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Group Behavior Characteristics
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Pedestrian Trajectory Prediction Model Based on Self-Attention Mechanism
and Group Behavior Characteristics

ZHOU Yutao' WU Huayi' CHENG Hongquan' ZHENG Jie' LI Xuexi®

1 State Key Laboratory of Information Engineering in Surveying, Mapping and Remote Sensing, Wuhan University,
Wuhan 430079, China
2 Jiangsu Easymap Geographic Information Technology Co.Ltd, Yangzhou 225009, China

Abstract: Understanding and accurately predicting the trajectory of pedestrians is of great significance to
improve the level of auto-driving technology and reduce the occurrence of traffic accidents. Aiming at the
problems of low prediction accuracy and insufficient utilization of pedestrian interaction information, a pe-
destrian trajectory prediction model based on self-attention mechanism and group behavior characteristics is
presented. The model considers the movement information of each pedestrian and its interaction with the
surrounding pedestrians. The recurrent neural network and graph convolutional network are used to model
the pedestrian’ s walking state and the pedestrian’ s interaction separately. In the graph convolutional net-
work, nodes of the graph represent the movement information of pedestrians, and edges of the graph repre-
sent the interaction between pedestrians. Self-attention mechanism is used to calculate pedestrian interac-
tion. In addition, in order to increase the ability of the network to capture the group walk behavior and de-
crease the prediction error, a peer loss function is proposed. Experiments on public datasets show that the
proposed model in this paper improves prediction accuracy significantly.

Key words: pedestrian trajectory prediction; self-attention mechanism; graph convolutional network; re-

current neural network; deep learning

First author: ZHOU Yutao, postgraduate, majors in trajectory data mining and high-performance geographic information computing. E-
mail: zhouyutao@whu.edu.cn

Corresponding author: ZHENG Jie, PhD, associate professor. E-mail: zhengjie@whu.edu.cn

Foundation support: The National Key Research and Development Program of China (2017YFB0503800).

5| X #& X : ZHOU Yutao, WU Huayi, CHENG Hongquan, et al.Pedestrian Trajectory Prediction Model Based on Self-Attention Mechanism
and Group Behavior Characteristics[J]. Geomatics and Information Science of Wuhan University, 2020, 45(12):1989-1996.DO1:10.13203/].
whugis20200159 (J& T , AR, BUHEAL, 55 . 45 & B T R AL R ZS AEAT SR R AE A 4T N80 T00 A5 250 [0, 0 R 2 2 it - £ B R L
2020,45(12):1989-1996.DO1:10.13203/j.whugis20200159)



