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Study on Generation and Evolution of Road Traffic Accident Chain Based on
Bayesian Network Model
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Abstract: In order to study the generation and evolution rules of road traffic accident chain and fully reflect
the mechanism of road traffic accidents, based on the 100-car natural driving research data from the United
States, the variables characterizing pre-accident driver status and behavior are constructed considering the
impact of driver’s status and driving behavior on road traffic safety, which are utilized along with other
variables of influencing factors such as traditional driver, roadway, traffic, and environment characteristics for
establishing the Bayesian network model for road traffic accident risk type. By introducing the casual chain
theory of accidents, a simple path search algorithm for directed acyclic network is used to generate the
accident chain set based on the established Bayesian Network, and the information gain feature selection
method is used to identify the key accident chain. The result of critical accident chain derived from the 100-
car natural driving research data shows that (1) single vehicle accidents tend to occur on curved and sloped
roadways when drivers are not distracted or not engaged in complex secondary tasks; (2) while front, side,

and rear-end collision accidents are more usually occurred under horizontal and straight roadway conditions
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with the driver’s attention transferring from the roadway ahead to both sides of the window and rearview mirror

or the secondary task of the driver becoming more complex. By changing the status probability of each node in

the identified accident chain, the evolution path and rule of different types of accidents can be explored,

which has overcome the limitation of traditional methods that analyze the causes of road traffic accidents

separately, and reflected the interrelationship of the contribution factors and events of accident chain, and

provided a new perspective on better control of road traffic risk and realizing the blockage of accident chain.

Key words . traffic engineering; accident chain generation and evolution; Bayesian network model; road

traffic accident chain; path search; feature selection
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Fig.1 BN structure of traffic accident using
MDL-scoring hill-climbing algorithm
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Tab.2 Confusion matrix for BN traffic accident prediction
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Fig.2 ROC curves of BN prediction of traffic accident type
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Fig.3 Comparison of prediction results of BN and MNL
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Tab.3 Set of accident chains and critical accident chain based on BN
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Fig. 4 Prediction line of critical accident chain ( route No. 7)
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Tab.4 Prior probability of root nodes and conditional
probability of other nodes of critical accident chain
( route No. 7)
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Fig. 5 State probability table of critical accident chain (route No. 7)
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0.204 x log,0.204 = 0.730, (11)
H(GRD| CUR) = P(CUR =1) - H(GRD| CUR = 1) +
P(CUR =2) - H(GRD| CUR =2) =
0.848 x0.392 +0.152 x0.730 = 0.443, (12)
IGP(GRD | CUR) = (H(GRD) - H(GRD| CUR))/
H(GRD) = (0.457 —0.443)/0.457 = 3.1% .
(13)
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D fNIEE: ACT=1

CUR GRD ILW HST cM ACT
Hek: 0820 [»|/KT: 0.860 > T 0.879% | sl 0470+ | Ti: 0.982% AL 1.0%
7. 0.180% Wi 0.140% H:0.121 i, 0.124% & 0.047 ET: 0.0
& 0.330 = 0.0
£7%: 0.076 FEFB: 0.0
(2) HNiEYE: ACT =2
CUR GRD ILW HST cM ACT
HE: 0.852% || /KF: 0.960% L 5| 5: 0.870 > JC: 0.456% > f: 0.953% |l R, 0.0
Wi 0.148 Wit 0.040 &: 0.130% i, 0.120% &: 0.047 ETfi: 1.0%
g 0348 iz 0.0
57%: 0.076 FE#: 0.0
(3) HAUEHE: ACT=3
CUR GRD ILw HST cM ACT
HZk: 0.861% || /KT 0.964* L] 75: 0.844 > . 0.394 L] 5 0.820 | L 0.0
i 0.139 Wi 0.036 &: 0.156* i 0.106 &: 0.180% ETfi: 0.0
A 0.423% M= 1.0%
5% 0.077 JE#: 0.0
(4) NI ACT =4
CUR GRD ILW HST cM ACT
Fitk: 0.859% L »l/KT: 0962% L 5[5 0854 L 5l o417 | T 0868 | Sluse, g
i 0.141 Wil 0.038 e 0.140% Gt 0.111 e 0.132% Eifi: 0.0
& 0.395% filiki: 0.0
7% 0.077 R 1.0%

TE: = FoRmE RGN R (S-S FREMERMLL) P,
6 XEFHE (BET7) EFRSHEER
Fig. 6 Updated state probability table of critical accident chain ( route No. 7)
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