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Fuzzy Inference Systems Based on FCM Clustering Algorithm
for Nonlinear Process
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ABSTRACT

In this paper, we introduce a fuzzy inference systems based on fuzzy c-means clustering
algorithm for fuzzy modeling of nonlinear process. Typically, the generation of fuzzy rules for
nonlinear processes have the problem that the number of fuzzy rules exponentially increases. To
solve this problem, the fuzzy rules of fuzzy model are generated by partitioning the input space
in the scatter form using FCM clustering algorithm. The premise parameters of the fuzzy rules
are determined by membership matrix by means of FCM clustering algorithm. The consequence
part of the rules is expressed in the form of polynomial functions and the coefficient parameters
of each rule are determined by the standard least-squares method. And lastly, we evaluate the
performance and the nonlinear characteristics using the data widely used in nonlinear process.

Keywords: Fuzzy inference systems, Fuzzy c-means clustering algorithm, Scatter partition,
Input space, Rule generation, Nonlinear characteristics
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[Table erformance index for 2 input system
FH2H F Type PI E_PI
Tx1 2.268 2418
9 X2 0.022 0.338
% 3 0.021 0.331
x4 0.021 0.332
Tx1 1.018 1.473
3 X2 0.021 0.347
% 3 0.020 0.320
Tx 4 0.021 0.340
T3 1 0.677 1.463
4 X2 0.020 0.338
Tx= 3 0.018 0.321
TZE4 0.019 0.348
Z 1 0.664 1.232
5 TZE 2 0.018 0.316
Z 3 0.015 0.299
x4 0.016 0.299

(b) testing data
a8 3 953 32 ¥H (222 5, 2%A%E)
Fig. 3 Input-output space plane (5 clusters,
Quadratic reasoning)
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