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[Abstract] In a mixed traffic ecosystem, accurately predicting the trajectories of surrounding vehicles is
crucial for the safety of autonomous vehicles. However, existing technologies still face issues of accuracy and compu-
tational complexity in long-term prediction. A spatiotemporal interactive sparse attention model combined with inten-
tion probability is proposed in this paper, which predicts trajectories through an efficient encoder-decoder structure.
The position mask matrix is first constructed to extract positional information from historical trajectories, and key
features are selected using the sparse attention mechanism. The intention behavior analysis module is utilized to im-
prove the accuracy of intention recognition. Finally, spatiotemporal features, positional features, and intention fea-
tures are fused and input into the decoder, and the model is trained using a multi-task learning approach. The exper-
imental results show that, compared to the optimal algorithm on the HighD and NGSIM datasets, the proposed mod-
el achieves a notable reduction in root mean square error (RMSE) in long-term prediction of 3 to 5 seconds, signifi-
cantly enhancing prediction accuracy. In addition, the model’s performance in real-world scenarios is validated
through road tests, further demonstrating its application potential in complex traffic environment.
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