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Abstract: In order to compensate for deficiency that the traditional K —means algorithm depends heavily on initial clustering centers in cluste—
ring effect we propose the OICC K —means algorithm.By improved UPGMA the data in dense area is combined to obtain a number of data
points that can reflect the distribution of the data from which the distant one from each other is chosen by the maximum and minimum dis—
tance algorithm as the initial clustering center of traditional K —means algorithm so that it has an input that reflects the characteristics of the
data distribution.It can be found in experiment on the typical data set that OICC K —means algorithm with a stronger clustering compared
with the traditional K —means algorithm is improved in accuracy recall and F—measure obviously.The first two stages of the OICC K —means
algorithm ( the UPGM A and the maximum and minimum distance) produces ideal initial clustering centers which are selected from the data
—intensive regions thus avoiding the adverse effects caused by noise data and edge data.Therefore the K —means algorithm does not fall into
the local optimal solution and achieves the overall good clustering effect and the number of clustering centers is automatically determined
without manual setting.
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