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GAN Model of Vehicle Trajectory Prediction Based on Lane Changing Intention Recognition

WANG Xue-Yang, LIU Xi
(School of Information Engineering, Chang’an University, Xi’an 710064, China)

Abstract: Vehicle trajectory prediction can effectively reduce the collision risk caused by the sudden change of a vehicle
trajectory, which is one of the key technologies to achieve safe driving. To address the problem that the traditional
trajectory prediction algorithm lacks the analysis of the driver’s intention, this study proposes a yehicle trajectory
prediction model that integrates generative adversarial networks and driving intention recognitiorf. The model predicts
vehicle trajectories under a generative adversarial network framework and intro'duces a deep neural network-based lane
change intention recognition module to identify the driver’s lane change inten‘![ion. A comparison test with LSTM, S-
LSTM, CS-LSTM and S-GAN models is carried out on the public data set NGSIM. The experimental results show that
compared with other trajectory prediction models, the CS—DNN—GAN model proposed in this study has better prediction
accuracy.
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