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Pedestrian Trajectory Prediction Based on Attention Mechanism and
Sparse Graph Convolution

Chen Min, Zeng Kai, Shen Tao, Zhu Yan
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Automation, Kunming University of Science and Technology, Kunming 650500, Yunnan, China

Abstract Pedestrian trajectory prediction can effectively reduce the collision risk caused by sudden changes in pedestrian
trajectory, which has been widely used in intelligent transportation and monitoring systems. At present, most of the
existing researches use undirected graph convolution network to model the social interaction between pedestrians. This
method lacks the consideration of the relevance of the hidden state of pedestrians, and is prone to generate redundant
interactions between pedestrians. To solve this problem, a pedestrian trajectory prediction model based on attention
mechanism and sparse graph convolution (DASGCN) is proposed. By constructing a deep attention mechanism, the
association of motion hiding states among pedestrians is captured, and the pedestrian motion state features are accurately
extracted. Self-adjusting sparse method is further proposed to reduce the motion trajectory deviation caused by redundant
information and solve the problem of dense and undirected pedestrian interaction. The proposed model was verified on
ETH and UCY datasets, and the average displacement error (ADE) and final displacement error (FDE) reached 0. 36 and
0.63 respectively. The experimental results show that DASGCN is superior to traditional algorithms in predicting
pedestrian trajectory.
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F1 ARREFELEETH/UCY B &ES 5 F 1 ADE/FDE
Table 1 ADE/FDE of different methods in ETH/UCY data set scenario
Model ETH HOTEL UNIV ZARA1 ZARA2 Average
Social LSTM'™ 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 0.72/1.54
SGAN" 0.87/1.62 0.67/1.37 0.76/1.52 0.35/0. 68 0.42/0. 84 0.61/1.21
SoPhie' 0.70/1.43 0.76/1.67 0.54/1.24 0.30/0.63 0.38/0.78 0.51/1.15
PITE™ 0.73/1.65 0.30/0.59 0.60/1.27 0.38/0.81 0.31/0.68 0.46/1.00
GAT™ 0.68/1.29 0.68/1.40 0.57/1.29 0.29/0. 60 0.37/0.75 0.52/1.07
Social-BIGAT™! 0.69/1.29 0.49/1.01 0.55/1.32 0.30/0.62 0.36/0.75 0.48/1.00
Social-STGCNN™" 0.64/1.11 0.49/0. 85 0.44/0.79 0.34/0.53 0.30/0.48 0.44/0.75
STAR"™ 0.56/1.11 0.26/050 0.52/1.15 0.41/0.90 0.31/0.71 0.41/0.87
SGCN' 0.63/1.03 0.32/0.55 0.37/0.70 0.29/0.53 0.25/0.45 0.37/0.65
Proposed model 0.65/1.12 0.26/0. 42 0.37/0.70 0. 28/0. 49 0.23/0. 42 0.36/0. 63
#2 DA5SPERILELHE(ADE/FDE)
Table 2 Verification results of DA and SP (ADE/FDE)
DA SP ETH HOTEL UNIV ZARA1 ZARAZ2 Average
0.94/1.53 0.62/1.21 0.68/1.43 0.47/0.79 0.43/0.87 0.63/1.17
N 0.76/1.29 0.49/0.83 0.52/1.13 0.35/0.57 0.34/0. 64 0.49/0. 89
J 0.71/1.23 0.45/0.92 0.49/0.98 0.34/0.58 0.33/0.56 0.46/0.85
N, N 0.65/1.12 0.26/0.42 0.37/0.70 0.28/0.49 0.23/0.42 0.36/0.63
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