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Interactive Vehicle Driving Intention Recognition and Trajectory
Prediction Based on Graph Neural Network

Zhao Shuen, Su Tianbin, Zhao Dongyu
(Chongging Jiaotong University, Chongqing 400074 )

[Abstract] In order to realize the accurate prediction of the trajectory of surrounding vehicles, a driving intention
recognition and trajectory prediction model based on graph neural network and Gated Recurrent Unit (GRU) was designed by
using deep learning method. The driving intention recognition model constructed the interaction relationship between vehicles
into a space—time graph, used the graph neural network to learn its interaction rules and used Softmax function to calculate the
probability of different driving intentions. The trajectory prediction model adopted an encoded—decoded GRU network and the
encoder encoded the vehicle history trajectory information and fused the recognized driving intention information and then
realized trajectory prediction through the decoder. Finally, the Next Generation Simulation (NGSIM) dataset was used to train
and verify the model and the results show that the proposed model can better identify the driving intention of the vehicle, and
the vehicle trajectory prediction model considering the driving intention can effectively improve the prediction accuracy.
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