practical applications are subject to cost and
time constraints. And, sometimes, existed field data,
which might be not well designed, are applied to
establish the model. The initial network model usually
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lacks the global accuracy and the optimum search
from the model is liable to significant errors compared
with the verification results. The heuristic rules of the
network model suggest that the prediction accuracy of
the model is closely related to the distances between
sampling points and the evolved designs, and the
interpolation designs usually have better prediction
accuracy than the extrapolation. This study describes a
fuzzy inference engine to restrict the searching
domains in the optimum search using genetic
algorithm to ensure the searching reliability. The
generated local optimum from GA search is
introduced to the training samples to retrain the neural
network. The searching process iterates until the
convergence of the optimum. The sampling points will
then congregate on the most probable regions of
global optimum, and increase the sample efficiency. A
numerical example with small initial random samples
is presented to illustrate the advantage of the proposed
scheme.

Keywords: Neural Network, Genetic Algorithms,
Fuzzy reliability, Optimization
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