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Trajectory Prediction Method Based on Fusion of Graph Interaction and Scene Perception

FANG Yang' ,ZHAO Ting’,LIU Qi-lie* , HE Dong® , SUN Kai-wei' and CHEN Qian-bin®
1 School of Computer Science and Technology,Chongqging University of Posts and Telecommunications, Chongqing 400065, China
2 School of Communication and Information Engineering.Chongqing University of Posts and Telecommunications,Chongqing 400065, China

3 School of Electrical Engineering, KAIST, Daejeon 34141, South Korea

Abstract To accurately perceive the environment and predict the trajectory of the surrounding traffic participants for autono-
mous driving, we propose a real-time end-to-end trajectory prediction framework based on bird eye view(BEV) to learn both in-
teraction and scene information simultaneously. The framework consists of two essential modules: graph interaction network and
pyramid perception network. The former encodes the interaction patterns among traffic participants through a spatiotemporal
graph convolutional network,and the latter adopts a spatiotemporal pyramid network to model the surrounding information and
obtain the scene features. Next, interactive features and scene features are fused at a unified scale to perform classification and
trajectory prediction tasks. Experiments and analysis on Nuscenes,a large open-source dataset,indicate that the proposed frame-
work achieves a higher classification accuracy of 3. 1% and 1. 43% less predicted trajectory loss than MotionNet. Hence, our
framework outperforms state-of-the-art algorithms in terms of generalization and robustness,and is more in line with perception
requirements in actual autonomous driving scenes.

Keywords Trajectory prediction. Spatiotemporal graph convolutional, Spatiotemporal pyramid, Graph interaction encoding, Fea-
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Fig. 1 Visualized result of object detection and trajectory prediction
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Table 2 Comparison of classification accuracy
Classification accuracy/ %
method -
background car pedestrian bike others MCA OA
PointRCNN! 94.4 78.7 44,1 11.9 44,0 55.4 94.0
LSTM-EncoderDecoder ! 93.8 91.0 73.4 17.9 71.7 69.6 92.8
MotionNet?] 97.3 91.1 76.2 20. 6 66. 1 70.3 96. 1
MotionNet 2] 4 spatiotemporal consistency loss 97.6 90.7 77.2 25.8 65.1 71.3 96.3
Ours 94.1 91.1 83.5 27.9 75.8 74.4 93.1
Ours + spatiotemporal consistency loss 95.8 91.3 80.5 29.0 73.6 74.2 94.8
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Fig. 5 Comparison results of true trajectory and predicted

trajectory in different scenarios
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Table 3 Influence of adjacency matrix of different kernel
functions on error
Kernel function static velocitys<<5 m/s velocity>5m/s
aj 0.3723 0.4109 1.7890
by 0.3778 0.3787 1.7654
alo ., 0.3906 0.4235 1.8765
1 0.3820 0.3932 1.5776
a’ 0.3450 0.2720 1.1074
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Fig. 6 Performance impact on number of input frames
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