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Research and Optimization of K-means Clustering Algorithm

TAO Ying, YANG Feng,LIU Yang,DAI Bing

(School of Computer and Electronic Information , Guangxi University ,Nanning 530004 , China)

Abstract ; Clustering analysis is an important part of data mining. The K—means clustering algorithm is a basic partition method of cluste-
ring analysis,and it is also an unsupervised machine learning method with the advantages of high efficiency,easy understanding and im-
plementing. At the same time,the clustering data type can be various,so it is widely used in many fields. However,the K—means cluste-
ring algorithm exists some limitations. For example, the reasonable value of £ is difficult to determine, and choosing the initial clustering
center is random, which can lead to the result unstable,also with strong sensitivity to noise and outliers. In order to solve the problem of
the randomness for initial clustering center, we improve the K—means clustering algorithm through the idea of global change. The evalua-
tion criterion of the clustering effect is the error sum of squares. Experiment shows that compared with normal K—means clustering algo-
rithm , the global K—-means clustering algorithm can get better clustering effect, while increasing its stability.
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