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% 3 ERNGA ¢ NNGA * - $#c2 S it &%
Opt. Samples Theoretical | Searched | Exp. Rglrz:g:/e
Method Number Opt. Opt.  |Num. (%)
Random samples 8.0798 | 43 1.06
Optimum inside
the initial OA 8.0484 | 37 0.71
ERNGA samples
Optimum outside
the initial OA | o%%2 | 81053 | 20 | 0.01
samples
Optimum inside
NNGA | the initial OA 7.97757| 58 | 159
samples

* Not yet converge at iteration 58. The result is the best value in all
the iterations
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Integration of Evolutionary
Regional Neural Network and
Genetic Algorithm to Engineering
Optimization

Jyh-Chen Yu" and Yu-Lung Tseng
Department of Mechanical and Automation Engineering,
National Kaohsiung First University of Science and
Technology

Abstract

This study proposes a soft computing based
optimization methodology, the Evolutionary Regional
Neural network and Genetic Algorithm (ERNGA), for
engineering applications with limited number of
experiments. Existed field data or planned
experiments such as orthogonal arrays can be used to
train a simulated neural network model followed by an
optimum search. The number and the distribution of
training samples are essential to the prediction
accuracy of the network model. However, existed field
data will not guarantee an even distribution of samples.
Although the use of Taguchi’s orthogonal arrays for
the experimental design provides a small and evenly
distributed sampling strategy, scarce training samples
might result in the lack of modeling generality for a
complex problem. General heuristic rules of 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 work sets up a
fuzzy inference to define the reliable space surround
the training samples, and confines the GA search of
optimum in the reliable space for a reliable
quasi-optimum. The generated quasi-optimum from
GA search is introduced to the training samples to
retrain the evolutionary neural network. The searching
process iterates until the convergence of the global
optimum. The proposed scheme is applied to three
benchmark numerical examples and compared with a
conventional approach to demonstrate the robustness
and efficiency.

Keywords: Evolutionary Optimization, Genetic
algorithm, Fuzzy inference, Engineering
optimization, Regional Neural Network
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