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User Trajectory Identification Based on Expandable Self-Attention
Spatio-Temporal Graph Convolutional Neural Networks

LEI Tian-liang, JI Li-xin, WANG Geng-run, LIU Shu-xin, WU Lan
(Institute of Information Technology, Information Engineering University, Zhengzhou, Henan 450002, China)

Abstract: As an important spatio-temporal data mining task, user trajectory identification is widely used in the fields
of location-based personalized service recommendation, itinerary planning, crime behavior detection, and target tracking.
However, it still has low prediction accuracy, mainly due to low sampling and sparse trajectory data, and a huge number of
trajectory categories. To fill the research gaps, a user trajectory identification model based on an expandable self-attention
spatio-temporal graph convolutional neural network (ESAST-GCNN) is proposed, which adopts the spatio-temporal graph
convolutional neural network to deeply mine the relationship between time sequence features and spatial features to predict
and expand the sequence.This model combines the self-attention mechanism to obtain the internal correlation of user trajec-
tory feature vectors and identify user trajectories.After testing on two real datasets, the results show that the accuracy of ES-
AST-GCNN is improved by 13.95% and 10.63% in Geolife and Gowalla compared with TUL via Embedding and RNN
(TULER-GRU), respectively.The experimental results illustrate that ESAST-GCNN is superior to other comparative mod-
els, with better identification effect and wider applicability.
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