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Abstract: Significant progress has been made in pedestrian trajectory prediction, but most of the
existing methods are constrained by the limited on-board computing resources. How to achieve
efficient pedestrian trajectory prediction in autonomous vehicles is still insufficient. To solve this
problem, a lightweight pedestrian trajectory prediction algorithm is proposed, which uses
convolutional neural network (CNN) and graph convolutional neural network (GCN) to process
and integrate multimodal information. Firstly, a multi-scale feature processing module is
designed based on CNN. Multiple convolution modules are used to capture the features of
pedestrian tracks and scene information at different time and spatial scales. Then, a feature
integration module is constructed based on GCN, which is used to efficiently integrate the
spatial-temporal relationship between trajectory and scene features and obtain multiple prediction
representations. Finally, multiple prediction representations are integrated to obtain pedestrian
trajectory prediction results. Experiments on PIE and JAAD datasets show that the proposed
method achieves competitive and optimal prediction performance with the least network
parameters, respectively, which verifies the effectiveness of the proposed method. Compared
with the previous lightest method, the parameters are optimized by 73%.

Key words: autonomous driving; pedestrian trajectory prediction; graph convolution; multi-scale
features; lightweight model
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Fig. 11 Visualization of prediction failure
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