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Detection of Safety-critical Events
Based on Naturalistic Driving Data

WANG Xuesong, XU Xiaoyan

(Key Laboratory of Road and Traffic Engineering of the Ministry
of Education, Tongji University, Shanghai 201804, China)

Abstract: Possible safety-critical events (SCEs) were
identified from the naturalistic driving data using a threshold
method. Random forests (RF) and support vector machine
(SVM) models were employed to further screen the possible
events, overcoming the defect of a high false positive rate
while applying threshold methods solely. A set of threshold
criteria was established and 3 623 possible SCEs were
extracted from the naturalistic driving data in Shanghai. The
RF method was adopted to select the important features as
input variables. The RF and SVM models were trained and
tested respectively on the same dataset. The results indicate
that: the mean and minimum value of longitudinal
acceleration, the minimum value of the distance from the
leading vehicle and the standard deviation of the speed of the
subject vehicle can effectively determine whether the

possible events are valid or not. Compared with RF, SVM
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performs better in prediction, that is, filtering 85.9% invalid
events and controlling false negative rate simultaneously.
Key words: driving behavior; naturalistic driving study;

safety-critical event; machine learning
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Tab.1 Summary of safety-critical event extraction criteria used in existing literature
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Fig.1 Safety-critical event extraction process
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Tab.2 Summary of extraction trigger criteria
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Fig.2 Safety-critical event detection process using

machine learning
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Fig.3 Time horizon of input variable calculation
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Fig.6 Measurement of variable importance

R5 BEETE

gt

Tab.5 Descriptive statistics of important variables

PEES RS

A — ekt — R profoae S
R (i} brifEz R (i} brifEz R (i} brifE2 HH brifi22
Xaccel_min —0.42 0.49 —0.62 0.23 —0.44 0.52 —0.62 0.23
Xaccel avg —0.10 0.20 —0.11 0.12 —0.10 0.20 —0.10 0.11
Ax_min 12.58 20.17 4.56 6.11 12.94 19.21 4.04 5.67
Xaccel _std 0.09 0.07 0.16 0.05 0.09 0.07 0.16 0.05
V_std 3.72 3.48 3.62 2.22 3.84 3.53 3.58 2.30
Yaccel _avg —0.01 0.05 —0.01 0.03 0 0.05 —0.01 0.03
Av_avg —1.56 3.19 —1.30 2.92 —1.40 3.30 —1.19 2.68
V_max 11.76 7.95 10. 74 5.83 11.98 8.11 10. 34 6.07
TTC _std 49.97 36.16 39.47 18.98 50.41 34.66 39.19 21.41
Ax_std 268.71 137.04 263.72 137.12 260.72 139. 39 261.08 131.54
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Fig.7 ROC curves of two machine learning models
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Tab.6 Comparison of performance of two machine

learning models

TSR B R A

A

Acc/% Rrp/% RI‘P/% Auc
FfAILARAK 87.99 5.22 37.14 0.896
LRFI AL 86. 09 14.10 12.86 0. 897
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Tab.7 Comparison of prediction performance of

SVM and models in literature
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