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Abstract: The K — means clustering algorithm is one kind of mainstream iterative drop clustering algorithm, which restrains in the partial
optimized state. Because K — means randomly selects initial clustering center, which result in the result of clustering is obviously fluctuate
along with the nitial input. Thus this paper adopts the pretreatment way to select the initial clustering center. First under one kind of
norm, calculate out the farthest distance, then use the method of data partition to divide the data set into k section and select a center in

each section. The experiment demonstrates the optimizing K ~ means eliminate the initial input influence, effectively reduced the iteration

number of times and clustering error.
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