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Abstract

This paper proposes a novel TSK fuzzy modeling algorithm. Various approaches to fuzzy modeling when noise or
outliers exist in the data have been presented, but they are approaches to degrade effects of outliers or large noise by
using loss function in the cost function mainly. The proposed algorithm is the modified version of noise clustering
dlgorithm, and it adopts the method that does not use loss function, but method to cluster noise in a class. Noise
clustering is a prototype-based clustering algorithm, and it has no capability to regress. It conducts clustering of data first,
and then conducts fuzzy regression. There are many algorithms to obtain parameters of premise and consequent part
simultaneously, but they need to adapt the parameters obtained for more accurate approximation. In this paper, fuzzy
regression is conducted with clustering by modifying noise clustering algorithm. We propose the algorithm that parameters
of the premise part and the consequent part are obtained simultaneously, and the parameters obtained are not needed to
adapt. We verify the proposed algorithm through simple examples and evaluate the test results compared with existing
algorithms. The proposed algorithm shows robust performance against noise and it is easy to implement.

Keywords : fuzzy modeling, noise, outliers, regression, noise clustering
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