WoE T M
2024 4 (55 46 45 ) 55 9 W] Automotive Engineering 2024(Vol.46 )No.9

doi:10.19562/j.chinasae.qcgc.2024.09.001

BET I 2 PR A 22 0 245 1) S AL S 25 3 XURS: T

mAEE A AL FER ESHE, S A
(1. A FTHIRKFNRE FMFER, LT 100081; 2. FHEKXFFRIEBFFHE AR, BRI 518055)

(] A Rmnin s 5 53 LT T 1) 22 S0 2555 38 ARR XUBS A8 B e oA A\ IS 28 B 53 B A3 XU, T , ML o Al 42
DR IR SRR o R 22 B BAT X XS (R B 5 A% 1 37t v B — A A 5 AR A 2 ) 9 SO0 52 B 5 A%, A BFA T AR 5200 1
P JETTRITFE , 10 28 W% S A 5038 215 4 2 () AN T) 9 58 LR 28 MR KU IR o AR ST H T — Pk T I 2 [ s ALl
22 25 1) Al 22 FUAR KURSE: BT 7 15 Risk—STGCN , 3 1o 48 BR B I 1] 48 B3l e i st 1115 B S I AR B A2
21 B Z2 A IR B N 25 508 2 HAR XU H8 b5 TTC HEAT BN . 7P BLVD 552 4 FUR B L B4 T UIZRIRIIE,
IS5 8 RS B AR B BEAT RS HE o SEHRAE SRR, P S B AN [ B 1 P2 TTC IR 223975 0. 95 s AR, 258
BARARIEIO0 T 3Crh P B 2 Y AR Y, HAT RLAF AR, RN BT T A2 A 32 4 I RS T A vl fige e
KR BREE; SXBSE5E,; TERME; KN ; B = E 2 M%

Risk Prediction of Heterogeneous Traffic Participants Based on

Spatio-Temporal Graph Neural Networks

Meng Xianghao', Niu Ling’, Xi Jungiang', Chen Danni' & Lii Chao'
1. School of Mechanical Engineering, Beijing Institute of Technology, Beijing 100081 ;
2. Tsinghua Shenzhen International Graduate School, Shenzhen 518055

[Abstract] Effectively predicting the future risk indicators of multiple traffic participants under the driver’s
field of vision is the key to providing risk warnings to human drivers and avoiding potential collision risk. Most exist-
ing research on risk only considers the pairwise interaction between a single individual and the vehicle in the scene,
and conducts research from the perspective of evaluation rather than prediction, while ignoring the different interac-
tion between heterogeneous traffic participants and future risk status. This paper proposes a heterogeneous multi-ob-
jective risk prediction method Risk-STGCN based on spatiotemporal graph convolutional neural network, using
graph convolution and temporal convolution to learn single-frame scene graph information and timing information re-
spectively, combined with multi-layer timing prediction network to predict the multi-objective risk indicator TTC.
Training and verification are conducted on the open source data set BLVD and the real vehicle self-collected data
set, which is then compared with commonly used sequence prediction models. The experimental results show that
the average TTC error of the proposed model on different data sets is less than 0.95 s, with multiple experimental in-
dicators better than other models mentioned in this paper. The proposed model has good robustness and improves the
interpretability of risk prediction in complex traffic scenarios.
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