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Abstract With the explosive growth of large location data,most of the traditional serial clustering algorithms can not

process big data efficiently. In order to solve this problem, more and more people are studying parallel clustering algo-
rithm. It is difficult to guarantee the clustering quality of parallel clustering algorithm,so it is important to study the al-
gorithm of reducing the result of parallel clustering. Therefore.a grid clustering algorithm based on strongly connected
fusion was proposed. Firstly,clustering result of data subsets is obtained according to the improved DBSCAN algorithm
based on MapReduce. Next, the relationship between grid and cluster is analyzed and the concepts of Gird-cluster, con-
nectivity and strong connectivity of Gird-clusters are defined. Then the connectivity weights matrix between Gird-cluster
and Gird-cluster is calculated. Finally, whether to reduce two Gird-clusters or not is decided according to connectivity

weight. The experimental results show that the proposed algorithm has high efficiency and high clustering quality in
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processing large location data.
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