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Self-Organizing Fuzzy Modeling Based on Hyperplane-Shaped Clusters

Do
(Tack-Beom Koh)

Abstract : This paper proposes a self-organizing fuzzy modeling (SOFUM) which can create a new hyperplane-shaped cluster and
adjust parameters of the fuzzy model in repetition. The suggested algorithm SOFUM is composed of four steps: coarse tuning, fine
tuning, cluster creation and optimization of learning rates. In the coarse tuning, fuzzy C-regression model (FCRM) clustering and
weighted recursive least squared (WRLS) algorithm are used and in the fine tuning, gradient descent algorithm is used to adjust

parameters of the fuzzy model precisely. In the cluster creation,

a new hyperplane-shaped cluster is created by applying multiple

regression to input/output data with relatively large fuzzy entropy based on parameter tunings of fuzzy model. And learning rates are
optimized by utilizing meiosis-genetic algorithm in the optimization of leamning rates. To check the effectiveness of the suggested

algorithm, two examples are examined and the performance of the identified [uzzy model is demonstrated via computer simulation.
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Fig. 4. Crossover type of meiosis-genetic algorithm.
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Table 2. Performance of previous fuzzy models.
Model 49 | 74 e
Ple Pls EPIs
Pedrycz[14] 2 81 0.320
Sugeno and Yasukawa[2] | 3 6 | 0.190
Sugeno and Tanakaf13] 6 2 | 0.068
Kim, et al.[9] 6 2 0.055
Oh, et al.[15] 4 4 | 0123 | 0.020 | 0.271
Kim, et al.[17] 6 2 0.034 | 0.244
Lin and Cunningham[16] 5 4 0.071 | 0.261
Oh, et al.[20] 2 - 0.018 | 0.262
E 3. AA /t=E delele] g SOFUM.
Table 3. SOFUM over the entire furnace data.
FEEL | TERy ek 7] Ple
2 0.055
3 0.051
0.0002 0.00015 6 : s
5 0.048
6 0.042
7 0.039

E 4 844 dolHs} Fo14 Helsel) 0% SOFUM.
Table 4. SOFUM on the training data and the testing data.

REL | FFEr | 4= 74 PIs EPIs

2 0.0167 0.1376

3 0.0156 0.1296

4 0.0149 0.1447

5 0.0139 0.1500

0.0057 0.0157 6 3 0.0145 0.1530

7 0.0144 0.1507

8 0.0135 0.1547

9 0.0144 0.1505

10 0.0136 0.1458
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Fig 9. Comparison of real output and model output for a
nonlinear function.
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Table 5. Performance of previous fuzzy models.

Model AqY | A MSE
Ple Pls | EPIs
Sugeno and Yasukawaf2] 2 6 0.079
Gomez-Skarmeta, et al.[18] 2 6 | 0070
Kim, et al.[9] 2 3 0.019
Kim, et al.[17] 2 3 ]0.0089
Oh, et al.[20] 2 - 10,0041
Kang, et al.[19] 2 5 0.017 | 0.128

E 6 94 94, 22 dolgel Bg SOFUM,
Table 6. SOFUM over the entire inpul-output data.

4554 | AeEr | 99 73 Ple
3 0.058
4 0.018
5 0.0054
6 0.0028
0.000539 | 0.0138 2 ! 0.0079
8 0.0032
9 0.0053
10 0.00037
11 0.0011
12 0.0027

7. T8 dolHe F7HE dolEd dig SOFUM
Table 7. SOFUM on the training data and the testing data.

BHEL | DEEY | LY T3 Pls EPIs
3 0.0061 0.067
4 0.050 0.123
5 0.043 0.135
6 0.023 0.084
0.00778 | 0.0149 2 ’ 0.045 0134
8 0.037 0.130
9 0.024 0.083
10 0.0077 | 0.093
11 00023 | 0.016
12 0.0043 | 0.027
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