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Spatial-temporal graph network with speed control
pedestrian trajectory prediction model

Wang Haifeng Sang Haifeng Wang Jinyu Chen Wangxing

(The School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: The most important task in pedestrian trajectory prediction is to establish a pedestrian trajectory interaction model. Aiming at
the lack of semantic information about time and speed in the model, a spatial-temporal graph network algorithm combined with speed
control is proposed to establish pedestrian interaction model and predict trajectory. The overall model adopts the conditional generative
adversarial networks architecture, in which the speed prediction module is used to predict the future speed of pedestrians, and the control
condition of the conditional generative adversarial networks. The speed information is explicitly introduced into the pedestrian trajectory
prediction to avoid the influence of large deviation speed on the trajectory. A spatial-temporal information fusion module is designed in
the generator. While extracting the motion features of pedestrian trajectory sequence and paying attention to its spatial interaction, it
explicitly encodes the temporal correlation of pedestrian sequence. Finally, the trajectory interactive features combined with space-time
information and speed information are decoded to complete the trajectory prediction. In addition, considering the shortcomings of the
existing evaluation methods, the average collision times is used as the evaluation of trajectory rationality. The model is verified on the
public datasets ETH and UCY. The experimental results show that the proposed algorithm can better complete the pedestrian trajectory
prediction, with an average displacement error of 0. 40 m and a final displacement error of 0. 79 m.
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Fig. 1 STGS-GAN Pedestrian trajectory prediction model in graph structure
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Fig.2 Diagram of pedestrian interaction
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Fig.3 Spatial-temporal information fusion module
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Fig. 4 Schematic diagram of speed prediction module
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Table 1 Eth and UCY datasets information statistics
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[(FPNEY 360 389 415/434 148 204
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BAAFT NAFAE B K MWUEL 114 100 352/289 197 584
AT NAELE S/ DTS 2 2 4/5 10 7
1T NAFAE WAL 15. 26 16. 82 52.56/41.37 34.82 47. 66
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Table 2 The results of comparison between our algorithm and other algorithms

. ADE/FDE/m
g TS
EHT HOTEL UNIV ZARA1 ZARA2 FHE
S-LSTM 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.53/1.17 0.72/1.54
SGAN 0.81/1.52 0.72/1. 61 0.76/1.52 0.34/0. 69 0.42/0. 84 0.58/1. 18
SoPhie 0.70/1. 43 0.76/1. 67 0.54/1.24 0.30/0. 63 0.38/0.78 0.54/1. 15
S-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
STGAT 0.65/1.12 0.35/0. 66 0.52/1.10 0.34/0. 69 0.29/0. 60 0.43/0. 83
CGNS 0.62/1. 40 0.70/0. 93 0.48/1.22 0.32/0.59 0.35/0.71 0.49/0. 97
STGS-GAN 0.60/1. 19 0.30/0. 51 0.51/1.10 0.30/0. 59 0.28/0. 57 0. 40/0.79
Hrpr 76 ETH 0884 ADE #1 FDE $5 b5 175 fir A 455 R4 EEEEXLE
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Table 3 Comparison of ACT indicators

pieiEES EHT HOTEL UNIV ZARA1 ZARA2
SGAN 0.3436 0.4274 12.2721 0.202 1 1.158 3
SGAN-P 0.3914 0.4650 16.6796 0.4390 3.8390
STGAT 0.4207 0.3213 12.3219 0.3389 1.1950
STGS-GAN  0.2192 0.1315 11.4472 0.2635 0.8435
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Table 5 Comparison results of our algorithm with different control setting
R (ADE/FDE)/m
EHT HOTEL UNIV ZARA1 ZARA2 SEX{E
ik 0.70/1. 24 0.34/0. 53 0.52/1.15 0.35/0.71 0.29/0. 61 0. 44/0. 85
Hk2 0.72/1. 26 0.31/0. 53 0.52/1.12 0.35/0.71 0.30/0. 60 0.43/0. 84
B3 0.88/1.76 0.39/0. 69 0.55/1.29 0.41/0. 81 0.35/0. 69 0.52/1.05
Hika 0.78/1.44 0.36/0. 63 0.53/1.21 0.38/0.76 0.32/0. 66 0.47/0. 94
STGS-GAN 0.60/1.19 0.30/0. 51 0.51/1.10 0.30/0. 59 0.28/0. 57 0.40/0.79
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Fig.5 Visualization of pedestrian trajectory prediction
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