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Vehicle near-miss situation prediction from probe-car data using statistical machine learning

Tetsuro Morimura

Yusuke Tanizawa

Shinya Yamasaki Tsuyoshi 1dé

Providing a driver with information on risky events in advance is crucial for safer and more comfortable driving. This

paper presents an approach to automated classification of near-miss situations for providing more useful information to

drivers. Specifically, based on probe-car data, we introduce a statistical machine learning approach to the classification task.

Experimental results show that our method is capable of identifying effective features from the data and is promising in

near-miss pattern classification.
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(A) Near-miss incident with
oncoming vehicles

(B) Near-miss incident with
pedestrians

il

Fig. 1 Near-miss situations in right turn
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Table. 1 Accuracy of prediction
Average Standard
Classification method accuracy deviation
Domain-oriented method 0.644 0.098
Logistic regression 0.788 0.094
Support vector machine 0.794 0.106
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Fig. 2 Time series of the features for the near-miss Fig. 3 Autocovariance sequence of the features for the

incidents with oncoming vehicles and with pedestrians: near-miss incidents with oncoming vehicles and with
On the left-hand sides, the results of each incident are pedestrians: On the left-hand sides, the results of each
shown. The mean and standard deviation for each situa-

tion are shown on the right-hand sides.

incident are shown. The mean and standard deviation of

each situation are shown on the right-hand sides.



