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Abstract: To solve the problem that the classic K-means algorithm divides blob dataset into cluster structure with
uncertainty and may cause distortion of clustering result, this paper proposes a set of methods for determining the
number of clusters K, the cluster centers and cluster boundaries. Based on the sample mean and standard
deviation of the data features, the maximum number of clusters K, of the dataset is estimated using the prior
rule. For different numbers within range of Ke[l, K], the multiple clustering performance indicators are
calculated, and the inherent number of clusters K, is determined by finding the maximum value of each
indicator. With K, as the input parameter of the K-means algorithm, the corresponding cluster centers are
iteratively updated using the expectation-maximization (E-M) algorithm. The circular boundaries for each cluster
are defined with the Euclidean distance from the farthest data point in the same cluster to the cluster center as the
radius. The validity and robustness of the proposed methods are verified based on the simulation experiment of
two-dimensional blob random data with different sample sizes and different number of clusters.
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Fig.1 scatter plot of the original small sample datasets
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Fig.2 variation of clustering performance indicators with the

number of clusters K for datasets
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Fig.3 clustering results of small sample data by the classic

K-means algorithm
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in reference [13]
o k1
A R%K2

> RR3

N

BIS  ARSO7 ik /INREA Kt 0 3R 26 45

Fig.5 clustering results of small sample data by the proposed

method in this paper
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Fig.6 clustering boundary curves of small sample data drawn

by the proposed method in this paper
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