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Abstract: K-means clustering algorithm is a basic analysis method in data mining closeting analysis, which is also the most widely used
partitioning algorithm. In this paper,in order to get more fast and effective clustering result from large number of digital resources in digit-
al library ,aiming at the problems of the traditional K—means algorithm,combining with the features of the digital resources,an improved
selection algorithm based on the keyword feature vector for initial clustering center is proposed. On this basis, the traditional K-means

clustering algorithm is improved for digital resources clustering and experiment verification. The analysis results show that the algorithm

proposed reduces the digital resources clustering cost,improves the clustering efficiency, verifying the feasibility of the algorithm.
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