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Abstract Fuzzy clustering method can analyze complex data sets more effectively. Because there are many kinds of fuzzy cluste-
ring algorithms and the clustering results will change with the number of input clusters, the results of fuzzy clustering algorithm
are not accurate,so the number of fuzzy clustering £ must be determined in order to obtain certain clustering results. At present,
the existing research mainly uses a variety of fuzzy clustering effectiveness indexes to determine the optimal number of clusters 4.
However,fuzzy clustering indexes such as SSD,PBM will decrease monotonically with the increase of clustering number %, which
makes it impossible to determine the optimal number of clusters £. Therefore, this paper proposes a fuzzy clustering validity index
(OSACF) combined with a multi-objective optimization algorithm, which combines fuzzy clustering validity with a multi-objective
optimization algorithm (MOEA) to solve the optimal number of clusters £ problem. Different from using clustering validity in-
dex, OSACEF establishes a bi-objective model between cluster number £ and clustering validity index,and uses MOEA to optimize
the bi-objective model to determine the optimal cluster number %,so as to avoid the influence of monotonous decreasing of cluste-
ring validity index. On the other hand, OSACF uses morphological similarity distance to replace the traditional Euclidean distance
metric, which avoids the influence of cluster shape on the calculation of cluster k. The experimental results show that the optimal
fuzzy cluster number % obtained by OSACF combined with MOEA is more accurate than the results obtained by the existing clus-
tering effectiveness indicators.
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Table 1 Artificial datasets
data . .
data set dimension  cluster of number
number
Data_3 100 2 3
Data_4 200 2 4
Data_3Noise 130 2 3
Data_5 2000 2 4or5
Data_6 300 2 6
Data_4X 1000 2 4
Wine 178 13 3
WBCD 569 30 2
BLD 345 7 2
Iris 150 4 2 or3
Breast Cancer 699 9 2
Pima 768 8 2
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Wine 3 2 2 3 3 3 3 3
Iris 2 or3 2 2 2 2 3 2 2
Breast Cancer 2 2 2 2 10 2 2 2
Pima 2 2 2 10 9 2 2 2
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Table 3 Clustering of flight test data

engine Barometric Oil Atmospheric
speed altitude volume pressure
5280. 10 —58.056 24.456 964. 744
2039.93 —56.337 23.750 964. 325
5514.77 32.697 24.514 964. 710
0 —53.754 24,407 0
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