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An Improved Algorithm of K- means
LIAN Feng- na, WU Jin- lin, TANG Qi
( College of Information Science and Technology, Xiamen University, Xiamen, Fujian 361005,Ching

Abstract: K- means algorithm is one of the most widespread methods in clustering, including both strong points and also
shortages Not only is it sensitive to the order of sample data, but also it may make out the local excellent and be affected
by the outliers Given these shortages an improved algorithm is discussed, which makes improvements in data
preprocessing and selection of original clustering center. Check experiment was done, which indicates the improved one is
more stable, more accurate and the affection by the outliers is down to a much low figure.
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