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Abstract

A common cause of vehicle crashes on urban expressways lies in the unsafe behaviors of

drivers. This study focused on analyzing the influence of various unsafe behaviors on crash

duration. Based on actual video image of vehicle crashes, 14 unsafe behaviors were identi-

fied for the analysis of crashes on urban expressways. Using the correspondence analysis

method, the correlation among unsafe behaviors and collision types was obtained. Non-

parametric survival analysis was then presented to obtain the survival rate curves of side-

swipe crashes and rear-end crashes. Finally, parametric survival analysis method can get

the influence of unsafe behaviors on crash duration. The survival rate of any time was quan-

tified through the reasoning of key unsafe behaviors for different types of crashes. The

results show that there were striking differences in the duration among different types of

crashes. The unsafe behaviors had a significant impact on duration for different types of

crashes. This study focused on the duration under the influence of unsafe behaviors before

the crash, and the results provide valuable information to prevent crashes, which can

improve traffic safety.

Introduction

Vehicle crashes are a serious problem affecting people’s safety and property. Therefore, how to

reduce the crash rate is a hot issue of extreme concern to people around the world. Crashes on

urban expressways are more serious than those on other types of urban roads because of the

larger volume of traffic and much higher speed on the former [1]. In order to prevent crashes

more effectively, it is important to analyze what leads to crashes in the first place, as well as to

explore the characteristics of crashes.

Urban expressway crashes are caused by many factors, including the driver [2,3], vehicle

[3,4], road [5,6], traffic conditions [3,5,6], and environment [2,3,6,7]. The driver’s behaviour

choice while driving is the dominant factor related to the occurrence and the severity of crash

[8,9]. When a driver is traveling on an urban expressway, they can choose to change lanes,

brake, or use the emergency parking brake in different traffic circumstances from time to

time. In this process, if unsafe behavior is displayed, the risk of crashes will increase [10]. The
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driver’s unsafe behaviors related to crashes on the urban expressway closely, which primarily

contribute to traffic crashes [11–13]. Therefore, it is important to study various drivers’ behav-

iors before the collision.

If a crash occurs on the urban expressway, unsafe behavior is often to blame [8,9] (Shaon

et al., 2018a, 2018b). Of course, even if there is unsafe behavior, a crash will not necessarily

happen, as the unsafe behaviors can be corrected in time, part of the crashes can be avoided.

The timing of unsafe behavior is particularly important.

There are many ways to study unsafe driving behaviors. Some scholars have done research

on unsafe behaviors using the traditional method of a questionnaire or a simulated driving

experiment [14]. Sullman et al. [15], Han and Zhao [16], and Shirmohammadi et al. [17] stud-

ied the crash risk level by a driving simulator. Figueira et al. [18] studied traffic crash risk level

by driving simulator. Li et al. [19] used questionnaires and driving simulators to estimate driv-

ers’ lane-change intent. However, there are some limitations to these two methods. There may

be an obvious difference in the authenticity between the answer obtained from the actual driv-

ing data and from the questionnaire. Moreover, the driving simulation experiment is carried

out in virtual conditions, which are significantly different from the real road traffic environ-

ment, which is complex and variable.

It is advantageous to study drivers’ unsafe behaviors through crash videos, which help over-

come the shortcomings of questionnaires and simulation experiments. The full story of the

crash can be successfully reproduced in the video. The crash video gives an insight into the

dynamic process of the crash in an actual road environment, and it can be repeatedly reviewed

to study the cause of the crash. Some scholars have done some studies about driver’s unsafe

behaviors by video on the cause of the crashes, as shown in Table 1. However, various types of

crash analysis on the urban expressway through video have not been carried out through crash

video widely yet, as the video of a crash is difficult to obtain for the appointed road type.

By reviewing the video image of crashes, we can determine the sequence of events leading

to the crash, the duration of the crash, and the outcome of a variety of unsafe behaviors. It is

appropriate to use survival analysis to carry out a multi-factor time-series study. Survival anal-

ysis is a statistical analysis method that combines the outcome, influencing factors of events,

and duration. At present, survival analysis is widely used in the fields of industry [25], national

defense [26], medicine [27], and transportation [28].

Survival analysis has some foundations in the field of traffic safety [29–31]. This method

can study the law of survival status and the change trend of survival rate, analyze various influ-

encing factors, and predict the survival outcome. For example, Pawar and Velaga [32] studied

the influence of various time pressures on reaction time with this method. Li et al. [33] com-

bined the competitive risk model with the survival analysis model to predict the crash dura-

tion. Niu and Ukkusuri [34] used survival analysis to assess different risks of truck drivers

engaged in hazardous goods transportation. Liu et al. [35] studied the duration of the

Table 1. Research in studying driver’s unsafe behaviors by video.

Author Time Video source Research contents

Piccinini et al. [20] 2017 On-board event data recorders The factors contributing to commercial vehicle rear-end conflicts

Asadianfam et al.

[21]

2020 Monitoring system of big data platform The drivers’ dangerous behaviors

Seppelt et al.

[22]

2017 Video from the Virginia Tech Transportation Institute The hazardous behaviors of near-crashs

Habibovic et al. [23] 2013 Video data from NDS in Japan The driving behaviors in human-car crashes

Gu et al. [24] 2019 Unmanned aerial vehicle video data The drivers’ crash risk at

interchange merging areas

https://doi.org/10.1371/journal.pone.0267559.t001
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punishment period for those who violated road traffic safety rules. Bagloee and Asad [36] stud-

ied crash influencing factors at the intersection of CBD using this method. Previous studies

have generally focused on the multiple factors that cause a crash. However, it is still not clear

how human factors affect the collision type and duration. To fill this research gap, this study

aimed to investigate the impact of crash patterns and drivers’ unsafe behaviors on urban

expressways using survival analysis.

This paper was organized as follows: in section 2, we extracted the data of crashes and driv-

ers’ unsafe behaviors from the videos and presented a clear definition of each unsafe behavior.

In section 3, we introduced the research methods adopted, including survival analysis and cor-

respondence analysis. In section 4, we analyzed the corresponding relationship between crash

type and unsafe behaviors. By survival analysis, the influence of unsafe behaviors on crash

duration was studied, and discussed the results of the model in detail. The research conclusion

was presented in section 5.

Date

Crash videos were obtained from the public security traffic police department of Hefei in

China during the period from 2016 to 2020. In this paper, a total of 223 pieces of video data

were collected to understand the complete crash process on the urban expressway. The

selected crashes occurred in the main road and ramp area of several urban expressways in

Hefei.

Ethical statement

The study was approved by the public security traffic police department of Hefei and the

school of urban construction and transportation at Hefei university. Before implementing the

study, our research plan was discussed by several experts. They believed that the research con-

tents would not reveal personal information, nor would it have any negative social impact. As

a consequence, they agreed that the research plan was scientifically sound and feasible, and

comply with laws and regulations in China.

Traffic crash classifying

Urban expressway crashes can be classified into the following four types: sideswipe collision,

rear-end collision, hit object collision, and other kinds of crashes [37,38]. Other kinds of

crashes mainly refer to occasional illegal crashes on the expressway, e.g., illegally reversing

vehicles on the expressways or bicyclists driving on the expressways. Sideswipe collisions and

rear-end collisions accounted for 83.3% of the total number of urban expressway crashes.

These two types of crashes are the most common crashes in urban expressways [39]. These

four types of crashes are real crashes that come with the possibility of damaged vehicles, loss of

property, or casualties. In contrast, this paper collected and sorted out a total of 103 near-

crashes. A near-crash (Seacrist et al. 2020) is not a real crash; there are still unsafe behaviors

involved in a near-crash, but the timely correction of the unsafe behaviors prevents the crash

from happening. The distribution of each type of crash on urban expressway is shown in

Table 2 below.

Definition of unsafe behaviors

According to the dynamic process of the crash shown in the video, 14 unsafe behaviors were

identified in this study. Descriptions of unsafe behaviors are shown in Table 3. The 14 unsafe

behaviors are identified as follows.
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C1, speeding [40]. The design speed of the urban expressway is 80 km/h [41] A vehicle is iden-

tified as speeding if its operating speed exceeds 80 km/h.

C2, improper parking. Improper parking is identified as parking unreasonably in places where

stopping/parking is prohibited.

C3, straddling lanes without changing lanes. Based on the Road Traffic Safety Law of the Peo-

ple’s Republic of China, it is illegal to drive on traffic markings or shoulders of the road for

a long time. In a non-urgent situation, the limit of the time to collision (TTC), which is

widely used to evaluate safety for sideswipe collisions, is 5.5 s [42]. When the span exceeds

5.5 s, in a non-urgent situation, the vehicle is going straight without lane-changing behav-

ior, and the turn signal is not turned on. This behavior is identified as straddling lanes.

C4, conflict driving behavior. Driving in a dangerous or an aggressive way. The concrete mani-

fests of this behavior include that a vehicle driver tailgates another vehicle and forces it to

stop and get out of the way, speed up to prevent another vehicle from overtaking, flash their

high beams inappropriately, honk inappropriately, or make rude gestures to other drivers

[43].

C5, continuous changing more than one lane at a time. It is illegal to change lanes more than

one lane at a time.

C6, driving into a forbidden area. Vehicles are not allowed to drive into some traffic channel-

ized zones or emergency vehicle lanes in the scope of urban expressways.

Table 2. Distribution of various types crashes on urban expressway.

Collision types Frequency Ratio Non-collision Frequency Ratio

Sideswipe 70 58.3% Near-crash 103 100%

Rear-end 30 25.0%

Hit object 10 8.3%

Other types of crashes 10 8.3%

Sum 120 100% Sum 103 100%

https://doi.org/10.1371/journal.pone.0267559.t002

Table 3. The table of unsafe behaviors on urban expressway.

Number Unsafe behavior Frequency Percentage

C1 Speeding 4 0.8%

C2 Improper parking 15 3.1%

C3 Straddling lanes without changing lanes 21 4.4%

C4 Conflict driving behavior 25 5.2%

C5 Continuous changing more than one lane at a time 32 6.7%

C6 Driving into a forbidden area 41 8.5%

C7 Close following 10 2.1%

C8 Unsafe passing 35 7.3%

C9 Unsafe merging 20 4.2%

C10 Failure to turn on hazard warning lights 10 2.1%

C11 Failure to turn on signal when changing lanes 62 12.9%

C12 Queue-jumping 82 17.0%

C13 Distracted and inattentive driving 72 15.0%

C14 Lane change without checking the rearview mirror or not

scanning the road around

57 11.9%

https://doi.org/10.1371/journal.pone.0267559.t003
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C7, close following. Under uncongested road conditions, this condition applies when a vehicle

follows another vehicle with a distance less than a vehicle length, and it lasts for more than

5.5 [44].

C8, unsafe passing. In the off-ramp driving process, a vehicle accelerates off the main line and

into the ramp suddenly, slams on the brakes, or backs up.

C9, unsafe merging. In the on-ramp driving process, a driver fails to give priority to the main

road vehicles.

C10, failure to turn on hazard warning lights. A driver fails to turn on the hazard warning

lights in emergency situations, for example, when the visibility is less than 100 meters, the

vehicle malfunctions, a crash occurs, or the vehicle temporarily parks on the roadside.

C11, failure to turn on signal when changing lanes. A driver fails to turn on the turn signal in

advance when he makes a turn, changes a lane, prepares to overtake, or leaves a parking

place.

C12, queue-jumping. To define the queue-jumping behavior, the following rules should be

met. The initial horizontal distance between a lane-changing vehicle and a straight-moving

vehicle is less than 2.2 m. The maximum lateral acceleration of the straight-moving vehicle

is less than 0.07 g, and lane offset is less than 1.0 m. The maximum length of lane-change

process is no more than 75 m. The velocity of both lane-changing and straight-moving

vehicles should be more than 1 m/s [42].

C13, distracted and inattentive driving [1]. Distracted and inattentive driving refers to behav-

ior leading to missed observations of some kind, which in turn leads to a critical event of

‘timing’ (premature, late action, or no action) or (incorrect) ‘direction’. When the driver

lacks motivation to carry out their task in the best way possible, an object or sequence of

events diverts the driver’s attention, or the driver is used to ascertaining the environment

makes it difficult to discover changes [45]. The specific performance of this behavior

includes the driver’s failure to reduce speed in time or improper driving behavior in an

emergency. The discriminant method of driver’s failure to reduce speed in time is that,

accounting for possible unfavorable driving situation, the vehicle maximum deceleration is

set for 10 m/s2 and 8 m/s2 for dry and wet roads, respectively [46]. When the vehicle starts

to decelerate until it stops, the maximum deceleration does not reach the value [46]. The

vehicle is considered to fail to reduce speed in time. Improper driving behavior in an emer-

gency is another form of distracted and inattentive driving. This unsafe behavior means

that a driver improperly operates the vehicle when a vehicle in front changes a lane, which

leads to more vehicles being involved in a crash.

C14, lane change without checking the rearview mirror or not scanning the road around.

Before changing a lane, the driver should observe the situation from the rearview mirror in

advance to understand the situation on both sides of the car and behind. Making lane

changes without checking the rearview mirror or not scanning the road around is an unsafe

behavior.

In all crashes, 486 unsafe behaviors are recognized, as shown in Table 3. There is at least

one unsafe behavior behind every urban expressway crash, including near crashes. The average

number of unsafe behaviors in an urban expressway crash is 2.18. It can be concluded that

unsafe behaviors are closely related to crashes on urban expressway.
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Definition of crash duration

The crash duration is the period from the beginning of the crash trend to the moment when

the crash happens. For example, for a sideswipe collision, the crash duration is the period from

the moment when a vehicle shows the lane change trend to the moment when a crash occurs.

For a rear-end collision, the crash duration refers to the period from the moment when the

vehicle in front stops to the moment when the vehicle behind fails to slow down and brake in

time, and then there is a collision between vehicles. For a hit object collision, the crash dura-

tion is the period from the moment when a vehicle shows the lane change trend to the moment

when a crash occurs between a vehicle and a fixed object. For a near-crash, the duration has

two cases. One of the cases is that the duration is between the time for a front vehicle beginning

slowing down and the time when a rear-end crash is likely to occur. Alternatively, the other

case is that the duration starts when a vehicle has a tendency to change lanes, and it ends when

a sideswipe collision is likely to occur. The crash duration of each type could be displayed

according to the video.

Research methodology

Survival analysis

Survival analysis is a statistical analysis method that studies the relationship among duration,

outcome and numerous influencing factors. The outcome in this paper corresponds to an

expressway crash happening. The corresponding crash duration is the period from the normal

driving state to the occurrence of the crash. And various unsafe behaviors are taken as the

influencing factors. It is more consistent with the research content of this paper to use the

method of survival analysis.

There are three types of survival analysis: nonparametric analysis, semi-parametric analysis,

and parametric analysis [47,48]. Nonparametric analysis can estimate the survival function

and compare two or more groups of survival distribution functions. While this method ignores

the influence of variables. Besides, this model cannot give the risk rate at each time point [49].

Semi-parametric analysis is represented the relationship between influencing variables and

survival rate. The limitation of this method is the distribution of time (and risk function) is not

defined [46]. Parametric models can be used for multivariate survival analysis, and they can

better match the actual crashes [47]. When the distribution of survival time is known, the

parametric analysis method is more accurate and effective than the non-parametric analysis

method and semi-parametric analysis method [32]. This paper uses two methods, nonpara-

metric analysis and parametric analysis, to analyze the mechanism of crashes.

The Kaplan–Meier method (KM) [50,51] is the most commonly used nonparametric esti-

mation method. Assume that there are n samples and every sample has a duration of i (i�n).

In this study, the sample refers to each urban freeway crash, including near-crash. Sort samples

by pre-set time period mx, and mx refers to the longest duration of crash videos observed. The

estimate of the survival rate S(t) can be expressed as follows:

SðtÞ ¼
Y

ti�mx

ni � di

ni
ð1Þ

Where, mx is a period of time; ti is each simple duration belonging to mx; ni is the number

of all samples in this period; di is the number of failed samples in this period; S(t) is the survival

rate in this period.

The accelerated failure model (AFT) [29] is a type of parameter estimation of survival analy-

sis. It can judge the influence of unsafe behaviors on different types of crashes. When the
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distribution of duration is known, we can study how the explanatory variables affect survival

rate.

logðtÞ ¼ g1�z1 þ g2�z2 þ . . .þ oi ð2Þ

Where, t is the survival time of sample; zi is unsafe behavior covariant; gi is the coefficient of

covariant for zi;ωi is the random error.

The distribution of survival data was fitted. In this paper, curve fitting was conducted for

the duration of the sideswipe collision and rear-end collision. According to statistics of crash

duration from video image content, the Weibull curve distribution was found to be a good fit.

Therefore, the Weibull distribution was selected as survival distribution form in this study.

The risk function and survival function under a certain condition is shown as follows [52].

g ¼
1

p
ð3Þ

hðtjxÞ ¼ ðlPÞðltÞP� 1
ð4Þ

SðtÞ ¼ expð� ltgÞ ð5Þ

Where, h(t|x) is the risk function under a certain condition; S(t|x) is the survival function

under a certain condition; λ is the scale parameter; P is the shape parameter that determines

the mutative risk with time. λ can be condensed into the following form:

l ¼ exp½� ðg1 � z1 þ g2 � z2 þ . . .þ wiÞ�g� ð6Þ

Correspondence analysis

Correspondence analysis is a low-dimensional graphical representation used to find associa-

tions between rows and columns of a contingency table [53]. It can also reveal the differences

among all types of events. By projecting all parameters of each row and column into a two-

dimensional Euclidean space, the relationship of each row and column can be kept to the max-

imum extent. The process of correspondence analysis is as follows.

(1) Each unsafe behavior of every crash is obtained and represented by bivariate variables,

listed in the matrix, and obtain the corresponding contingency table.

(2) Divide n by all the elements to get the corresponding matrix.

p ¼ pij ¼ nij=n ð7Þ

r ¼ ðp
1�
; p

2�
; � � � ; pp�Þ

0
ð8Þ

c0 ¼ ðp�1; p�2; � � � ; p�qÞ ð9Þ

Where, p is the frequency matrix; r represents the last column in the table; c’ represents the

last row in the table.
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(3) The frequency diagonal matrix is shown below:

Dr ¼ diagðp
1�
; p

2�
; � � � ; pp�Þ ð10Þ

Dc ¼ diagðp
�1
; p
�2
; � � � ; p

�qÞ ð11Þ

Where, Dr is row contour matrix; Dc is column contour matrix.

(4) Get the total inertia. The total inertia can be used as a measure of the correlation between

row and column variables, such as the expression below.

The total inertia ¼
w2

n
¼
Xp

i¼1

Xq

j¼1

ðpij � pi�p�jÞ
2

pi�p�j
ð12Þ

(5) The diagram of correspondence analysis. A plane coordinate is constituted by the row con-

tours and a plane coordinate is constituted by the column contours, forming a two-dimen-

sional correspondence analysis diagram. The cumulative contribution rate of total inertia is

judged by correspondence analysis diagram. If the value is large, it means that the corre-

sponding analysis diagram could explain nearly all the variations of the total variables in the

table. Correspondence analysis method can also visually show the correlation between vari-

ous variables.

Analysis and results

Corresponding analysis

For different types of urban expressway crashes, the unsafe behaviors causing crashes are also

different. According to correspondence analysis, the relationship between different types of

crashes and unsafe behaviors can be clearly seen, as shown in Fig 1 below. The final corre-

sponding relation between crash types and unsafe behaviors is shown in Table 4.

As can be seen from the results, shown in Table 4, the corresponding relationship between

crash types and unsafe behaviors is obtained. The bigger the number, the stronger the correla-

tion. In each group of types of crashes, unsafe behavior variables greater than the average value

are selected. The sideswipe collision is associated with five variables: C5 (continuous changing

more than one lane at a time), C9 (unsafe merging), C11 (failure to turn on signal when chang-

ing lanes), C12 (queue- jumping), C14 (lane change without checking the rearview mirror or

not scanning the road around). Of these, C9 (unsafe merging), C11 (failure to turn on signal

when changing lanes), C12 (queue-jumping), C14 (lane change without checking the rearview

mirror or not scanning the road around) are displayed by the driver while steering. Most

crashes occur largely because the drivers do not use their turn signals correctly to give an

explicit prompt to vehicles in adjacent lanes. In other cases, crashes are mostly caused by the

unsafe behavior of queue-jumping. That is because that the driver does not look for the appro-

priate gap to change lanes, or does not observe the situation of the adjacent lane. Wang et al.

[42] analyzed queue-jumping behavior on urban expressway and drew the same conclusion.

These errors are an important cause of crashes.

The unsafe behaviors that cause rear-end collision are different from those of the sideswipe

collisions. C2 (improper parking), C4 (conflict driving behavior), C8 (unsafe passing), C13

(distracted and inattentive driving) are the main unsafe behaviors that induce rear-end colli-

sions on urban expressways. Piccinini et al. [20] came to the same conclusion, while in this
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paper, the classification of unsafe behaviors is more detailed. The rear-end collision is mainly

caused by the unsafe behaviors of followers, as the driver does not adjust the state fast enough

to respond to emergencies ahead.

The unsafe behaviors that cause hitting object crashes are as follows, and they are C6 (driv-

ing into a forbidden area), C13 (distracted and inattentive driving), C14 (lane change without

checking the rearview mirror or not scanning the road around). This kind of collision is

mainly caused by distracted driving, leading to the vehicle hitting the dividing medians or

guards on either side of the urban expressway.

For other types of crashes on urban expressways, C3 (straddling lanes without changing

lanes), C4 (conflict driving behavior), C13 (distracted and inattentive driving) are the main

behaviors that induce crashes. The number of such crashes is small.

Near-crash events are associated with six unsafe behaviors: C3 (straddling lanes without

changing lanes), C5 (continuous changing more than one lane at a time), C6 (driving into a

forbidden area), C13 (distracted and inattentive driving).

Fig 1. Corresponding analysis of unsafe behaviors for different types of crashes.

https://doi.org/10.1371/journal.pone.0267559.g001

Table 4. The corresponding relationship table between crash types and unsafe behaviors.

Types C9 C11 C14 C1 C5 C12 C7 C3 C6 C4 C10 C8 C13 C2 Average

Sideswipe 14 48 40 3 12 21 1 3 5 4 0 9 11 0 12

Near-crash 6 10 12 0 18 59 9 16 32 12 7 6 18 8 15

Hit object 0 1 2 1 0 0 0 0 3 0 0 1 8 0 1

Other types of crashes 0 1 0 0 0 1 0 2 0 2 0 0 5 0 1

Rear-end 0 2 3 0 2 1 0 0 1 7 3 19 30 7 5

https://doi.org/10.1371/journal.pone.0267559.t004
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Nonparametric survival analysis

This study took the sideswipe collision and rear-end collision to do survival analysis research.

These two types of crashes are the most common crashes in urban expressways [1]. The other

two types of crashes accounted for a small proportion and did not do survival analysis. Besides,

near-crashes were introduced for comparative analysis. For non-parametric survival analysis,

this study used the KM method. This method can estimate the survival probability of the crash

based only on the duration and the type of crash, instead of other variables. 203 samples and

their crash duration were obtained for analysis, including sideswipe collisions, rear-end colli-

sions, and near-crashes. The results are shown in Fig 2. For the log-rank test, the chi-square is

4.899, and the significance (sig) is 0.027. This means that the duration of these two types of

crashes is significantly different, so we should deal with them separately.

However, the KM curve provides discrete estimation of survival probability rather than suc-

cessive value. In addition, this method lacks the analysis of the crash process, so it is impossible

to know the influence of unsafe behaviors on the crash. In view of the above problems, the

parametric survival model could be used for further analysis in this study. The unsafe behav-

iors corresponding to different crash types were taken as research parameters.

Fig 2. The figure of non-parametric survival analysis method.

https://doi.org/10.1371/journal.pone.0267559.g002
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Parametric survival analysis

The Weibull AFT model was used to study the influence of each unsafe behavior parameter on

the risk of two types of crashes. The results of the sideswipe collision are shown in Table 5,

and the results of the rear-end collision are shown in Table 6. The estimate for each parameter,

standard error (SE), 95% confidence limit, P-value, and shape parameter (P) are obtained

from the analysis results. As the two tables shown, for both types of crashes, the shape parame-

ter P is greater than 1, which shows that the risk rate increases with time. With the increase in

crash duration, the survival probability of the crash decreases, which is consistent with the

actual road crash situation.

In the sideswipe collision, C5 (continuous changing more than one lane at a time), C9

(unsafe merging), C12 (queue-jumping), C14 (lane change without checking the rearview mir-

ror or not scanning the road around) are the four main factors that have a significant influence

on the crash duration. In the AFT model, the factors that have a significant influence on dura-

tion have a reduction effect, so the risk of crash will increase accordingly. The influence degree

of three unsafe behaviors on duration is also different. In particular, C12 (queue-jumping)

increase the risk by 319%, compared with not having this behavior, which make them the

most obvious influence. Accordingly, when C14 (lane change without checking the rearview

mirror or not scanning the road around) or C5 (continuous changing more than one lane at a

time) occurs, the risk rises by 144.9% or 139.5% higher than having displaying no such behav-

ior. C9 (unsafe merging) increases by 32.9% compared with those crashes without such

behavior.

Table 5. Analysis results of sideswipe collision.

Variable Estimate SE 95% confidence limit P-value

C9 1.329 0.559 0.232 2.425 0.018��

C11 -0.753 0.461 -1.657 0.151 0.103

C14 2.449 0.477 1.513 3.386 0.000���

C12 4.190 0.474 3.260 5.121 0.000���

C5 2.395 0.599 1.220 3.569 0.000���

log(scale) 0.714 0.062 0.591 0.837 0.000���

P (shape) 2.042

� for P value� 0.1.

��for P value� 0.05.

��� for P value� 0.01.

https://doi.org/10.1371/journal.pone.0267559.t005

Table 6. Analysis results of rear-end collision.

Variable Estimates SE 95% confidence limits P-values

C4 2.721 0.895 0.966 4.475 0.002���

C8 0.814 0.589 -0.340 1.970 0.167

C2 2.444 1.253 -0.012 4.901 0.051�

C13 1.813 0.430 0.969 2.657 0.000���

log(scale) 1.099 0.067 0.967 1.232 0.000���

P (shape) 3.004

� for P value� 0.1.

��for P value� 0.05.

��� for P value� 0.01.

https://doi.org/10.1371/journal.pone.0267559.t006
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In a rear-end crash, there are many key factors affecting the duration, such as C2 (improper

parking), C4 (conflict driving behavior) and C13 (distracted and inattentive driving). These

behaviors are positively correlated to the risks of crashes. C4 (conflict driving behavior)

increases by 172.1% compared with those crashes without such behavior, so it has the most

obvious impact of all the behaviors. Correspondingly, when C2 (improper parking) or C13

(distracted and inattentive driving) occurs, 144.4% and 81.3% increases in crash risk,

respectively.

In the Weibull-AFT model, when considering the influence of various unsafe behaviors on

different types of crashes, it is easy to obtain the survival rate curves of two types of crashes at

any moment. The results are shown in Fig 3. As can be seen from the figure, when unsafe

behaviors are taken into account, the distinction of these two types of accidents is more obvi-

ous, and there is no overlap between them at any time. For the same survival rate, the duration

of rear-end collision was shorter than that of sideswipe collision, and the cumulative survival

rate of sideswipe collision was higher than that of rear-end collision.

We went even further to get the estimated value of the survival rate at any time. Based on

survival function, the crash survival rate for both types of crashes could be obtained. For exam-

ple, when t = 3 s, the survival rate of the sideswipe collision is 39.06%. The survival probability

of rear-end collision is 29.52%. At the same duration, the survival rate of a rear-end collision is

lower than that of the sideswipe collision.

Fig 3 shows how the survival curves of the two types of crashes change with time. For side-

swipe collisions, the survival rate declines more rapidly within 6 s. The cumulative survival

curve has an inflection point at 6 s, the survival rate decreased rapidly between 0 and 6 s. It is

indicated that for most sideswipe collisions, the duration is within 6 s. For rear-end crashes,

the cumulative survival curve has an inflection point at 4 s. During the 4 s, the survival rate

Fig 3. The figure of parametric survival analysis method.

https://doi.org/10.1371/journal.pone.0267559.g003
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decreases rapidly with time. It is indicated that for most rear-end collisions, the duration is

within 4 s. For a driver, the correction of unsafe behavior needs to be completed within a short

time. Rear-end collisions are more difficult to avoid than sideswipe collisions.

In contrast to analyses of sideswipe collision and rear-end collision, when a sideswipe colli-

sion occurred, this was mainly due to having no time to correct unsafe behaviors (e.g., contin-

uous changing more than one lane at a time, unsafe merging, queue-jumping, lane change

without checking the rearview mirror or not scanning the road around). If the duration was

longer than 6 s, there was some time for a driver to correct unsafe behaviors, the risk was less,

and the accident rate was lower accordingly. For a rear-end collision, unsafe behaviors (e.g.,

improper parking, conflict driving behavior, distracted and inattentive driving) occurred in 4 s

timeframe were to be given adequate attention, which had a great influence on the accident

rate.

Conclusion

Unsafe behavior analysis is a hot topic in the field of traffic safety and keeps developing. In this

study, 14 common unsafe behaviors related to urban expressway crashes were identified. To

explore traffic unsafe behaviors that lead to crashes, correspondence analysis was used to find

correlations between unsafe behaviors and crash types. Subsequently, we used survival analysis

to study unsafe behaviors on each crash type, qualitatively and quantitatively. This part focused

on the two most common types of crashes on urban expressways: sideswipe collisions and

rear-end collisions.

Sorting out unsafe behaviors on urban expressways. The classification and definition of

unsafe behavior in this paper are different from previous literature. The unsafe behaviors stud-

ied in this paper are studied from the driver’s first perspective, which can more accurately and

intuitively display and restore the driver’s behavioral factors of the collision, and this factor

often makes the greatest contribution to the collision.

Important conclusions are summarized in the following. For different types of crashes on

urban expressways, the unsafe behaviors that induced crashes were also different. According

to correspondence analysis, different unsafe behaviors will affect different types of urban

expressway collisions. One type of collision is mainly affected by 3–5 main unsafe behaviors.

The same unsafe behavior can affect different types of collisions, such as C13. For different

types of collisions avoidance, the types of unsafe behaviors can be more clearly defined. There

are clearer guidelines for accident risk avoidance.

The analyses conducted with the survival analysis methodology yielded a clear picture of

the main behavior patterns causing crashes on urban expressways. The duration varied in dif-

ferent types of collisions. Unsafe behaviors could affect the duration. For the same survival

rate, the crash duration of a rear-end collision was less than that of a sideswipe collision. We

could also accurately identify the crash survival rate at any time t based on unsafe behaviors of

great significant impact.

For a sideswipe collision, the survival rate decreases rapidly in 6 s. The drivers could correct

unsafe behaviors during this time. For a rear-end collision, unsafe behaviors that occurred

within a 4 s timeframe were to be given adequate attention, which had a great influence on the

crash rate.

The video image displayed before the crash was more conducive to preventing urban

expressway crashes from the source, which was more active and effective than the prevention

after the crash. The analysis results of this paper are instructive for us to understand the char-

acteristics of expressway crashes, which can be used in various fields, such as traffic crash safety

prevention, traffic management, traffic policy making, and other fields. Future research should
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further expand the sample size of crashes. As this study focused solely on sideswipe collisions

and rear-end collisions, further research is recommended on the impact of various types of

crashes on urban expressways.
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