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Abstract: The autonomous vehicles safety is challenged by the potential risks arising from the visually occluded areas.
A new method of potential risks assessment is put forward based on “Knowledge Graph + Logical Reasoning + Bayesian
Reasoning” in the face of difficult to accurately and effectively predict and assess such potential risks, a potential risk pre-
diction model and a potential risk probability inference model are constructed in the paper. The potential risk prediction
model describes the interaction between driving entities by constructing the knowledge graph of urban scenarios for au-
tonomous driving, and then infers whether there are potential risks during driving with SWI-Prolog inference engine after
the description is semantic transformed; The potential risk probability reasoning model can quantify potential risks by infer-
ring the probability of such risks replying on Bayesian Network. The field experiment prove that inference and assessment
of potential risks conducted by the proposed method is similar to that conducted by human drivers, and can even compen-
sate for human driver’s unawareness of potential risks. The method is applicable to complex urban traffic. The results of
risk assessment have potential application value as they can provide effective basis for the behavioral decision-making of
the automatic driving system.
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Fig. 1 Block diagram of potential risk assessment system
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Fig. 2 Hierarchy of classes
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Table 2 The comparison of OWL2 statement and Prolog statement
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