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Design of Interpretable and Precise Fuzzy Classification System
Basd on Fuzzy Cluster ng and Genetic Algor ithm
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(1 School of M echanical Engineering, Nanjing U niversity of Science and Technology, N anjing, Jiangsu 210094, china;
2 School of Traffic and Transportation, B eijing Jiaotong U niversity, Beijing 100044, china)

Absdtract: An goproach of constructing interpretable and precise fuzzy classification systan based on fuzzy
clustering and genetic algorithm isproposed Firgt, the precision index is defined, and the necessary conditionsof in-
terpretability are analyzed Second, the number of fuzzy rules is detemined by cluster validity indices, and the initial
fuzzy classification systam is identified using a fuzzy clustering algorithm. Subsequently, the method of merging smilar
fuzzy sets isused to enhance the interpretability of the initial model A genetic algoritm isused to improve the preci-
sion of the model The process continues iteratively until the stop criteria are satified The proposed goproach is go-
plied o the Iris benchmark classfication probleam, and the results show its validity.
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c PC PE NFI MinHT MeHT XB FHV DPA PD FP
2 Q 7403 0 4074 Q 4807 0 8468 0 6476 0 1008 0 0464 0 4236 Q 4356 00002
3 Q 7363 0 4529 Q0 6044 1 4058 Q0 7710 Q 2278 0 0414 0 8695 0 5999 - 00009
4 06204 0 6984 0 4938 1 0839 0 5859 0 4248 0 0678 Q 7043 0 3312 00212
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10 Q 4068 1 2977 Q0 3409 0 6881 0 3954 0 6688 0 1178 0 5301 0 3380 00047
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