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Lane changing trajectory prediction method for connected
autonomous vehicles based on deep learning

LI Wenjie, QU Dayi” , ZHANG Zhi, WEI Liangshuai, ZHANG Wenming
(School of Mechanical and Automotive Engineering, Qingdao University of Technology, Qingdao 266525, China)

Abstract: In order to accurately and efficiently obtain the movement information status of
surrounding vehicles, Connected Autonomous Vehicles (CAV) should have the ability to
predict lane changing trajectories. A trajectory prediction method is proposed which is based
on Long Short-term Memory (LSTM) network and considers vehicles’ historical trajectory
data. The trajectory data that conform to the characteristics of lane changing were screened
to construct a multi-dimensional lane changing trajectory dataset. The LSTM encoding-de-
coder is used to synthesize the trajectory information and encode the context vector. The
context dynamic vector is decoded to generate the prediction result of multi-objective lane
changing trajectory. The endpoint displacement error is used as the evaluation index of the
proposed method. Compared with the S-LSTM model, the endpoint displacement error of
the proposed method in the last 3s is reduced by 12. 5%, 19. 08% and 18. 68% . respectively;
compared with the NLS-LSTM model, the endpoint displacement error of the proposed
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method in the last 3s is reduced by 6.44%, 13.2% and 13.95%, respectively, which im-
proves the accuracy of trajectory prediction results.
Key words: connected autonomous vehicle (CAV); trajectory prediction; deep learning;

LSTM; vehicles’ historical trajectory
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