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Tab.2 Comparison table of calculation results of each algorithm
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A Class of k-Means Adaptive Algorithms Based on Multi-Objective Optimization Method

CHEN Meishan, XIA Dandan, ZHAO Kequan
(School of Mathematical Science, Chongqing Normal University, Chongqing 401331, China)

Abstract: [ Purposes]In view of the shortcomings of k-Means clustering algorithm and MinMax £-Means clustering algorithm, which
need to be artificially given the number of clusters in advance, the accuracy of data division is low, and the clustering effect of
MinMax k-Means algorithm is greatly affected by the edge points of clusters. [ Methods | The multi-objective optimization model is
established by combining the objective function of A-Means and MinMax k-Means algorithm, and the £-Means algorithm based on
multi-objective optimization method is proposed. Analyze the relationship between the minimum central variance and the maximum
intra-cluster variance in the case of abnormal cluster number. [Findings]It is found that when the number of classified clusters is
greater than the optimal number of clusters, the minimum central variance is less than the maximum intra-cluster variance. Based on
this, a .-Means adaptive algorithm based on multi-objective optimization method is proposed. [ Conclusions |Numerical experiments
show that the adaptive algorithm proposed here has good adaptability and clustering effect in both artificial dataset and UCI standard
dataset.

Keywords: k-Means clustering algorithm; MinMax k-Means clustering algorithm; multi-objective optimization; £-Means adaptive

algorithm
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