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Abstract

In this paper, we introduce a new pattern classifier which is based on the learning algorithm of Extreme
Learning Machine the sort of artificial neural networks and fuzzy set theory which is well known as being
robust to noise,

The learning algorithm used in Extreme Learning Machine is faster than the conventional artificial neural
networks, The key advantage of Extreme Learning Machine is the generalization ability for regression prob-
lem and classification problem,

In order to evaluate the classification ability of the proposed pattern classifier, we make experiments with
several machine learning data sets.

Key Words : Fuzzy Pattern Classifier, Extreme Learning Machine, Fuzzy Clustering Algorithm, Learning
Algorithm, Artificial Neural Networks
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Fig. 1. Basic structure of single hidden layer feed-forward
networks
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Fig. 3. Comparative analysis of classification performances
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Table 2, Result of comparative analysis classifier
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Table 4. Classification performance of the proposed pattern

classifier for the given machine learning data set

Dataset 0 C | m PI EPI
. 0 |50]24 88.78 86.96
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0 |40 |1.4 92.66 91.84
balance
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1 3 1.8 98.37 98.0
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1|12 |12 100.0 99.44
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vehicle
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