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A B S T R A C T

This study presents the work in predicting crash risk on expressways with consideration of both the impact of
safety critical events and traffic conditions. The traffic resilience theory is introduced to learn safety problems
from the standpoint of 1) considering safety critical events, such as traffic violations, as the safety disturbances,
and 2) considering safety resilience as the ability of the traffic, greatly associated with traffic conditions, to resist
critical events turning into crashes. The concept of safety resilience was illustrated qualitatively through si-
mulation experiments. Aimsun microsimulation software was used to simulate traffic conditions with safety
critical events (vehicle violations, in this paper) involved based on the geometric design of the G15 Expressway
in Shanghai. Based on data from the simulation experiment, a two-staged model was developed which classifies
crash risk status into three types including no-risk, low-risk and high-risk status. Modeling approach that relies
on the back propagation neural network method was applied. The performance of the model in prediction was
validated through the Receiver Operating Characteristic (ROC) curve test. Results indicated that the model
performed well in predicting crash risks in the simulated environment. After training the model, an extra si-
mulation experiment involving six additional tests was conducted. Results show that the traffic resilience theory
may work in explaining the relationship between traffic conditions, safety critical events and crash risk, which
are the key elements in road safety field. The introduction of safety resilience may inspire further exploration on
this topic in both research and practice. Meanwhile, the model can be used to predict and monitor risks on
expressways in a potentially more precise way.

1. Introduction

1.1. Traffic safety on expressway

Crashes on the highways result in huge loss of life and property due
to high lethality. For example, in 2016, 5947 of traffic fatalities and
11,956 of injuries happened on highways in China (PSM China, 2017).
Bureau of Transportation Statistics in the US Department of Transpor-
tation has reported that 35,092 crashes happened on highways, which
accounts for 96% percent of the total number (36,569) of road traffic
fatalities nationwide (US DOT, 2017). In Canada, 57% of fatal collisions
and 24% of injuries crashes in 2015 happened on rural locations which
include highways, and local roads with the speed limit exceeding
60 km/h (Transport Canada, 2015). Expressways are probably the most
dangerous among different types of highway in terms of severity due to
their high speed limit. Despite great attempts having been made, safety

issues on expressways are still a big concern in road safety area. For
example, expressway crashes contribute to 9.43% of the total death roll
and 31.49% of direct loss of property in China (PSM China, 2017).
Learning to improve expressway safety has remained a challenge for
researchers and practitioners.

Crash risk prediction helps investigate and solve safety issues, and
assist in improving operations and safety management. Different studies
have investigated different methodologies and proposed different
models to predict crash risk on expressways (Lee et al., 2002) (Golob
et al., 2004) (Golob et al., 2008) (Abdel-Aty et al., 2004) (Abdel-Aty
et al., 2005) (Shi et al., 2015) (Cai et al., 2018). For instance, Lee et al.
(2002) proposed an aggregated logarithmic linear crash risk prediction
model based on crash information and traffic flow data before and after
the crash. Golob et al. (2004) developed used a binary logistic model to
model expressway crash risk. The rapid growth in the Intelligent
Transportation Systems (ITS) industry, e.g. the development in new
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traffic sensing technologies, has made it easier for collection micro-
scopic traffic parameters in better learning traffic safety. Ahmed et al.
(2012) relied on information from the Automatic Vehicle Information
(AVI) to predict crashes using a Bayesian Logistic regression model. To
predict crash risk, a study conducted by Yu and Abdel-Aty (2013) used
the Road Traffic Management System (RTMS) to collect traffic data and
road alignment information such as gap time (Assad, 2013). Ahmed and
Abdel-Aty (2013) used both RTMS and AVI data to predict crash risk.

Among the studies, machine learning techniques have been proved
to be efficient in crash prediction (Golob et al., 2008) (Abdel-Aty et al.,
2004) (Abdel-Aty et al., 2005) (Pande and Abdel-Aty, 2006). Golob
et al. (2008) used the probabilistic neural network model based on non-
parametric Bayesian to predict the probability of traffic crashes on
expressways. Abdel-Aty et al. (2005) proposed a model that was trained
using probabilistic neural network to predict crash risk based on the
speed dispersion coefficient and the average occupancy rate. The model
had an accuracy of over 70% in crash prediction. Pande and Abdel-Aty
(2006) used the neural network classifier and was able to build a model
which had an accuracy of 75% with 34% in false positive rate. Ahmed
and Abdel-Aty (2013) introduced the stochastic gradient inference
machine learning method to predict crash risk and the model performed
well with an accuracy of 89% and a false alarm rate of 6.5%.

1.2. Traffic condition and human error

Previous research in crash prediction for expressway circumstances
has been focused on traffic flow status whose characteristics such as the
variation of the operational speed, the upstream occupancy, the var-
iation of flow, among others, have been regarded as the main con-
tributors to road safety (Lee et al., 2002) (Golob et al., 2004) (Golob
et al., 2008) (Abdel-Aty et al., 2004) (Abdel-Aty et al., 2005) (Pande
and Abdel-Aty, 2006) (Lee, 2003). However, safety critical events,
which are trigger for traffic crashes in most cases, have been under-
valued. Human errors lead to most safety critical events resulting 99%
of vehicle crashes (Hendricks et al., 2000). Vehicle moving violation is
one of the major types of human error that generates severe safety
critical events. Statistical evidences have proved that vehicle moving
violation is a major cause of expressway crashes, leading to 75% of road
crashes in China (Zhang et al., 2013), 50% of all fatal crashes in Europe
(Rothengatter, 1999), and 56% of fatal crashes in the United States
(AAA Foundation for Traffic Safety, 2009). Therefore, vehicle moving
violations should be considered when studying expressway safety.

However, not much has been done in studying expressway safety
with consideration of vehicle moving violations. While capturing
moving violations of vehicles and investigating their impact on traffic
in real traffic is difficult and dangerous for observers, traffic simulation

can be an effective approach to create virtual traffic scenarios which
mimics reality with considering vehicle moving violations.
Habtemichael and Santos (2014) used the VISSIM simulation software
and the SSAM model (Chen, 2009) to simulate moving violations and
investigate their impact on expressway safety. The study found that
violations lead to crashes with increased severity. Wang et al. (2017)
used Aimsun microsimulation software to simulate vehicle violations
and investigate their impact on crash risk on expressways. Results in-
dicated that the impact of violations increased with traffic volume.
Despite these attempts, much remains to be studied in understanding
the impact of vehicle moving violations on expressway safety.

The consequence of a vehicle moving violation under varied traffic
conditions changes due to the difference in factors such as the vehicle
speed that is closely associated to crash severity and time left for eva-
sive maneuvers which is closely related to crash probability. The traffic
condition and vehicle moving violation are two key elements that in-
teractively contribute to expressway crashes, especially considering
that the traffic condition on the expressway are always monotonous.
Finding a method that considers both of these two elements with their
relationship theoretically and statistically explained contributes greatly
for expressway safety evaluation and crash prediction purposes.

1.3. Immunity and safety resilience

Calvert and Snelder (2015) has recently published a journal on the
concept of traffic resilience. In their work, traffic resilience is con-
sidered as “the ability of a road section to resist and to recover from
disturbances in traffic flow”. Murray-Tuite (2006) considered safety as
one of the 10 main dimensions considered in traffic resilience. To il-
lustrate the role of safety resilience in transportation system, the study
refers to immunity in medical science. In medical science, as given in
Fig. 1a, the invasion of bacteria or virus1 and the immunity are the two key
elements for having an infection. Immunity, as defined in the Oxford
Dictionaries, is “the ability of an organism to resist a particular infec-
tion or toxin …” (English Oxford Living Dictionaries, 2018). Risk for
infection, defined in the Stedman's Medical Dictionary and accepted in
the North American Nursing Diagnosis Association, is “a state in which
an individual is at increased risk for being invaded by pathogenic or-
ganisms” (Stedman’s Medical Dictionary, 2006). The improved im-
munity of an organism reduces the risk for infection. According to the
definition given to resilience of traffic by Calvert and Snelder (2015),
safety resilience of traffic can be defined as:

the ability of a road section to resist from safety disturbances, or in
other words safety critical events, such as vehicle violations, driver
maneuver and judgement errors, or any other disturbances in traffic
which could result in a crash.

Traffic safety, presented in Fig. 1b, has a similar mechanism: safety
resilience is the “immunity” of the traffic system, safety critical events
are the “bacteria”, and the outcome of a crash is the “infection”. Crash
risk can be defined as the state in which the traffic is at increased risk
for having a crash. Safety critical events induce higher crash risk while
they do not necessarily result in crashes because the traffic has its own
ability, its safety resilience, to prevent crashes. Using traffic resilience,
the relationship between traffic, safety critical events and expressway
safety could be explained.

However, in building the theory of safety resilience, more con-
ceptual, methodological and mathematical explorations need to be
conducted. The mechanism between the ability of traffic in safety re-
silience, and the outcome of crashes and variables contributing to
crashes needs further and comprehensive investigation. Quantifying the
ability of safety resilience needs deeply exploration.

Fig. 1. Mechanism of infection and crash.

1 It can be the invasion of bacteria or virus, the existence of bacteria or virus
in the organism, or mutations in terms of cancer. The study just deals about the
invasion of bacteria or virus to make it less confusing to illustrate.
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This study aims to introduce the safety resilience theory to learn
traffic safety on expressways. For the illustration purpose, traffic en-
vironments are simulated using Aimsun microsimulation software
based on the work in (Wang et al., 2017) which allows adding vehicle
moving violations (as the safety critical event investigated) in the si-
mulation. This allows collecting data in sufficiently large quantity. To
model crash risk in a precise way, the back propagation neural network
machine learning method is applied in modeling crash risk status. The
model is two staged with the first stage identifying risk and no-risk
status, and the second stage identifying high-risk and low-risk status.
The back propagation neural network method was trained using the
traffic and risk information from a simulation experiment for each of
the modeling stage. To validate the performance of the model in crash
risk prediction, global accuracy, and the ROC curve metrics are tested.
The concept of traffic resilience is applied in explaining why increased
probability of crash (represented by averagely higher risk status) is
detected under higher traffic volume with a same violation input.

2. Methodology

The methodology of the study consists of four steps: 1) definition of
safety resilience of traffic; 2) the Aimsun Microsimulation software,
which is introduced to simulate traffic and vehicle moving violations on
the expressway; 3) modeling crash risk statues based on the traffic
conflict technique (TCT) and back propagation neural network (BPNN).

2.1. Aimsun microsimulation software

As being hard to find an efficient and accurate way to obtain traffic
information from entire road sections, traffic simulation was conducted.
The Aimsun software was used to simulate traffic on expressway in this
study (TSS, 1997-2014TSS, 1997-2014). Aimsun is widely used soft-
ware for traffic simulation (Wang et al., 2017). The software makes use
of the Gipps’ vehicle-following and lane changing models which helps
precisely mimic the behavior of vehicles in traffic (Chong et al., 2011)
(Pakha et al., 2009) (Barceló, 2014). The Application Programming
Interface (API) and the Aimsun Software Development Kit (SDK)
modules of Aimsun provide users a powerful and flexible simulation
platform. The API module offers users the option of improving the
default simulation settings by loading user-defined and third party
applications (TSS, 2011) (Vilarinho et al., 2014). Meanwhile, the SDK
module enables users to apply user-defined plugins to override the
default road user behavior models (TSS, 2014).

Traffic with vehicle violations was simulated based on the metho-
dology proposed previously by the same authors of this work (Wang
et al., 2017). Vehicle violation plugins, which is developed to assign
different violation models to selected vehicles, were developed using
the C++ programing platform, and loaded by the SDK module to the
simulation. Fig. 2 presents how the SDK module loads external behavior
model plugins (vehicle violation plugins). In each time step in the

simulation, the program first selects vehicles for the behavior models. If
external applications of behavior models are to be loaded, the SDK
module will load the external applications and apply it to the behavior
of the selected vehicles (otherwise, default internal models are used).
The program checks if all the selected vehicles have been updated with
the behavior model before moving on to the next time step. With these
plugins vehicle violation behaviors can be assigned to random vehicles
with an adjustable sample ratio or to targeted vehicles. More details
including the explanations, the procedures and the algorithms for the
vehicle violation simulation are provided in (Wang et al., 2017). Ac-
cording to (Wang et al., 2017), the safety impact of slow driving vio-
lations, referred to as violations made by drivers that they are driving
below the minimum speed limit in a non-congested traffic (Kerner,
2009) and impeding traffic, is the most significant among the three
main types of vehicle violations. The slow driving violation with ve-
hicles assigned a speed equal to 50% of the maximum speed limit
(100 km/h) was chosen as the vehicle violation type investigated in the
study for illustration purposes. Risk of rear-end collisions, which are the
most common type of expressway crashes (Khattak et al., 1998) and
also the type of crash that slow driving violations are mostly likely
related to (Wang et al., 2017), were explored.

2.2. Simulation calibration

The vehicle-following model in Aimsun is important to describe the
rear-end collision course. The vehicle-following model considers two
traits of the following vehicle: 1) intention to drive at an expected
speed, and 2) actual speed of the following vehicle. Gipps’ model in
Aimsun considers human factors of driver expectation and reaction and
accurately describes vehicle-following behavior in non-congested si-
tuations (Rakha and Wang, 2009). Meanwhile, it can be calibrated for
non-steady-state conditions related to aggressive driving or violations
(Rakha and Wang, 2009). To better describe the rear-end collision
course, the vehicle-following model for this study needs to be calibrated
based on data collected from the selected road section. The calibration
involved several main parameters in the Gipps’ vehicle-following model
which include: 1) the speed, and the maximum desired deceleration
rate (the maximum desired deceleration means most severe braking the
driver wishes to take) of the leader; 2) the speed, desired speed, reac-
tion time, and maximum desired deceleration of the follower; and 3)
the distance between the follower and the leader, and follower’s esti-
mate of the leader’s maximum deceleration (Vasconcelos et al., 2014).
The model was calibrated for two different conditions: 1) regular ve-
hicle-following conditions; 2) hard-braking conditions to avoid a crash.
Details of the calibration of the vehicle-following model are included in
the next section. Besides, as lane changing behavior is not investigated
in this study, defaulted Gipps’ lane-changing model in Aimsun is ap-
plied.

Fig. 2. Flowchart for the violation plugin (SDK module) (Wang et al., 2017).
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2.3. Modeling crash risk based on traffic conflict technique and back
propagation neural network

The traffic conflict technology has been used in different studies in
crash risk prediction. This section proposes a new crash risk prediction
model based on TCT and BPNN. The crash risk status which relies on
the observation of traffic conflicts is introduced as the measure of crash
risk on road sections. The BPNN machine learning method was applied
to model and determine crash risk status on different road sections. The
performance of the model was validated.

2.3.1. Traffic conflict and crash risk status
In TCT, time-to-collision (TTC) has been used as an important in-

dicator in crash risk analysis. For rear-end collisions (Fig. 3), once the
speed of the following vehicle exceeds the leading vehicle, there gen-
erates the possibility of a crash if they maintain their current speeds.
Then, TTC can be calculated by Eq. (2):

=TTC x t x t l
v t v t
( ) ( )

( ) ( )i
i i i

i i

1 1

1 (2)

where, TTCi is the TTC value for the i-th vehicle that could have a rear-
end collision with the leading vehicle, i-1, x t( )i 1 and x t( )i are the lo-
cations of the vehicles i and i-1 at time t, v t( )i and v t( )i 1 are the speeds
of the vehicles, >v t v t( ) ( )i i 1 , and li 1 is the length of the leading ve-
hicle.

TTC thresholds have been used to determine traffic conflicts. In the
literature, suggestions of TTC the threshold range from 1.5 s to 5 s
(Vogel, 2003). For instance, Hydén (1987) and Green (2000) set the
critical value of 1.5 s to identify severe traffic conflicts. Van der Horst
(1991) used a TTC threshold of 4 s to distinguish safety and unsafety
situations on the road. Li et al. (2016) suggested a TTC threshold of
2.3 s to determine conflicts related to rear-end collisions, and a
threshold of 2.8 s to determine severe conflicts related to side-impact
collisions. Since the perception-reaction procedure of the drivers is
crucial for the outcome of a road crash, the perception-reaction time
threshold of 2.5 s from the AASHTO (2015) was used as the TTC
threshold in the study. In other words, traffic conflicts are determined
as situations where the following vehicle has a chance of colliding with
the leading vehicle with a TTC of less than 2.5 s.

2.3.2. Crash risk status
For a given section of traffic or road, the risk can be presented based

on number of conflicts on this section during a certain period of time.
This study classifies crash risk status (Eq. (3)) of the road section stu-
died into no-risk, low-risk and high-risk according to numbers of conflicts
on this section:

=Crash Risk Status no risk low risk high risk{ , , } (3)

According to the crash risk status, safety situations on expressways
can be analyzed.

The crash risk status of zero risk is easily determined as situations
with no conflicts observed. Classifying low and high-risk is conducted
through the k-means clustering method using Matlab. The k-means
clustering method is an unsupervised machine learning algorithm that
classifies the targeted data (here, observed numbers of observed con-
flicts) into a given number (k, k = 2 in this study) of groups according
to similarities in their features (Li et al., 2004). Based on the threshold
determined from the clustering results, the crash risk status for road
section can be defined as:

=
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where, no of observed conflicts. is the number of conflicts observed on
the road section, nothreashold is the threshold generated from the k-means
clustering algorithm for determining the high-risk status and the low-
risk status.

2.3.3. Crash risk modeling and prediction
After crash risk status information being generated from the conflict

information of the road section studied, the crash risk can be modeled.
The study used the BPNN to model the crash risk.

2.3.3.1. Description of the back propagation neural network
algorithm. The BPNN algorithm is applied in building the crash
prediction model. BPNN is a multi-layer feed-forward network which
belongs to machine learning modeling approach. It is trained based on
error back propagation algorithm (Oh, 2011). The structure of the
model consists of three components including the input layer, the
output layer and a number of hidden layers with each of whom
composed of countless nodes that are interleaved and connected.

For solving engineering problems, a three-layer (one-hidden layer)
BPNN model can be sufficient in achieving satisfactory results. This
study relies on the three-layer multiple-layer feedforward perception
structure of BPNN algorithm for crash risk modeling. The structure of
the three-layer BPNN model is presented in Fig. 4.

2.3.3.2. Imbalanced data and SMOTE technique. In the field of machine
learning, imbalanced data leads to significant biases, which result in
low classification accuracy for the minor class. Therefore, having
balanced data is important in the data preparation for training
purpose. To deal with the imbalanced data problem, this paper uses
the Synthetic Minority Over-sampling Technique (SMOTE), which is an
over-sampling method to deal with the imbalanced data (Chawla et al.,
2002).

Fig. 3. Principle of TTC.
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To solve the problem of imbalanced data, the SMOTE method works
by “creating synthetic samples from the minor class” (Chawla et al.,
2002). The basic assumption of the SMOTE method is that samples of
the same type are close to each other in the pattern space. Based on the
assumption, synthetic samples are created in the area where the minor
class, = = …X X i k{ }, ( 1,2, , ,i where k is the number of samples in the
minor class ), falls in the pattern space. For a sample in the minor class,
Xi, there are similar instances around this sample,

= = …Y Y j m{ }, ( 1,2, , ,ij where m is the number of selected instances ).
For interpolating the synthetic samples, the method using distance
measure (the “distance” in the pattern space) is applied, presented in
the number line (one-dimensional space) as:

= + ×P x rand y x(0,1) ( )ij i ij i (5)

where, Pij is the position of the synthetic sample, xi is the position of the
sample, Xi, yij is the position of the instance close to the sample, Yij,
rand (0,1) is a number randomly picked from 0 to 1.

In this study, the procedure of data balancing is conducted using the
Matlab SMOTE algorithm.

2.3.3.3. Modeling crash risk. Considering the three different status level
determined in two different steps, the modeling approach is two staged:
1) stage one – classifying the no-risk status and the risk status; 2) stage
two – classifying the risk status into the low-risk status and high-risk
status. The BPNN model is applied in each stage. Traffic information
including traffic volume, vehicle average speed, and average occupancy
rate are the inputs, while classification results are the outputs.

In this study, to model the crash risk status, the BPNN algorithm was
trained and tested based on the traffic and the crash risk status data
from the traffic simulation for both of the two stages. The Matlab
Neural Network Toolbox was used in modeling. For each stage, records
were randomly divided into the training set (70%), the validation set
(15%) and the test set (15%). The BPNN algorithm was trained based on
the training and validation sets using the holdout validation method, as
illustrated in Fig. 5, for each of the modeling stage. The model which
had the best prediction performance on the validation set was selected
as the trained model. Then the performance of the model was tested on
the test set.

2.3.4. Model validation
For model validation, the ROC curve test is used to investigate the

model prediction performance and derive metrics. In the study, the
performance of the trained model for the two stages was validated on
the test set. Some existing studies in modeling crash risk using machine
learning techniques have validated performance of their models based
on the overall dataset (Abdel-Aty et al., 2004) (Ahmed et al., 2012)
(Pande and Abdel-Aty, 2006). For comparison purpose, the perfor-
mance of the model on the overall dataset in each modeling stage was
also validated.

The confusion matrix is introduced. In both the two modeling
stages, only two classes are included (stage 1, no-risk and risk; stage 2,

high-risk and low-risk). In other words, they are considered as binary
classification problems. Table 1 presents the confusion matrix in binary
case.

The commonly applied metric is the accuracy defined as the pro-
portion of correct predictions which is presented in Eq. (4).

= +
+

×TP TN
P N

Accuracy 100% (6)

However, the accuracy is not sufficient to report the performance
for two-class classification (binary case). The performance of the model
is also evaluated using the Receiver Operation Characteristic (ROC)
curve (Xu et al., 2015). ROC curve relies on the true positive rate (TPR)
and the false positive rate (FPR) in the confusion matrix. Area Under
Curve (AUC) of the ROC curve, which has been often used in the ma-
chine learning field for model validation (You et al., 2017), is used to
present the performance of the classifier (the trained model). In per-
formance validation, an increased AUC value indicates better prediction
accuracy.

In the study: 1) In stage 1 - risk status is the positive, while no-risk is
the negative; situations with risk status being detected as no-risk status
are false negatives, while situations with no-risk status being detected
as risk status are false positives. 2) In stage 2 - high-risk status is the
positive, while low-risk is the negative; situations with high-risk status
being detected as low-risk status are false negatives, while situations
with low-risk status being detected as high-risk status are false posi-
tives. Results for both the two stages are included.

3. Simulation experiment and data preparation

3.1. Simulation experiment

3.1.1. Simulation scenario
To illustrate the methodology in crash risk modeling and the con-

cept of traffic resilience, a simulation experiment was conducted by
Aimsun. The simulation scenario, as shown in Fig. 6, was based on the
geometric design of a section of the G15 Shenhai Expressway in
Shanghai, China. The simulated section is 5 miles in length with two
lanes in each direction. The simulation only investigates traffic travel-
ling from south to north. The simulation experiment excluded any on-
or off-ramps to avoid the impact of merging vehicles on traffic. This
expressway section has a design speed of 120 km/h with a posted speed
limit of 100 km/h. 10 virtual loops were placed on the section at in-
tervals of 0.5 miles for collecting traffic information in the simulation
experiment. In the experiment, three different traffic conditions were
included: the low volume condition (2000 veh/h), the moderate vo-
lume condition (2500 veh/h), and the high volume condition (3000
veh/h). The rates for different types of vehicles in the simulation were
set according to the real-road traffic data collected from the G15
Shenhai Expressway. To illustrate safety resilience of traffic, vehicles
conducting slow driving violations were simulated and distributed in
the traffic using the violation plugins proposed in (Wang et al., 2017).
For details of the simulation progresses and the plugins for simulating
violating vehicles, one can referred to (Wang et al., 2017).

3.1.2. Calibration of vehicle-following model
3.1.2.1. Regular vehicle-following conditions. The Gipps’ vehicle-
following model was calibrated in the simulation for the regular-
vehicle following conditions. Table 2 presents the variables, provided
in Section 2.2 and their units and definitions included in the Gipps’
vehicle-following model. The model was calibrated using data collected
from the selected road section. To collect the data for calibration
purpose, five participants were employed to drive two equipped
vehicles along the selected road section and asked to follow each
other. The vehicles were equipped with contactless fifth wheel sensors
(FMCSA, 2003), as shown in Fig. 7, to record their speeds during the
data collection. Participants took turns for the conducting the trips,

Fig. 4. Structure of the three-layer BPNN.
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totalling to 10 trips (two participants each trip with one in the leading
vehicle and the other in the following vehicle, non-repeatedly). Each of
the participants drove twice – the first time in the leading vehicle and
the second time in the following vehicle.

In each trip, the driver in the leading vehicle was asked to drive at a
regular speed of 70–110 km/h. The actual speeds of the leading vehicle
(vl) and the following vehicle (vf) were recorded using the fifth wheel
sensor installed on them. The distance between the two vehicles (L) was
measured using a LiDAR gun and recorded manually. Table 3 shows a

sample of the collected speed and distance data.
To get the leader’s speed that the follower estimated (vl_e), the

driver in the following vehicle was asked to speak out his estimation of
the leading vehicle by referring to the speedometer every 15 s, which
was designed to allow an observer sitting in the leading vehicle to re-
cord the actual (vl) and estimated speeds (vl_e) of the leading vehicle at
the same time.

In the uncalibrated Gipps’ vehicle-following model, the speed of the
leading vehicle estimated by the follower (vl_e) is defaulted to be the
same as the actual speed of the leading vehicle (vl). Crash risks will be

Fig. 5. Model training with holdout validation.

Table 1
Confusion Matrix and Basic Terms.

Predicted Class

Positive Negative

True Class Positive True Positives
(TP)

False
Negatives
(FN)

Negative False Positives
(FP)

True
Negatives
(TN)

False Positive
Rate (FPR)

=
+
FP

FP TN
Positive Predictive
Value (PPV)

=
+

TP
TP FP

Fig. 6. Aimsun interface of the simulated expressway section.

Table 2
Main Variables in the Gipps’ Vehicle-following Model.

Variables Unit Definition

vl m/s initial speed of the leader
Vf m/s initial speed of the follower
vf_d m/s desired speed of the follower
vl_e * m/s follower's estimation of the leader’s speed
L m distance between the two vehicles
r_tr * s reaction time of the follower
r_al * m/s2 maximum desired deceleration of the leader
r_af * m/s2 maximum desired deceleration of the follower

Note: * represents that the market variables need to be calibrated; other vari-
ables are automatically generated during the simulation.
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lower compared to real traffic conditions because the follower can al-
ways react properly to the leading vehicle based on the uncalibrated
model. However, errors exist for the following driver to estimate the
speed of the leading vehicle (vl_e). Such errors in estimation bring in-
creased crash risks. The study took consideration of the existence of the
follower’s estimation errors in speeds of the leaders by investigating the
distribution of estimation errors using data collected from real traffic
conditions. Table 4 shows a small sample of the speed information and
errors between the actual and estimated speeds of the leading vehicles.
Based on the data, the overall relative error is 8.7%. The distribution of
the relative estimated speed (the estimated speed divided by the actual
speed, vl

vl
_e ) approximates a normal distribution, N˜ (0,8.7%)vl

vl
_e . This

normal distribution was applied in the calibrated model to predict the
estimated speed of the leading vehicle by the driver in the following
vehicle (vl_e), in predicting the speed of the following vehicle, given the
actual speed of the leading vehicle. For more calibration details, one
can refer to (Wang et al., 2010)

Other parameters were also calibrated. As information of driver
reaction time is hard to collect, driver reaction time of the following
vehicle (r_tr) in regular vehicle-following conditions was assigned a
normal distribution, r tr N_ ˜ (1.1,0.16), according to a Chinese study (Xu
and Tian, 2007). For regular vehicle-following conditions, maximum
desirable decelerations of both the leading vehicle (r_al) and the fol-
lowing vehicle (r_af) in the simulation were set to be 2.5 m/s2, the
comfort deceleration above which the deceleration maneuver is con-
sidered as non-comfort (Liu et al., 2018).

3.1.2.2. Hard-braking conditions. Traffic conflicts happen when some
safety critical events (e.g. vehicle moving violations) happen in a car
following situation. Avoiding a collision in the traffic conflict context
always requires the driver of the following vehicle to decelerate at the
maximum possible rate. Such situations can be defined as hard-braking
conditions. In this simulation experiment, hard-braking conditions
happen when other vehicles come close to, and get involved in a
vehicle-following situation with vehicles conducting a slow-driving
violation.

In hard-braking conditions, neither the Aimsun defaulted vehicle-
following model, nor the calibrated model for regular vehicle-following
conditions, works properly. Different calibrations were conducted. A
normal distribution was used to describe the deceleration of the fol-
lowing vehicle (a_l). The deceleration of following vehicle can be de-
scribed as a l N_ ˜ (5.2,1), with a mean of 5.2 m/s2 and a variance of 1 m/
s2 according to (Carbaugh et al., 1998). Besides, driver reaction time of
the following vehicle (r_tr) was assigned a log-normal distribution of
LN (0.17, 0.44), suggested by (Wang, 2002).

3.1.3. Simulation test
The three traffic conditions with slow driving violations were si-

mulated. Each situation was simulated 30 times, of which it takes
10 min apiece. Each 10-minute test was assigned with one violating
vehicle which enters from the south of the section in the beginning of
the test (the 10 min length was set to allow the violating vehicle to cross
the whole section). Considering the road section was empty when
starting the simulation, there remained some warm-up time in the be-
ginning of each test but was excluded from the 10 min to guarantee the
quality of the study. Within each test, traffic information and number of
conflicts on the entire road section during each 30 s were gathered from
the recorded virtual loop and vehicle trajectory data. This results in 20
observations for each of the 30 tests, for the 3 traffic conditions, total of
1800 observations.

3.1.4. Data collection
Raw data were collected from the simulation including the traffic

information and vehicle trajectory data. This section gives detailed
descriptions about the data extracted from the simulation experiment,
including both traffic data and vehicle trajectory data.

3.1.4.1. Traffic information. Traffic data were collected from the 10
virtual loop detectors. From the loop data, traffic information of the
road section at each 30-second interval was collected. Traffic
information includes the location (the number of the detector), time,
and average traffic volume, average speed and average occupancy rate
during each 30-second interval. Table 5 shows a sample of the traffic
information.

3.1.4.2. Vehicle trajectory information. Traffic conflict analysis is

Fig. 7. Test vehicles equipped with fifth wheel sensors.

Table 3
Sample of Collected Data in Vehicle-following Conditions.

vl (m/s) vf (m/s) L (m) vl (m/s) vf (m/s) L (m) vl (m/s) vf (m/s) L (m)

75.6 72.3 42.8 82.8 80.8 48.3 85.6 89.5 45.5
76.9 74.5 43.7 83.7 81.0 49.0 85.9 88.7 44.5
77.8 75.0 44.3 83.7 83.4 49.3 85.6 89.2 43.7
77.1 77.0 44.8 85.3 84.5 49.3 85.1 86.6 43.0
79.2 76.6 45.2 85.7 86.7 48.9 85.3 86.5 42.6
80.5 77.4 45.7 86.8 87.5 48.3 85.5 84.8 42.6
… … … … … … … … …

Table 4
Sample of Errors in Follower’s Estimation of the Leader’s Speed.

vl (m/s) vl_e (m/s) Error (m/s) Relative Error (%)

87.1 80 7.1 8.9
84.8 85 −0.2 0.2
97.1 90 7.1 7.9
77.6 85 −7.4 8.7
79.0 80 −1.0 1,3
84.8 85 −0.2 0.2
70.6 80 −9.4 11.8
91..4 80 11.4 14.3
99.1 85 14.1 16.6
102.3 100 2.3 2.3
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conducted based on the position and speed information of the vehicles;
therefore, vehicle trajectory information is required. For ensuring the
quality of the trajectory information, the simulation step in the
experiment was set to be 0.1 s, which is the minimum in the Aimsun
program. Information of the vehicles on the entire road section,
including the time (the number of the step), vehicle ID, position,
speed, number of the lane and the time it enters the road section, was
recorded for each step. A sample of vehicle information was provided in
Table 6.

3.2. Data preparation

3.2.1. Conflict information and risk status clustering
Based on the trajectory data, TTC values between vehicles in traffic

were calculated and numbers of conflicts occurred on the road section
during every 30-sec period were extracted. Descriptive statistics of the
observations were provided in Table 7. In total, 1800 observations were
obtained. Among them, 1543 had no conflict, while the rest 257 were
with conflicts detected.

Based on the number of conflicts, the k-Means clustering method
was applied to define the threshold for determining the high and low
risks statuses. The result from clustering is presented in Fig. 8. From the
result, situations with 5 or more conflicts observed were determined as
those with high-risk status, while situations with conflicts observed but
the number of conflicts less than 5 were those with low-risk status.
Table 8 gives the descriptive statistics of the risk status observations.

3.2.2. Data balancing
After risk status data were obtained for analysis purpose, balanced

data are required in the machine learning process. In the first modeling
stage in this study, when using the BPNN algorithm to determine risk
and no-risk status, the two sample classes were not balanced with an
approximate ratio of 1:6 (risk: no-risk), as from Table 8. Therefore, data
should be balanced for the first stage. Checking it for the modeling in
stage 2, the ratio between the sample sizes of high-risk status and low-
risk status is about 1:1, indicating quite well-balanced data.

Data balancing was conducted for the first modeling stage using the
SMOTE sampling method. After data balancing, the sample size of risk
status was increased to 1542 which brought and the ratio between the
sample sizes of risk status and no-risk status to be 1:1. The total number
of the sample increased to 3085. The Mann-Whitney U nonparametric
test was conducted to validate the results from the oversampling (You
et al., 2017). Results from the Mann-Whitney U nonparametric test are
given in Table 9. Data has 31 variables, which include the risk status

Table 5
Sample of Traffic Information.

Data Average Speed(km/h) Volume(/veh) Average
Occupancy Rate
(%)

Time 1 … 10 1 … 10 1 … 10

1st 30 sec 107.552 … 98.629 20 … 12 3.449 … 3.705
2nd 30 sec 104.384 … 107.990 13 … 16 5.927 … 4.752
… … … … … … … … …
20th 30 sec 97.677 … 106.356 15 … 17 3.780 … 6.558

Table 6
Sample of Vehicle Information.

Time
(/0.1 sec)

Vehicle ID Position (m) Speed (km/
h)

Lane Time of Entrance
(/sec)

… … … … … …
3952 392 861.042 105.137 1 443.817
3952 393 752.267 101.485 1 446.615
… … … … … …

Table 7
Descriptive Statistics of Conflict Number Observations.

No. of
Obs.

Median Std. Dev. Max. Min. No. of
conf. = 0

No. of conf. >
0

1800 4 3.4 18 0 1543 257

Fig. 8. Result from k-means clustering.

Table 8
Descriptive Statistics of Crash Risk Status.

No. of Obs. No. of No-risk
Status

No. of Low-risk
Status

No. of High-risk
Status

1800 1543 137 120

Table 9
Mann-Whitney U test results for SMOTE samples.

Variable Significance - p value Mann-Whitney U test* Result – 0, pass; 1, fail

V1 0.330 0
V2 0.589 0
V3 0.874 0
V4 0.771 0
V5 0.701 0
V6 0.941 0
V7 0.901 0
V8 0.855 0
V9 0.745 0
V10 0.586 0
V11 0.706 0
V12 0.746 0
V13 0.680 0
V14 0.782 0
V15 0.926 0
V16 0.739 0
V17 0.793 0
V18 0.865 0
V19 0.798 0
V20 0.912 0
V21 0.966 0
V22 0.767 0
V23 0.723 0
V24 0.700 0
V25 0.870 0
V26 0.710 0
V27 0.786 0
V28 0.989 0
V29 0.807 0
V30 0.970 0
V31 0.977 0
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variable (V1 in the table) and the 30 traffic information variables
(average speed, volume, and average occupancy rate collected from the
10 virtual loop detectors, V2 – V31 in the table). Using the Mann-
Whitney U test, the significance of the difference for each variable is
compared. Results show the p values for all variables are greater than
0.05, indicating a good oversampling result.

4. Modeling results

4.1. Modeling performance

Based on the 3085 records including the risk status information, as
the dependant variable (output layer), and the traffic information (as
the input layer), the BPNN model was trained for the two modeling
stages. In stage one, 3085 records were randomly divided into a
training set with the size of 2159, a validation set with the size of 463,
and a test set with the size of 463. In stage two, the 257 records with
risk status were divided into a training set with the size of 180, a va-
lidation set with the size of 39, and a test set with the size of 38. Models
for the two stages were trained based on the training and validation
sets. The performance of the trained models was validated on both the
test sets, and the overall datasets.

Figs. 9 and 10 present the ROC curve for the two modeling stages.
Checking from the figures, the performance of the models in both the
two stages stays constantly reliable on the training, validation and test

sets. The metrics from ROC curve analysis for the model performance
on the test sets are given in Table 10. The trained models performed
well in predicting crash risk status for both two stages. For the model in
identifying risk and no-risk status, TPR, AUC and accuracy reaches
70.79%, 0.75 and 67.79% respectively. FPR value is 35.22% which is
reasonable. For the model in identifying high-risk and low-risk status,
TPR, AUC and accuracy values are 82.33%, 0.93, and 86.62%, and FPR
is 11.18%, showing a good modeling performance.

Table 11 presents the metrics from the ROC curve analysis the
overall datasets for both the two stages. The TPR values for both of the
two models (75.51% for modeling risk and no-risk status, and 83.02%
for modeling high-risk and low-risk status) are either similar or higher
than what was given in the previous studies on crash prediction mod-
eling (Abdel-Aty et al., 2004) (Ahmed et al., 2012) (Pande and Abdel-
Aty, 2006). Meanwhile, the FPR values, which are 30.71% for the
model in identifying risk and no-risk status and 7.61% for the model in
identifying high-risk and low-risk status, are remarkably lower than
results from previous studies (Abdel-Aty et al., 2004) (Ahmed et al.,
2012) (Pande and Abdel-Aty, 2006). AUC values from the ROC curve
test reach 0.78 for modeling risk and no-risk status, and 0.95 for
modeling high-risk and low-risk status, also indicating outstanding
performances of the models compared with other existing literature (Yu
and Abdel-Aty, 2013). From validation results, the two staged modeling
method and the models generated perform reliably in predicting crash
risk status.

Fig. 9. ROC curve of risk and no-risk model.
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4.2. Model output and discussion on safety resilience

For the purpose of qualitatively investigation the relationship be-
tween traffic environment, crash risk and traffic resilience, an extra
simulation experiment was conducted. The experiment involved three
10-minute tests for the three different traffic conditions (2000 veh/h,
2500 veh/h and 3000 veh/h) with a violating vehicle (a vehicle con-
ducting slow driving violation) driving through the road section, and
three additional 10-minute tests without the violating vehicle. Based on
the proposed methodology and the models, crash risk status on the road
section through the 10-minute tests can be predicted. For comparison,
another set of tests was included involving three tests without viola-
tions. Results of the crash risk status for the road segment under the
three different traffic conditions with and without violation can be vi-
sualized using a colored chart, as presented in Fig. 11. Here in the chart,
time is set on the vertical axis from top to bottom. Each block in the
vertical direction represents a 30-sec interval, which is the time interval
for crash risk analysis. Scenarios with different traffic volume are as-
signed along the horizontal axis. In this chart, observations with no-risk
status are marked in green, those with low-risk status are colored in
yellow, and the ones with high-risk status are painted in red.

Checking from the chart, with the defaulted settings of the Aimsun
simulation which considers no safety critical events, traffic safety re-
mained quite stable with no-risk status observed throughout the tests.

Fig. 10. ROC curve of high-risk and low-risk model.

Table 10
Validation Results on Test Sets - Metrics from ROC Curve Method.

Stage 1 – Modeling Risk and No-risk

TPR FPR AUC Accuracy

70.79% 35.22% 0.75 67.79%

Stage 2 – Modeling High-risk and Low-risk

TPR FPR AUC Accuracy

82.33% 11.18% 0.93 86.62%

Table 11
Validation Results on Overall Datasets - Metrics from ROC Curve Method.

Stage 1 – Modeling Risk and No-risk

TPR FPR AUC Accuracy

75.51% 30.71% 0.78 72.43%

Stage 2 – Modeling High-risk and Low-risk

TPR FPR AUC Accuracy

83.02% 7.61% 0.95 88.85%
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However, after adding violating vehicles, crash risk changes sig-
nificantly overtime and varies greatly for the three traffic flow condi-
tions. The test with high volume condition had the most critical situa-
tion with several occurrences of high-risk status, while the one with low
volume condition remained constantly safe with no-risk status ob-
served. No crash happened during the simulation. Violations bring in-
creased risk in traffic. The safety resilience of traffic helps reduce crash
risks and prevent crashes from happening at the occurrence of viola-
tions. However, because of the change in the safety resilience for dif-
ferent traffic and environment conditions, the impact of violations on
crash risk varies among different conditions. In this case, the low traffic
condition has the highest resilience resulting in lowest crash risk, while
the high traffic condition has the lowest resilience resulting in highest
crash risk.

5. Conclusion

This paper proposed the concept of safety resilience to learn traffic
safety on expressways. For illustration, a simulation experiment was
conducted to generate expressway traffic scenarios. Slow driving vio-
lations are selected as the representative safety critical events. To build
a model in describing crash risk status on expressways, a methodology
based on the BPNN method is presented. A two-staged modelling ap-
proach was applied: traffic conditions with risk and no-risk status were
modeled in the first stage; among the conditions with risk, those with
high-risk and low-risk status were identified using the model in the
second stage. The models were trained based on data from a traffic
simulation experiment conducted on the Aimsun simulation software.
The modeling results were tested through the ROC curve method. The

concept of safety resilience of traffic was proposed to explain the re-
lationship between traffic conditions, safety critical events (of which
vehicle moving violation is a major type), and crash risks. An extra
simulation experiment involving six additional simulation tests was
conducted to illustrate qualitatively the safety resilience. Several key
conclusions can be drawn:

• Validation results show that the two-staged model performs well in
predicting crash risk on expressways. The model outperformed the
ones included in most of the previous studies relying on traffic si-
mulation experiments, as it considers vehicle violations in pre-
dicting crash risk with adding traffic violations as a simulation
input.

• Idea of traffic resilience seems to work well in explaining the re-
lationship between traffic conditions, safety critical events and crash
risk, which are the key elements in road safety field. Safety critical
events brought about the risk in traffic, while the traffic environ-
ment has its own immune system, the resilience, to prevent these
events developing into crashes. Therefore, safety critical events and
traffic resilience function together, and are two main factors that
decide crash risk on the road.

• Results from the experiment show that scenarios with different
traffic conditions but same vehicle moving violation added have
observably different crash risk outcomes. This indicates the differ-
ence in the ability of different traffic environments in resisting to
traffic violations.

As key contributions, the paper proposed a model that considers
both violations and traffic conditions in crash prediction on

Fig. 11. Crash risk status under three traffic situations over a 10-min simulation test.
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expressways, which are two key elements in road safety studies but yet
not much been explored with both their impacts considered together.
The model trained on the machine learning method of BPNN performed
well in predicting crash risk. This model can be used for researchers and
practitioners to predict and monitor risks on expressways in a poten-
tially more precise way, if it is trained on real-road traffic data and
calibrated using historical crash data. By introducing traffic resilience,
the study offers an interesting and promising insight in learning road
safety problems. Traffic resilience functions as the immunity of the road
network that helps prevent crashes.

However, limitations exist in this study and should be further in-
cluded in future studies. Without traffic data collected from the road
section used in the simulation, we were not able to fully calibrate the
simulation. Though the use of the virtual and simplified simulation
scenario is able to serve the purpose of the study in illustrating the
model and the concept of traffic resilience, the simulation should be
better calibrated and the model should be further trained and validated
using traffic data from real road environments with the help of new
technologies such as computer vision and LiDAR techniques (Atev et al.,
2005; St-Aubin et al., 2015; Tarko et al., 2017). Slow moving vehicles
with different speeds may have different impacts on freeway safety, but
such impacts have not been extensively investigated in this study. A
sensitivity analysis for different speeds of slow moving vehicles can be
performed using the simulation software. In addition, environments
with other types of moving violations will be further investigated with
developments in simulation tools. Despite rear-end collisions are the
most common type of crashes on expressways, other collision types
need to be considered in future work. As being promising in crash
prediction, the approach using machine learning techniques in crash
risk analysis will be further explored with different advanced machine
learning methods applied and tested. The safety resilience of traffic will
be deeper explored both theoretically and practically. Finding proper
methods to quantify and identify indicators to explain the safety resi-
lience can be an interesting topic to study.
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