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Abstract

In this paper, we proposed the new fuzzy pattern classifier which combines several fuzzy models with simple consequent
parts hierarchically. The basic component of the proposed fuzzy pattern classifier with hierarchical structure is a fuzzy model
with simple consequent part so that the complexity of the proposed fuzzy pattern classifier is not high. In order to analyze
and divide the input space, we use Fuzzy C-Means clustering algorithm. In addition, we exploit Conditional Fuzzy C-Means
clustering algorithm to analyze the sub space which is divided by Fuzzy C-Means clustering algorithm. At each clustered
region, we apply a fuzzy model with simple consequent part and build the fuzzy pattern classifier with hierarchical structure.
Because of the hierarchical structure of the proposed pattern classifier, the data distribution of the input space can be ana-
lyzed in the macroscopic point of view and the microscopic point of view. Finally, in order to evaluate the classification abil—-
ity of the proposed pattern classifier, the machine learning data sets are used.
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Table 1. Design Parameters

Parameter Value
Number of fuzzy rule 2,3 5 7
Number of sub fuzzy Rule 2,3
Fuzzifier Coefficient (m) 1.2, 15, 2.0, 25, 3.0
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Table 2. Machine Learning Data used in the

experiments
Datasets Number of Number of Number of
atasets features Data Classes
Balance 4 625 3
Glass 10 214 7
Thyroid 5 215 3
Wine 12 178 3
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Table 3. Result of Comparative analysis

Balance Glass Thyroid Wine

PFARSI[3] 33.1 N/A N/A 4.0
CCPl4] N/A 2851 N/A N/A
PART(WEKA) 16.83 31.25 N/A N/A
SMO(WEKA) 1243 42.64 N/A N/A
gi’i;:i 1215 3878 12.08 340
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