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Key Variables Identification and Proactive
Assessment of Real-time Traffic Flow Accident
Risk on Urban Expressway
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Abstract: Based on accident data and detector data collected
on two expressways in Shanghai, important variables for
model construction were selected from the data of traffic flow
within 5~ 10 min before the accident with random forest
model. Then, the Bayesian network (BN) model based on the
Gaussian mixture model and expected maximum algorithm was
established for the analysis of real-time traffic flow state and
accident risk. Meanwhile, the transferability of BN model was
also assessed. The results show that BN model built with
selected important variables is better than that with direct
detection data, with the accident prediction accuracy rate of
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82.78% . The results of the transferability show that the
improved BN model is still better than the traditional model,
though the accident prediction accuracy of BN model
decreases.
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Tab.1 Summary of crash data
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Fig.1 Arrangement of detectors at the crash site
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Tab.2 Candidate variables for modeling
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Fig.2 Importance of variable
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Fig.3 Comparison of prediction accuracy for BN model
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