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Design of Fuzzy-Neural Networks Structure using Optimization Algorithm
and an Aggregate Weighted Performance Index
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Abstract - This paper suggest an optimal
identification method to complex and nonlinear
system modeling that is based on Fuzzy-Neural
Network(FNN). The FNN modeling implements
parameter identification using HCM algorithm
and optimal identification algorithm structure
combined with two types of optimization
theories for nonlinear systems. we use a HCM
Clustering Algorithm to find initial parameters
of membership function. The parameters such
as parameters of membership functions,
learning rates and momentum coefficients are
adjusted using optimal identification algorithm.
The proposed optimal identification algorithm is
carried out using both a genetic algorithm and
the improved complex method. Also, an
aggregate objective function(performance index)
with weighted value is proposed to achieve a
sound balance between approximation and
generalization abilities of the model. To
evaluate the performance of the proposed
model, we use the time series data for gas
furnace, the data of sewage treatment process
and traffic route choice process.
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Fig 1. Improved Fuzzy-Neural Network
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Table 1. The aggregate performance index with
weighting factor

Weigh Model 3
¢ Model 1 Model 2 (Aote =)
(8) PI E_PI Pl E_PI PI E_PI
0 | 0062 | 0275 | 0112 | 0251 | 0.099 | 0.247

02 | 0077 | 0272 | 0054 | 0254 | 0.063 | 0249
04 0.036 | 0286 | 0056 | 0.257 | 0.050 | 0.254
05 | 0032 | 0288 | 0033 | 0.276 | 0.043 | 0.261
06 | 002 | 0292 | 0032 | 0277 | 0036 | 0.266
08 0026 | 0304 | 0032 | 0276 | 0.027 | 0.289
1 0022 | 0338 | 0024 | 0336 | 0.022 | 0337
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Table 2. The aggregate performance index with
weighting factor
Weigh Model 3
; Model 1 Model 2 qote wa
(8) Pl E_PI PI E_PI PI E_PI
0 14448 | 9.8430 | 17.234 | 5902 | 19589 | 5550
0.2 1143011 9444 | 15589 | 6.434 | 14407 | 5539
04 | 13725 | 10652 | 13.021 | 7.436 | 13.267 | 6.024
05 |12632|11.322 ] 13.034 | 7.280 | 11.313 | 8707
06 |11.133 | 12575 | 9955 | 11.155{ 9971 | 9428
0.8 | 10.163 | 14698 | 9.920 | 10.129 | 9.059 | 11.283
1110248 27977 8791 | 15582 | 8.277 | 22472
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Table 3. The aggregate performance index with
weighting factor

Weigh Modet 3
¢ Model 1 Model 2 (Hotd wd)
(8) PI E_PI Pl E_PI Pl E_PI
0 1006 | 1.005 | 1.034 | 1.015 | 0780 | 0.777

0.2 1.007 | 1.005 | 1.007 | 1.008 | 0.791 | 0.785
04 1000 | 1.001 | 1.013 | 1.015 | 0.829 | 0.829
05 1.004 | 1.003 | 1.007 | 1.009 | 0.759 | 0.759
06 1006 | 1.005 | 1.013 | 1.012 | 0.819 | 0.820
0.8 1.005 | 1.007 | 0.858 | 1.409 | 0.765 | 0.768
1 1.004 | 1.004 | 0773 | 1.556 | 0.652 | 0.655
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Fig 3. The optimization process of
performance index
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