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Abstract

In this paper, we proposed the fuzzy prototype pattern classifier. In the proposed classifier, each prototype is defined to de-
scribe the related sub-space and the weight value is assigned to the prototype. The weight value assigned to the prototype
leads to the change of the boundary surface. In order to define the prototypes, we use Fuzzy C-Means Clustering which is
the one of fuzzy clustering methods. In order to optimize the weight values assigned to the prototypes, we use the
Differential Evolutionary Algorithm. We use Linear Discriminant Analysis to estimate the coefficients of the polynomial
which is the structure of the consequent part of a fuzzy rule. Finally, in order to evaluate the classification ability of the
proposed pattern classifier, the machine learning data sets are used.

Key Words : Differential Evolutionary Algorithm, Fuzzy Prototype pattern classifier, Rule weight, Linear Discriminant
Analysis, Fuzzy C-Means Clustering.
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Table 2. Design Parameters

Parameter Value
Number of fuzzy rule 2,3 5 7
Type of Polynomial 1, 2, 3,4
Crossover rate 0.7
Number of Individuals 50
Number of Generations 30
F weight 0.85
Mutation Rate 0.2
Operator of Mutation DE/rand/1

E 3. AEol ALE J|AEE dlolH

Table 3. Machine Learning Data used in the
experiments
Datasets Number of Number of Number of
features Data Classes
Australian 42 690 2
Diabetes 8 768 2
German 24 1000 2
Liver 6 347 2
Sonar 60 208 2
Heart 13 270 2
¥ 4+ 10 Fold Cross Validationol] 23} djo]g] #3k &
A% Ang B4, vng Agelt HH BF 45 A3t
of S| BR7le eRFEe W A Auss

E 4 Mot ofE 2RI 7|E Y /77 45 Bl

Table 4. Result of Comparative analysis

A L G D S H
INN 1843 | 37.78 | 2812 | 29.38 | 13.83 | N/A
kNN 1504 | 37.02 | 27.79 | 26.14 | 16.24 | N/A
J48 1443 | 34.16 | 2875 | 2551 | 2639 | N/A
PART 1555 | 34.75 | 2946 | 2655 | 226 | N/A
Bayes Net | 22.14 | 45.11 | 24.84 | 2425 | 3229 | N/A
SMO 1512 | 42.02 | 2491 | 232 234 | N/A
RBENN | 2045 | 34.94 | 2642 | 2596 | 27.38 | N/A
LVQ3[7] 311 336 287 260 | NVA | 340
SVML[7] 350 | 319 | 300 243 | NVA | 392
Ours 13.77 | 2568 | 229 | 2293 | 20.70 | 15.93
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