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[Abstract] We present a hybrid self-tuning
method using hyper elliptic Gaussian membership
function. The proposed method applies a GA to
identify the structure and the parameters of a
fuzzy inference system. The parameters obtained
by a GA, however, are near optimal solutions. So
we solve this problem through a
backpropagation-type gradient method. It is
called GA hybrid self-tuning method in this
paper. We provide a numerical example to
evaluate the advantage and effectiveness of the
proposed approach and compare with the
conventional method.
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Fig. 1 The structure of the proposed FNN
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modeling
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Table 1. Initial parameters for the FNN

modeling
max generation 3000
individual 50
GA
crossover rate 09
mutation rate 0.05
iteration 1000
FNN
learning rate 0.000001
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Table 2. Comparison our method with other

methods
Number of rules Mean Square

Err.
Sugeno'sg) 6 0.079
Son's{9) 5 0.052
ours 5 0.029
ours 3 0.049
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