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The optimal identification of nonlinear systems by means of Multi-Fuzzy Inference
model

Hoe-Yeol Jeong and Sung-Kwun Oh
Department of Electrical, Electronic and information Engineering, Wonkwang Univ.

Abstract - In this paper, we propose design a
Multi-Fuzzy Inference model structure. In order
to determine structure of the proposed
Multi-Fuzzy Inference model, HCM clustering
method is used. The parameters of membership
function of the Multi-Fuzzy are identified by
genetic algorithms. A aggregate performance
index with a weighting factor is used to achieve
a sound balance between approximation and
generalization abilities of the model. We use
simplified inference and linear inference as
inference method of the proposed Multi-Fuzzy
model and the standard least sguare method
for estimating consequence parameters of the
Multi-Fuzzy. Finally. we use some of numerical
data to evaluate the proposed Multi-Fuzzy
model and discuss about the usefulness.
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Fig. 1. Multi~Fuzzy Inference Model structure
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Table 1. Identification errors according to the
change of number of clusters
o3 Fuzzy
8 Qd Fuzy [Coie 2 | zasd 3 2824 4 28285
PI E_PI PI E_PI Pl E_PI PI E_PI PI E_P1

0.0 |0.031{0.278{0.030{ 0.261 | 0.040 | 0.236 | 0.050 | 0.237 | 0.040 | 0.229

0.25 |0.029{0.283]0.024} 0.259 | 0.029 | 0.264 | 0.020 | 0.246 | 0.021 | 0.238

0.5 10.018;0.264(0.020| 0.264{ 0.028 | 0.272 | 0.018 } 0.240 | 0.019 | 0.239

0.75 §0.018(0.279/0.017| 0.265} 0.018 | 0.269 | 0.016 | 0.256 | 0.012 } 0.235

1.0 |0.018(0.350/0.016/ 0.312 | 0.013 | 0.316 { 0.012 | 0.291 | 0.009 | 0.320
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Table2. Comparison of identification errors
with coventional models

I 284 73 PI E_Pl
T = 4 0.024 0.328
Oh’s model (4,7) . 4 0.022 0.326
co® 6 0.021 0.364

}
orrmate | £ 3|0 |00 [ o
L @ 6 0.022 0.336
Max-Min(ll) - 1=y 6 0.021 | 0.362
Our model 3 2 4 0.017 0.309
FIE 4 0.012 0.235
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Table3. ldentification errors according to the
change of number of clusters

= d | Zei2E Pl

< Fuzzy 1 0.8284
2 0.2984

E}%L— Fuzzy 3 0.0765
4 0.0043
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Tabled. Comparison of identification errors
with conventional models

2 d [FNNs(11}|GMDH(11]|{#A]52(11])|Our model

PI 0.0520 0.2484 2.2172 0.0043
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