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3 Support Center of Beijing Transportation Comprehensive Enforcement Corps,Beijing 100044, China

4 RIOH High Science and Technology Group,Ltd. ,Beijing 100088, China

Abstract  Accident risk prediction of traffic accidents through graph convolution networks is a research hotspot in the transpor-
tation field. However, the existing researches on using graph convolution networks for accident risk prediction lack semantic adja-
cency in graph construction and unable to perform adaptive learning of graph weights. To address these problems,a data-driven,
multi-granularity and multi-view spatio-temporal topology graph is constructed based on multi-source traffic big data to realize
the accurate modeling of spatio-temporal correlation and dependency in traffic network. The nodes on the graph provide a compre-
hensive description of the traffic state from time and space two dimensions,while the edges show the abstract adjacency relation-
ship between roadways from geography and semantics two perspectives. Then,a dynamic spatio-temporal graph network based on
the spatio-temporal topology graph is designed to achieve accurate prediction of roadway-level traffic accident risk. The model in-
troduces spatial graph network layers with multi-headed attention mechanism to learn spatial correlations, while temporal learning
units based on 1-D dilated convolution are used to capture short-time dependencies and long-time periodicity. According to large-
scale experiments carried out on real traffic data in Beijing area,our method achieves the recall of 0. 899 and the F-1 Score of
0. 860. Meanwhile, there are also improvements in other indicators comparing to mainstream methods.

Keywords Traffic accident risk prediction,Graph neural network, Spatio-Temporal data mining
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Table 2 Results of comparative experiment

pcC Precision Recall F1-Score AUC

DT 0.681 0.796 0.873 0. 833 0. 839
LR 0.564 0.738 0.863 0.795 0.778
SVM 0.598 0.747 0. 888 0.812 0. 794
XGBoost 0.733 0.804 0.876 0.838 0. 850
SAAE 0.684 0.791 0.892 0. 838 0.819
TARPML  0.712 0.802 0.894 0. 846 0.837
DSTGCN 0. 745 0.821 0.897 0.857 0.851
Our Model  0.748 0. 825 0.899 0.860 0.854
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Table 3 Results of feature ablation study

PCC Precision Recall F1-Score AUC

Model-s 0.712 0.801 0.878 0.837 0. 839
Model-t 0.722 0.795 0. 889 0.839 0.842
Model-e 0.709 0.793 0. 884 0. 836 0.837

Our Model  0.748 0.825 0.899 0.860 0.854
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Table 4 Results of module ablation study

prcc Precision Recall F1-Score AUC

Model-S 0.705 0.784 0.88 0.829 0.816
Model-T 0.732 0.811 0. 887 0.847 0.831
Model-E 0.719 0.807 0.893 0.848 0.837
Our Model  0.748 0.825 0.899 0. 860 0.854
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Table 5 Results of topology map construction ablation study

pcC Precision Recall F1-Score AUC

Model-Geo 0,695  0.798  0.889  0.841 0,837
ModelSem  0.732 0,815 0.894  0.853 0,845
Our Model ~ 0.748  0.825  0.899  0.860  0.854
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