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Pedestrian Trajectory Prediction Model Based on Multi-Model Space-
Time Interaction
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Abstract: Pedestrian trajectory prediction plays an important role in correctly planning reasonable paths. Most of the
existing trajectory prediction methods simply take all the pedestrians into account when considering the influence of the sur-
rounding pedestrians, which inevitably brings redundant information. A pedestrian trajectory prediction model based on
multi-mode space-time interaction is proposed. This model gives different weights to different pedestrians in different situa-
tions through multi-mode pedestrian space interaction module, which makes the model effectively reduce the impact of re-
dundant information. Aiming at the different importance of the input trajectory information, the weighted information fu-
sion module is designed to integrate the historical trajectory information with different weights on the basis of the original
trajectory information, so as to make the trajectory information of the model more effective. In addition, the model uses
time convolution network module to capture pedestrian time interaction. The experimental results show that compared with
social-stgenn, average displacement error(ADE) and final displacement error(FDE) is reduced by 15% and 14% respectively
on the open data sets ETH and UCY.
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