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Parallel Algorithm for Detecting Trajectory Outliers Based on Evolutionary Computation

Tang Mengmeng, Ji Genlin, Zhao Bin
(School of Computer Science and Technology, Nanjing Normal University, Nanjing, 210023, China)

Abstract: Trajectory outlier detection is significantly important in the field of trajectory data mining. Al-
gorithm TOP-EYE (Top-£ evolving trajectory outlier detection) is an efficient algorithm for detecting ab-
normal trajectory. From the point of view of the direction and density, algorithm TOP-EYE takes use of
the method of evolutionary computation to detect anomalies, which is different from other algorithms.
To improve the efficiency of mining trajectory outliers from massive trajectory datasets, the parallel algo-
rithm for detecting trajectory outliers based on evolutionary computation, called PDAT-TOP (Parallel
detecting abnormal trajectory based on TOP-EYE), is proposed. The algorithm takes advantages of par-
allel computation to improve the efficiency of detecting abnormal trajectory. Algorithm PDAT-TOP is
implemented on Hadoop. Experimental results demonstrate that the algorithm can effectively detect ab-
normal trajectory, and it has high scalability and better speedup.
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