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Abstract: The clustering center needs to be set manually is the biggest problem of K—means algorithm and it is usually impossible to de—
termine the classification of data in reality. In order to solve the problem we propose a new OCC K-means algorithm. Different from the
traditional algorithm which generates the clustering center in the way of random selection this algorithm carries out necessary preprocess—
ing and uses UPGMA and maximum and minimum distance algorithm to screen data points for the ones that can reflect data distribution
characteristics as the initial clustering center so as to improve the accuracy of clustering. From the two experimental results it can be
found that in different data sets the improved algorithm is better in the measurement of clustering accuracy recall F —measurement than
the traditional K—means algorithm. This is because the center point selected by OCC algorithm comes from different and data—intensive
areas and noise data and edge data interference to the experiment are excluded in the process of screening. At the same time in order to
conform to the trend of big data development the parallelization implementation is carried out on Spark platform with Scala language
which improves the ability of the algorithm to deal with massive data and the better parallelization of the algorithm is verified by experi—
mental indexes.
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