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Abstract: The MGS (modified Gram-Schmidt) algorithm is proposed to construct the fuzzy ARMAX model. An inte-
grated algorithm for structure identification and parameter identification of fuzzy model is given based on MGS algorithm.
The result from GK fuzzy clustering is transformed to confirm the important rules and to remove the less important rules
by means of MGS transformation. The parameters of fuzzy model are estimated via the proposed method; and the structure
and parameters of fuzzy model are optimized. Simulation results show that the fuzzy ARMAX model of non-linear system

can be built by the proposed algorithm.
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2.2 ZH4tvh(Parameter estimation)
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tion and data compression of fuzzy model)
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Table 1 Provided contribution by each rule for

modeling
rule [err]; rule [err]; rule [err];
11 0.7052 5 0.1371 7 0.878
14 0.0398 1 0.00926 3 0.006038
8 0.003691 4 0.002951 9 0.000843
15 0.000843 || 12 0.000530 || 10  0.000330
2 0.00028 13 0.00019 6 0.00012
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Fig. 1 Comparison between the output of model and

the output of real system
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