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Abstract This paper presents models of fuzzy

inference systems that can be built from a set of

input-output training data pairs through hybrid structure-parameter learning. Fuzzy inference systems has the
difficulty of parameter learning. Here we develop a coding format to determine a fuzzy neural network(FNN)

model by chromosome in a genetic algorithm(GA) and present systematic approach to identify the parameters

and structure of FNN. The proposed FNN can automatically identify the fuzzy rules and tune the membership
functions by modifying the connection weights of the networks using the GA and the back-propagation

learning algorithm. In order to show effectiveness of it we simulate and compare with conventional methods.
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Table 1 initial parameters for the simulation
PI Genetic algorithm
parameter value pararneter value
population
a 1.0 size 50
generation =
B 0.2 number 5000
= crossover
N 50 probability 0.9
mutation
Niax 9 probability 0.08
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Fig. 2 identified parameters of membership functions
premise consequence
X1 X2 w
center varance center variance
07175 | 9.8066 | 0.7060 | 13.8042 §-0.6934]|28.583811.38013
10401 | 06183 | -5.7752 | 4.2652 [ 0.4082 |-1.1103| 5.2837
0.2461 1.0587 | 3.2898 100.00 |l 6.2205 115.2853|3.88032
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Fig. 3 fine-tuned parameters of membership functions
premise consequence
X1 X2
center |variance| center |variance v
07182 | 86162 | -5.7351 | 3.9637 || 40.9037 | 1.5201
0.2007 | 1.059 | 3.2898 | 37.6087 | 16.5290 | 4.2733
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Fig. 4 Comparison our method with other methods

No. of rule MSE Etc.
Sugeno’s 6 0.079 [7]
Son’s 5 0.052 (4]
Ours 4 0.0539 | after coarse tuning
Ours 4 0.0486 after fine-tune
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