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Abstract: The algorithm of Bisecting K-means obtains multiple clustering results by using a set of initial center
pairs to segment a cluster, and then selects the best from them to mitigate the adverse effect of the local
optimal convergence on the performance of the algorithm. However, the current methods of random sampling to
generate initial center pairs for Bisecting K-means have some problems, such as low efficiency, poor stability,
missing values and so on, which are not competent for big data clustering. In order to solve these problems,
firstly the lower triangular matrix composed by the pairs of initial centers and the lower triangular matrix
composed by serial numbers of the pairs of initial centers are created. Then, by establishing several mappings
between the elements and their positions in the two matrices, a linear complexity algorithm is proposed to
generate initial center pairs from the set of random integers. Both theoretical analysis and experimental results
show that the time efficiency and efficiency stability of this method are significantly better than the current
methods of random sampling, so it is particularly suitable for these scenarios of high-dimensional big data
clustering.
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