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E2LSH-Based Algorithm for Trajectory KNN Query

QIU Lei, WU Zhi-bing
(Jiangnan Institute of Computing Technology , Wuxi 214083, China)

Abstract ; At present, there is a problem of high computational time complexity in the nearest neighbor query algorithm of massive spatio—
temporal trajectory data,so a trajectory KNN query algorithm combining domain POI data and E2LSH algorithm is proposed. Firstly,
GeoHash technology is used to encode the geographic space,and then the initial dimensionality reduction of the vector space is realized by
combining POI data,and then the vector of each trajectory is constructed according to the residence time. The locality sensitive hashing
function is used to establish the track index. Finally,distance is calculated for the similar track set returned by the query,and the nearest K
query results are obtained by sorting. For incremental trajectory data,the hash value is calculated by E2LSH algorithm, and the trajectory
index is added directly, thus avoiding the complicated calculation process and the impact on the existing trajectory index. The experiment
on synthetic data and real dataset shows that the proposed method can effectively improve the algorithm efficiency and process the
incremental spatiotemporal trajectory data efficiently and easily, although some accuracy is sacrificed in the neighbor query of massive
spatiotemporal trajectory data.
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