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Design of TS Fuzzy M odel Based on Pareto-coevolution Algo-
rithm

ZHANG Yong, XING Zong-yi, X IAN G Zheng-rong, HU W ei-li
(College of A utomation, N anjing U niversity of Science and Technology, N anjing 210094, China Corregpondent:
X AN G Zheng-rong, E-mail: xiangzr@mail njust edu cn)

Abstract: A novel approach to construct accurate and interpretable TS fuzzy systens isproposed The gpproach is
ocomposed of wo phases The first one is to identify the initial fuzzy system using the fuzzy clustering algorithm.

The second one is to optimize the structure and the paraneters of the fuzzy systen by the Pareto-coevolution algo-
rithm. T he Pareto-coevolution algorithm ow ns two ecies including the pramise structure ecies and the parane-
ters pecies Considering both precision and interpretability, threeobjective functionsof the fuzzy system are defined
and calculated by a nev non-dom inated sorting method The proposed goproach is applied to a benchmark problem
to show its validity.
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