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Study on Expressway Emergency Situation Assessment Based on Bayesian Network

ZHAO Peng, WANG Jian-wei, SUN Mao-peng, ZHOU Ya-xin
(School of Economics and Management, Chang’an University, Xi’an Shaanxi 710064, China)

Abstract: In order to improve the capacity and the efficiency of expressway emergency management, an
emergency treatment situation assessment model of expressway traffic accidents is established based on
Bayesian network for reasoning and leaning traffic accident probability under different conditions. First, the
overall working process of the Bayesian network of expressway traffic is established in the model, the nodes of
Bayesian network are set as the influencing factors of expressway, and the Bayesian network structure is
constructed according to the relationship among the nodes (various influencing factors). Second, conditional
probability is assigned to each node in the network according to traffic accident data and expert knowledge,
then the Bayesian network is transformed into a joint tree using the joint tree inference algorithm according to
the preliminary accident information based on the conditional probability, and the posterior probability is
calculated through the message transfer process defined in the joint tree. Finally, the inference is conducted
based on conditional probability, an evaluation model is established to evaluate the situation of expressway

emergencies. Fifty expressway traffic emergency data are randomly selected for Bayesian network reasoning in
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a case study. By using the software GeNie2. 2, taking type of accident vehicles, number of accident vehicles,

time of accident information, weather and the time period of the accident as the evidence information, the

probability of the expressway emergency is derived by inference. The prediction result indicates that the

emergency treatment situation assessment model of expressway traffic accidents based on Bayesian network has

higher accuracy.

Key words . traffic engineering; emergency situation assessment; Bayesian network ; expressway; emergency

management
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Tab. 4 Prior probability and posterior probability of Bayesian network nodes representing traffic emergencies
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