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Trajectory Compression Algorithm Based on Recurrent Neural Network
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Abstract With the development of positioning technology and storage technology,massive trajectories have been recorded by hu-
mans. How to effectively compress the most interesting spatial path information in the trajectory and how to restore the original
information has caused extensive research. The compression algorithm for trajectories is mainly divided into line-simplified com-
pression and road-based trajectory compression. Existing algorithms have shortcomings such as unreasonable algorithm assump-
tions and poor compression capability. According to the distribution characteristics of trajectories in the road network and the
probabilistic modeling ability of recurrent neural networks for variable-length time series, a trajectory compression algorithm
based on recurrent neural network is proposed. The trajectory distribution is efficiently summarized by our algorithm,in which
the compression space is further reduced by the road network structure. Meanwhile, the influence of different input on the com-
pression ratio of the algorithm is quantitatively analyzed. Finally, the experiment proves that the trajectory compression algorithm
based on recurrent neural network not only has a higher compression ratio than existing algorithms, but also supports the com-
pression of untrained trajectory data,and demonstrates the compression ratio of the algorithm can be improved by using the time
information.
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Fig.4 Compression ratio of TCBR under incremental data
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