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Abstract

The online clustering problem of data is divided into two types: full online clustering and semi-online
clustering. The clustering of incremental data belongs to semi-online clustering, which is based on
existing data clustering. In addition, most clustering algorithms produce exclusive clusters, meaning
that each data point can just belong to one cluster. In fact, a great many real-world datasets have inher-
ently overlapping information, while the overlapping clustering methods allow one data point to be-
long to more than one cluster. The traditional overlapping clustering method is overlapping k-means
(OKM). As an extension of the k-means algorithm, it has the problems of low clustering efficiency and
sensitivity to the selection of the initial clustering center. In order to solve the above problems, in this
study, we propose an overlapping k-means hybrid model for incremental data, whose main idea
is to use the output of KHM to initialize the clustering center of the OKM method. The model first
uses k-harmonic mean algorithm and overlapping k-means algorithm to overlap clustering exist-
ing data; then iteratively uses OKM algorithm to cluster incremental data, that is k-harmonic means

& iterative overlapping k-means hybrid algorithm (KHM-IOKM), the time complexity is O(kn) .

By comparing with the traditional OKM and KHM algorithms on synthetic dataset and UCI real da-
taset, the experimental results demonstrate that the proposed method can effectively reduce the
sensitivity of clustering center initialization and obtain better clustering than traditional clustering
methods.
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Figure 1. Schematic diagram of two different types of clustering
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Figure 2. Overall framework of the KHM-IOKM
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Heart Disease-Hungarian Multivariate Categorical, Integer, Real Yes Life 294 13
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Skin Segmentation Univariate Real N/A Computer 245,057 3
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Figure 3. Clustering time of KHM-IOKM on Datal and Adult
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Figure 5. Comparison of objective function values of 10 iterations on 4 datasets by OKHM-OKM and KHM algorithms
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Table 4. Summary of the sensitivity analysis of KHM algorithm parameter p
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