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Abstract

In this paper, we propose a new fuzzy clustering scheme that optimizes the initial structure and the parameters to
improve the performance of a intelligent systems. The proposed method keeps the good properties of clustering, and
improves the total systems’ performance at the same time. Especially, the proposed algorithm not only keeps robust to
change threshold value in the optimization process, but also improves the performance of a system through the
process of the self-organizing and the converging intelligent systems in its structure of cluster. In experiments, the
superiority of the proposed scheme is presented by comparing its performance with other methods.
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Fig. 2. Effect of threshold
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Table 1. Performance Index
7128 TSK 24 Ate 24
Cluster : 4 0.508 0434
Cluster : 6 0.554 0.445
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