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Self-Organizing Fuzzy Modeling Using Creation of Clusters
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Abstract

This paper proposes a self-organizing fuzzy modeling which can create a new hyperplane-shaped cluster by applying
multiple regression to input/output data with relatively large fuzzy entropy, add the new cluster to fuzzy rule base and
adjust parameters of the fuzzy model in repetition. In the coarse tuning, weighted recursive least sqauared algorithm
and fuzzy C-regression model clustering are used and in the fine tuning, gradient descent algorithm is used to adjust
parameters of the fuzzy model precisely. And learning rates are optimized by utilizing meiosis-genetic algorithm. To
check the effectiveness and feasibility of the suggested algorithm, four representative examples for system
identification are examined and the performance of the identified fuzzy model is demonstrated in comparison with that
of the conventional fuzzy models. '
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Lin and Cunningham(10] | 5 4 0.071 | 0.261
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SOFUM 6 8 0.03 |0.0168{0.1059
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Table 2. Learning errors of SOFUM over the entire
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Table 3. Learning and prediction errors of SOFUM over
gas furnace data

58D | SHEY | 4 2] Pls EPIs
2 0.0158 0.1401
3 0.0162 0.1394
4 0.0156 0.132
5 0.0145 0.1450

0.0063 | 0.0104 6 6 0.0143 01373
7 0.0139 0.1413
8 0.0168 0.1059
9 0.0147 0.1332
10 0.0147 0.1277
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