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Traffic safety represents a significant challenge for current,
transitional, and future transportation systems, where the
advanced communication and automation systems within
vehicles and in the road infrastructure might interfere with
the driving behavior of individual vehicles and raise concerns
regarding the implications on safety. Developing better traffic
safety methodologies, strategies, and policies is of practical
importance to reduce traffic crashes and improve transporta-
tion system operations and might lead to a mitigation of
congestion, together with a reduction of traffic-related air
pollution. Enabled by emerging vehicle, sensing, and control
technologies, Smart City research initiatives, big data analyt-
ics, and recent advances in driving experiments, traffic safety
research will greatly enhance our scientific understanding
of the new interactions and phenomena between conven-
tional, connected, and automated vehicles. In addition, the
innovative data sources and increasing computing capabil-
ities provide a great potential to extend the application of
advanced methodologies in traffic safety research. Advances
in traffic safety modeling, simulation, and management
will play a critical role in addressing the competitiveness,
sustainability, andmobility issues of current, transitional, and
future transportation systems. This special issue is focused
on the crucial aspects of current, transitional, and future
traffic safety issues, with particular emphasis on the impli-
cations of advanced vehicle communication and automation
technologies. Scientific research that develops and refines
methodologies and technologies using new sources of data,

such as data from naturalistic driving, connected vehicles,
social media, and smart phones, is also incorporated. In total,
36 papers were submitted to this special issue, 11 of which
were accepted for publication. As the guest editors of this
special issue, we would like to summarize the 11 accepted
papers below.

One study is chosen under the topic of safety impli-
cations and evaluation of advanced driving assistance sys-
tems. In “Influences of Waiting Time on Driver Behaviors
While Implementing In-Vehicle Traffic Light for Priority-
Controlled Unsignalized Intersections” by B. Yang et al.,
the authors investigated the effects of the waiting time on
driver behaviors to improve the in-vehicle traffic light for the
priority-controlled unsignalized intersections. Gap accep-
tance theory that considers the waiting time was employed
in the implementation of the in-vehicle traffic light to assist
minor-road drivers in passing through the intersections by
selecting appropriate major-road gaps. The results show that
the maximum acceleration strokes of minor-road vehicles
were significantly reduced, which indicate a lower possibility
of aggressive driving when the in-vehicle traffic light was
applied with the consideration of waiting time. In addition,
an improved steering stability was observed from the driver
behaviors at the intersections, as the maximum lateral accel-
eration of minor-road vehicles significantly decreased.

Three studies examined the impacts of influencing fac-
tors on traffic crashes. In “Analyzing Traffic Crash Severity
in Work Zones under Different Light Conditions” by X.
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Wei et al., the authors examined the contributing factors
to crash severity in highway work zones under different
light conditions. The results show that an increase in the
number of lanes increases the crash severity level in work
zones during the daytime while decreasing the severity at
nighttime. Drugs and alcohol are found to increase the sever-
ity level significantly under the dark-not-lighted conditions
while it has a limited influence under daylight and dark-
lighted conditions. In “Effects of Human-Centered Factors
on Crash Injury Severities” by E. K. Adanu and S. Jones,
the authors analyzed the effects of human-centered crash
contributing factors on crash outcomes using the latent class
(LC) logit model and random parameters logit (RPL) model.
The results show that serious injury crashes were more
likely to involve unemployed drivers, no seatbelt use, elderly
drivers, fatigued driving, and drivers without a valid license.
Comparison of model fit statistics shows that the LC logit
model outperformed the RPL model, as an alternative to the
traditionalmultinomial logit (MNL)model. In “Investigating
the Differences of Single-Vehicle and Multivehicle Accident
Probability Using Mixed Logit Model” by B. Dong et al.,
the authors investigated the different contributing factors on
single-vehicle (SV) and multivehicle (MV) crashes. A mixed
logit model is employed using disaggregated data with the
response variable categorized as no crashes, SV crashes, and
MV crashes. The results indicate that the speed gap, length
of segment, and wet road surfaces have significant effects
on both SV and MV crashes. Hourly traffic volume, inside
shoulder width, and wet road surface are found to produce
statistically significant random parameters.

Two papers addressed the topic of data-driven traffic
safety monitoring, assessment, and improvement. In “Micro-
scopic Simulation-Based High Occupancy Vehicle Lane
Safety and Operation Assessment: A Case Study” by C. Li et
al., the authors proposed two general alternative designs to
enhance the operation and safety of High Occupancy Vehicle
(HOV) lanes at junctions with bus terminals or parking lots.
The microscopic simulation, video-based vehicle tracking
technique, and Surrogate Safety Assessment Model (SSAM)
are employed to assess the safety and operational efficiency
of an HOV road segment near a bus terminal. The results
show that the proposed alternative geometry design effi-
ciently ameliorates the traffic conflict issues. In addition, the
alternative control design scheme significantly reduces the
public transit delay. In “Modeling Lane-Changing Behavior
in Freeway Off-Ramp Areas from the Shanghai Naturalistic
Driving Study” by L. Zhang et al., the authors investigated
lane-changing characteristics in freeway off-ramp areas using
Shanghai Naturalistic Driving Study (SH-NDS) data. A logit
model was developed to analyze the choice of target lanes
and estimate the parameters. The results suggested that the
lane-changing behavior of exiting vehicles is the consequence
of the balance between route plan (mandatory incentive)
and expectation to improve driving conditions (discretionary
incentive).

From the perspective of methodological advancement in
traffic safety modeling, two studies investigated the advanced
methodologies for crash frequency and severity analyses. In
“Developing a Clustering-Based Empirical Bayes Analysis

Method for Hotspot Identification” by Y. Zou et al., the
authors proposed three clustering-based Empirical Bayer
(EB) methods for hotspot identification. The considered
clustering methods include the GFMNB-g model, 𝐾-means
clustering, and hierarchical clustering with complete linkage.
The results indicated that all three clustering-based EB anal-
ysis methods are preferred over the conventional statistical
methods. Additionally, it seems that the accuracy of hotspot
identification can be enhanced by appropriately classifying
roadway segments according to the heterogeneity of the crash
data (i.e., clustering the data before developing SPFs for use
in EB estimates). In “A Novel Surrogate Safety Indicator
Based on Constant Initial Acceleration and Reaction Time
Assumption” by A. Fazekas et al., the authors presented the
derivation of a novel surrogate safety indicator based on a
constant initial acceleration and reaction time assumption.
The evaluation is based on video-based microscopic traffic
data collection. The results showed that the new indicator
is more sensitive in detecting critical situations than the
other indicators and can describe the conflict situations more
realistically.

The remaining three articles focus on the topic of innova-
tive traffic safety data collection, analysis, and molding using
advanced technologies. In “A Novel Approach for Operating
Speed Continuous Predication Based on Alignment Space
Comprehensive Index” by Y. Yan et al., the authors pro-
posed a novel method to estimate the operating speed for
multilane highways in China from the aspect of the three-
dimensional alignment combination.The results indicate that
the proposed models have a superior performance. In “Road
Surface State Recognition Based on SVM Optimization and
Image Segmentation Processing” by J. Zhao et al., the authors
proposed a method of video image processing technology
for road surface state recognition. The results show that the
method based on SVM and video image segmentation is
feasible. The accuracy of particle swarm optimization algo-
rithm is more than 90%, which effectively solves the problem
of road surface state recognition under the condition of
hybrid or different video scenes. In “Turnout Fault Diagnosis
through Dynamic Time Warping and Signal Normalization”
by S. Huang et al., the authors developed an intelligent
diagnosis method for railway turnout through Dynamic
Time Warping. The results indicate that the analyzed five
turnout fault types can be diagnosed automatically with 100%
accuracy.

Chunjiao Dong
Chunfu Shao
Helai Huang

Xiaoming Chen
N. N. Sze
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This study proposes two general alternative designs to enhance the operation and safety of High Occupancy Vehicle (HOV) lanes
at junctions with bus terminals or parking lots. A series of analysis tools, including microscopic simulation, video-based vehicle
tracking technique, and Surrogate Safety Assessment Model (SSAM), are applied to model and test the safety and operational
efficiency of an HOV road segment near a bus terminal in Québec as a case study. A metaheuristic optimization algorithm (i.e.,
Whale Optimization Algorithm) is employed to calibrate the microscopic model while deviation from the observed headway
distribution is considered as a cost function. The results indicate that this type of HOV configurations exhibits significant safety
problems (high number of crossing conflicts) and operational issues (high value of total delay) due to the terminal-bound buses that
frequently need to travel across the main road. It is shown that the proposed alternative geometry design efficiently ameliorates the
traffic conflicts issues. In addition, the alternative control design scheme significantly reduces the public transit delay. It is expected
that this methodology can be applied to other reserved lane configurations similar to the investigated case study.

1. Introduction

The HOV lane represents a restricted usage traffic lane
reserved for vehicles carrying a predetermined number of
occupants. The implementation of an HOV lane system tar-
gets mobility improvement of both current and future road-
way networks. Considering over forty years of deployment of
HOV lanes, it has been proven that reserved lanes contribute
to mitigating traffic congestion in urban areas and reduce the
person-hour delay effectively [1, 2]. However, many problems
related to various implementations of HOV lanes have been
identified. These problems can be roughly classified into two
categories, the reduction of capacity (for the non-HOVusers)
and potential traffic safety issues, respectively. The former
category may include increased congestion on the adjacent
General Purpose (GP) lanes and/or reduction of vehicle
speeds due to the merging maneuvers of High Occupancy
Vehicles into the GP lanes. The latter category is mainly
related to the lane changes at prohibited locations, especially
in the proximity of junctions with other road facilities, such
as bus terminals or parking lots [3].

Currently, efforts are continually being made to explore
the new ways to improve the operation and safety of HOV
facilities. However, there is no universally accepted method
to evaluate the effectiveness of safety of certainHOV facilities
[4]. Some studies focused on the HOV safety evaluation
based on the statistical analysis of accidents data during
long periods [5]. Several studies examined the safety of
HOV facilities with respect to different types of geometric
design based on the collision and driving behavior (i.e.,
lane-changing) data [6, 7]. Nevertheless, obtaining reliable
accident data over a long enough period is not always
possible, especially for recently deployed facilities. A reliable
accident-based analysis takes a long time to establish and thus
is not suitable for current urban traffic system development.
In addition, many characteristics of the urban traffic system
may change over time (e.g., traffic demand volumes, road
alignments, traffic mix, etc.), and this might require an
expedited method to assess the existing traffic conditions.
Accordingly, using conflict analysis as a method of safety
assessment is preferable, as it makes analyzing the safety

Hindawi
Journal of Advanced Transportation
Volume 2018, Article ID 5262514, 12 pages
https://doi.org/10.1155/2018/5262514

http://orcid.org/0000-0003-1972-356X
http://orcid.org/0000-0001-7529-7660
https://doi.org/10.1155/2018/5262514


2 Journal of Advanced Transportation

improvement before implementing any treatment in the real
world possible.

However, the geometric configuration of an HOV facility
has significant impacts on the safety performance [7]. For
instance, conducting the before-after study of converting the
continuous access to limited access of lane changes in HOV
lanes has shown a significant decrease in conflict occurrence.
Therefore, theHOV facilities with limited access are expected
to be safer than those with continuous access. To validate this
conclusion, more studies must be conducted. However, there
is limited opportunity for researchers to conduct before-
after studies of road facilities with respect to the geometric
modification, because they are too infrequent. Therefore,
utilizing simulation tools may be an effective remedial
measure to overcome the limitation of data availability and
to evaluate the impacts of potential geometric alignment
changes of existing facilities. Several studies have introduced
the evaluation of safety or capacity of HOV facilities utilizing
microsimulation [3, 8, 9]. However, these studies mainly
focused on the analysis results of the study areas. Therefore,
it is necessary to develop a systematic assessment method for
HOV lanes. In particular, the HOV deployment on arterials
in the proximity of the terminals and parking lots can be
conducted using real-word data to calibrate a microscopic
simulation model.

In this study, a VISSIM microsimulation model is devel-
oped to test the safety and operational efficiency of an urban
HOV facility near a bus terminal in Québec, Canada. This
model is calibrated by employing a metaheuristic optimiza-
tion algorithm–Whale Optimization Algorithm (WOA)—to
minimize the deviation of simulations results from the
observed data. Two general alternative network designs are
proposed for comparison analysis (i.e., one modifies the
existing road geometric alignment; another one proposes a
change in the existing traffic control strategy). To assess the
road safety impact of the proposed alternative designs, the
Surrogate Safety Assessment Model (SSAM) is applied to
compare the simulated vehicle conflicts between the existing
network and the alternative solutions. The results indicate
that the status quo of the study area exhibits a safety problem
due to high interactions between buses and passenger cars.
The proposed alternative geometry design efficiently elimi-
nates the traffic conflict. In addition, the alternative control
design scheme significantly reduces the public transit delay.

2. Literature Review

Traditionally, most traffic safety studies employed statistical
analysis of accident records within a given study area [10–13].
Several studies pointed out the drawbacks of using authority
reported crash data for safety evaluation, for example, the
lack of ability to evaluate the safety of traffic facilities yet
to be built or to assess the traffic remediation solution yet
to be applied in the field. In addition, the seldom and
random occurrence of traffic accidents lead to the slowness
of establishing analysis [14] or the lack of ability to deduce
the crash process [15, 16]. On account of these drawbacks,
an alternative safety evaluation approach which includes the
computer microsimulation modeling of vehicle interactions

was developed over the past couple of decades.This approach
was possible mainly due to the advancements in computing
technologies that allowed the development of enhanced
traffic simulation models to be able to replicate vehicle inter-
actions throughmodeling complex driving behaviors [16, 17].
A significant advantage of simulation-based safety analysis is
thatmicrosimulationmodels can easily generate andmeasure
various safety performance indicators [18, 19]. The typical
safety performance indicator is the vehicular conflict, given
that conflicts can be observed more frequently than crashes
and that their frequency is expected to be correlated with the
crash occurrence [14, 20–22]. Various studies have validated
the statistical significance and correlation between conflicts
and accidents [23–26].

A dedicated tool, namely, SSAM was developed by
Federal Highway Administration (FHWA) to automatically
identify, classify, and evaluate the severity of the simulated
traffic conflicts [14]. Several studies showed that by com-
bining VISSIM and SSAM a reliable tool for traffic safety
evaluation can be used, provided that a consistency between
the field observed and simulated conflicts is observed [27, 28].
Another study proposed a two-step calibration procedure
of VISSIM (Wiedemann model) to enhance correlation
between simulated and field-measured conflicts [29]. There-
fore, if the simulation model is properly calibrated, it can be
used to represent reliably the real-world traffic network in
terms of both operation and safety parameters.

3. Methodology

3.1. Modeling of Geometry and Flow. Typically, more detailed
information contained in the simulation model contributes
to capturing more reliably the traffic conditions at a given
study area. This is especially important for a traffic safety
simulation model, which requires good accuracy of both
simulated capacity and vehicle performance.

The basic input to this model is represented by the road
characteristics (i.e., the number of lanes on each direction,
the lane separation type, and the position of access). In this
study, the links and connectors of the study area were built
in VISSIM by means of an aerial photo from Google Maps�.
Some details of the geometry, for example, the access position
of the public transit terminal, were measured on the field
and were compared with the field-recorded videos to ensure
the accuracy. Similarly, the position of the reserved lane was
collected on the field and included in the simulation model.

Traffic flow is another important input parameter as it
relates to the road capacity, one of the potential calibration
variables. Traffic flows were measured using the videos
recorded at the study area—the following data was collected:
the vehicle counts of each lane, vehicle routes within the study
area, and the vehicle types (e.g., bus, truck, and passenger
cars). In this study, in order to smooth out random variations
in flows, while maintaining good precision, the vehicle flows
were recorded and input into the model in five-minute
increments. An additional five-minute periodwithout vehicle
demand was included at the end of each simulation scenario
to avoid truncating the analysis period observed in the field.
To model the observed vehicle composition, road users were
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identified and classified into three categories, passenger cars,
buses, and trucks, respectively. The basic vehicle character-
istics, for example, the acceleration rate, vehicle length, and
vehicle weight of each vehicle type, can bemodeled separately
in VISSIM so as to reflect the traffic more realistically. To
determine individual vehicle routes, vehicles were tracked in
from the videos generated by three cameras that were used
to cover the whole study area. The route of each vehicle in
the simulation was assigned in strict accordance with the
path observed on the video recordings to ensure a realistic
representation of the study area.

3.2. Modeling of Traffic Signal. The peak hour traffic signal
cycle length and the red, amber, and green time intervals
on each direction were collected on the field and modeled
in VISSIM. In this study, a fix-cycled signal program was
built and set at the intersection to replicate the traffic light
at the study area. Some additional signal control strategy was
used in this study to improve the network performance; for
example, a fix signal cycle contains a protected left-turn phase
at the intersection and a pulse-triggered signal at the public
transit terminal.

To improve the efficiency of public transit, a pulse-
triggered signal control was implemented by adding a detec-
tor at the exit of the terminal and signal heads linked with
the detector near the terminal. An add-on signals design
model, namely, Vehicle Actuated Programming (VAP) was
programmed to control this actuated signal. Typically, a
signal phase of permanent green on the main street and
permanent red on the minor road is toggled when no buses
are detected.Meanwhile, when the existing buses are detected
by the sensor, the signal is programmed to switch to the
complementary phase (i.e., green signal on the minor road
and red on the main road), thus protecting the movements of
buses crossing through multiple lanes.

3.3. Modeling of Right of Way without Signal Control. In
VISSIM priority rules are defined to capture the conflicting
traffic flows that are not controlled by signals. In this study,
the priority rules were set at the entry and the exit zones of
the bus terminal, in order to realistically model the access
and egress movements of buses as they were observed in the
video recordings. Typically, the buses travel to and from the
terminal, yielding to the vehicles traveling along the main
arterial, and stop in position near the access or exit until
acceptable gaps occur on both directions on the main road.
Two thresholds are set for the priority rules to confine the
crossing of the yielding vehicles, respectively, the minimum
headway and the minimum gap time. A yielding vehicle will
stop before the stop line until both predetermined thresholds
are achieved. The values of the thresholds are determined by
reviewing all the accepted gaps and headways by the crossing
buses from the video.

The conflict areas are automatically generated in VISSIM
where links or connectors overlap. In this study, the priority
rules at the conflict areas were set to capture the vehicles
approaching the conflict area from the minor road and
yielding those from the main road, as typically observed in

the field.The gap time needed for crossing at the conflict area
was determined similarly by reviewing the video recordings.

Another important VISSIM calibration parameter is the
avoid blocking value, which defines the ratio of vehicles that
do not stop in themiddle of a junction.This value is defaulted
to be 100% in VISSIM; in other words, all the vehicles will
follow the rule, not to block the junctions, if there is stopping
traffic ahead. However, by reviewing the video recorded at the
study area, no vehicle obeyed this rule. Therefore, to reflect
the real conditions, this value is set to 0% for all the conflict
areas in simulation models used in this study.

3.4. Modeling of Driving Behavior. Properly modeling of the
field observed driving behavior is critical for road safety
evaluation, since it directly influences the vehicle interactions
in a micro level. Microsimulation tool VISSIM adopted
Wiedemann car following model as the main portion for
modeling the vehicle longitudinal movement and rule-based
laws for modeling of vehicle lateral movement and lane
change behavior.

In this study, the Wiedemann 74 model is selected to
simulate the urban motorized traffic as suggested by the VIS-
SIM user’s manual [30]. This model contains three adjustable
parameters, respectively, the average standstill distance, the
additive part of safety distance, and multiplicative part of
safety distance. Average standstill distance defines the average
desired distance between two cars. Additive part of safety
distance andmultiplicative part of safety distance represent the
values used for the computation of the desired safety distance.
For the initial simulation, the values of these three parameters
are usually definedwith the default value.However, theymust
be calibrated later to suite the real driving behaviors of the
study site.

The lane change behaviors are defined by a rule-based
model in VISSIM. In this model, the critical parameter that
decides whether a lane change would be executed is the
minimum headway. A vehicle can only change lane when
there is a distance gap arrival at the adjacent lane that is bigger
than the predetermined minimum headway. Otherwise, it
has to either travel continuously or stop and wait until
the occurrence of an enough gap for it in order to merge
according to its predefined route. In this study, the value of the
minimum headway was determined by reviewing the videos.

Another noticeable parameter defined in the lane change
model is the advanced merging; this option is selected in
this study; thus more vehicles can change lanes earlier when
following their routes, as encountered in the videos.

3.5. Measurement of Vehicle Speed Distribution by Feature-
Based Tracking. Vehicle speed distribution is an important
input parameter for safety simulation.While potentiallymore
accurate, individual vehicle speed onmultiple lanes is usually
difficult to measure on the field simultaneously with radar
devices. Therefore, an alternative method was applied in this
study to measure the vehicle speed, which is the video-based
feature tracking.

An open-sourced software project, namely, Traffic Intel-
ligence, was used to automatically track and measure the
speed of the vehicles caught by the video at the study
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Figure 1: Points selected on the video frame to compute homogra-
phy file.

site [31]. Traffic Intelligence consists of a set of tools that
work cooperatively for traffic data processing and analysis,
including camera image calibration, feature tracking, and
trajectory data analysis.

The feature-based tracking algorithm utilizes a homogra-
phy file that projects the camera image space to the real-world
ground plane.The homography file was created by utilizing a
video frame and a corresponding aerial photo with known
scale (pixels per meter). In this study, an aerial photo of the
study site from Google Maps with known scale of 0.21 pixels
permeterwas adopted. In total ten noncollinear visible points
on the video frame were positioned on the aerial photo; thus,
the video image was projected to the aerial photo, and the
vehicles tracked in the videowere deemed to be tracked in the
real-world plane with their speeds. Figure 1 shows the points
projected to the aerial photo from the video frame.

Based on the computed homography file, the feature
tracking program can be run. The predetermined number of
features of each vehicle in the video was detected and tracked
frame by frame until the vehicle leaves the video capture
area. In order to suppress the interference of the shadows, a
mask image was created and toggled with the video image;
therefore only the features within the white range of the
mask image can be detected, and the shadows can be filtered
out. The features that move consistently were then grouped
together to generate the trajectory file of each vehicle, and all
the trajectories generated from the video were written into a
database.The average speed of each vehicle can be easily read
by processing their trajectories. Figure 2 shows the feature
tracking process by Traffic Intelligence.

3.6. Model Calibration. In order to determine the optimum
values for the calibration parameters, an objective function
should be defined based on the error between observed data
and simulated data. The objective function is the deviation
of the simulated gap distribution from the real observed
gap distribution. In order to test this goodness of fit (objec-
tive), the Chi-square test was employed. In this study, the
westbound vehicle gap distribution on the GP lane near
the bus terminal was taken as the criterion to calibrate the

Figure 2: Feature tracking process by Traffic Intelligence.
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Figure 3: Observed vehicle gap distribution.

model, because the vehicle time gap directly reflects the
car following behavior. The real vehicle gaps were observed
manually from the video using theMPC player that provides
milliseconds accuracy. Because the vehicles travel westbound
pass through a signalized intersection before they enter the
cameras field of view, to eliminate the impact of the red time
at the intersection, the time gaps bigger than 5 seconds were
ignored. The distribution of all the observed gaps that are
smaller or equal to 5 seconds was recorded in a histogram
with a sample rate of 0.3 seconds. Figure 3 shows the observed
vehicle gap distribution.

In this paper, theWhaleOptimizationAlgorithm (WOA),
a metaheuristic nature-based algorithm, is applied to cali-
brate the model. The deviation of the simulated headway
distribution from its’ observed distribution is considered as
the objective function to beminimized during the calibration
process. WOA is inspired by hunting behavior of humpback
whales. It is defined as “the simulated hunting behavior with
random or the best search agent to chase the prey and the
use of a spiral to simulate bubble-net attacking mechanism
of humpback whales” [32].The hunting behavior of whales is
representative of the procedure of this algorithm.

The three parameters of the Wiedemann 74 model in
VISSIM (i.e., average standstill distance (ASSD), additive
part of safety distance (APSD), and multiplicative part of
safety distance (MPSD)) which has the highest impact on the
model have been selected to be calibrated. Using MATLAB,
an optimization toolbox connecting to COM-interface of
VISSIM byM-file programming inMATLAB, the calibration
process has been accomplished. After 190 simulation runs,
the optimal values of parameters were determined to be as
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follows: ASSD = 1.156, APSD = 0.637, and MPSD = 8.079.
For diverse random seeds, the simulation results showed
these optimal parameters lead to statistically matching the
observed headway distributions with the simulated ones at
90% confidence level. It is worth mentioning that the simple
way to optimize the cost function is exploring the whole
possible region of the parameters to find the globalminimum,
which is extremely time-consuming. For this case study, these
optimization parameters took values within the following
intervals: ASSD between 0 and 2, APSD between 0 and 1, and
MPSD between 0 and 10. By exploring these intervals, the
optimal values were found after nearly 1000 simulation runs.

The lateral movement of buses that merge into the main
traffic from HOV lane or travel across the road when an
acceptable gap was identified was also calibrated by adjusting
the parameters of the priority rule. The minimum gap time
and distance headway were set to 6 seconds and 20 meters,
respectively, similar to the values observed in the recorded
videos. It is noticeable that a part of the terminal-bound
buses changed lanes between the reserved HOV lane and
the adjacent GP lane before the intersection; this behavior is
reflected in the simulation model.

3.7. Simulation Output. VISSIM provides direct output of
various kinds of simulation results. In this study, the vehicle
delay and trajectorywere analyzed to evaluate the operational
efficiency and safety of the study area.

Vehicle delay data can be generated by setting vehicle
travel time on the defined vehicle routes, which are defined
by a Starting Point and an End Point, respectively. For the
vehicles that pass through the Starting Point and the End
Point, successively, the travel time delays are automatically
calculated. The vehicle delays of the interested vehicle routes
were then analyzed to evaluate the operational efficiency of
the network.

The trajectories of all the simulated vehicles can be
generated by VISSIM, and the recorded trajectory data was
then analyzed using SSAM, to evaluate the vehicle conflicts
within the network. For each simulation run, different sim-
ulation random seeds were applied, and the output results
were averaged for analysis purposes. This simulation setup
scenario accounts for the stochastic properties of the simu-
lation model, thus reflecting real-world traffic behavior more
realistically.

3.8. Analyzing Vehicle Conflicts Using SSAM. The vehicle
trajectory data collected from VISSIM was used in SSAM
to assess the vehicle conflicts detected in the study area.
Most studies evaluate traffic safety through two surrogate
measures, Time to Collision (TTC) and Postencroachment
Time (PET). Values below a commonly accepted threshold
of either TTC or PET value indicates a higher probability of
collision. SSAM is able to automatically estimate the TTC and
PET values of each vehicle interaction and thus to record all
potential conflicts. In this study, the TTC and PETwere set to
1.5 seconds and 5 seconds, respectively, the values frequently
established by previous research studies [20, 33].

The detected conflicts were classified into three types,
based on the predetermined conflict angles, namely, crossing,

lane changing, and rear ending, respectively.The thresholds of
the conflict angles were adjusted to 2 degree and 45 degree as
suggested by previous studies [8]. Basically, detected conflict
which has a conflict angle of 2 degrees or less is defined as
rear ending conflict; if the conflict angle is between 2 and 45
degrees, it is detected as lane changing; while if the conflict
angle is bigger than 45 degrees, it is recorded as the crossing
type. However, due to the peculiarity of geometry of each
study area, the link information of all the output conflicts,
which was also detected by SSAM, was manually checked to
properly determine their type. The three types of conflicts
were recorded for subsequent comparative safety analysis.

A built-in filter of SSAM can be applied to screen
out the conflicts caused by each measured movement by
reading the corresponding link information.The spots where
conflicts were detected can be plotted automatically on the
toggled network image by positioning the VISSIM network
coordinates. The conflicts of different types can be showed in
different shapes or colors on the togged map to give a visual
estimate of the hotspot areas (i.e., conflicts’ frequency and
density).

3.9. Summary. The methodology presented in this study
introduces a simulation-based approach to evaluate road
network safety and efficiency. To apply this methodology, the
field traffic conditions are collected, and the detailed informa-
tion including the field geometry, control strategy, flow, and
driving behavior is reviewed. Such basic information is then
integrated in a VISSIM simulationmodel.With an important
model parameter, the vehicle speed distributions are obtained
using a feature tracking program, namely, Traffic Intelligence.
The model is properly calibrated until the output vehicle
time gap distribution compared well with the field observed
vehicle gap distribution by applying the Chi-square test.
The model output vehicle delays are reviewed for network
operational efficiency analysis, and the model output vehicle
trajectory files are analyzed by SSAM to determine the
conflict within the study area thus giving the safety level of
the site. Figure 4 shows the flow chart of the methodology
used in this study for traffic safety and operational efficiency
evaluation.

4. Case Study

4.1. Study Area Description. The study area used in this
study is a segment of Rte-116, a suburban highway in Lévis,
Québec. Evaluations of traffic safety and operations were
made at a specific location along the four-lane east-west
arterial segment that includes oneGP lane and oneHOV lane,
in both directions. The eastbound reserved lane allows buses
and passenger cars with three or more passengers, while the
westbound direction has a bus-only lane. The current design
of this facility is such that the westbound buses arriving at or
departing from the terminal have to travel across the four-
lane undivided road. Figure 5 shows the current paths of the
buses using the terminal.

The traffic video feeds of vehicles accessing the terminal,
the commuter parking lot, and traveling along Rte-116 were
collected via GoPro HD video cameras that were installed
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Figure 4: Framework of evaluation procedure.

on top of extendable masts along the roadway. Cameras 1
and 2 were both installed at the same location with views
opposing each other. The orientations of these two cameras
were adjusted to capture east-west traffic that interacts with
both access points into and out of the bus terminal. Camera 3
was installed at the proximity of the commuter parking lot
entry/exit gate, to capture interactions between main road
traffic and vehicles to and from the parking. The positions of
the cameras are shown in Figure 5. The video traffic data of
the PM peak hour (4:30 pm∼5:30 pm) was used in the final
analysis of this study.

A probe vehicle was driven several times along the study
segments with an arbitrarily selected constant speed. The
known speed values were used to calibrate the postprocessing
speed detection measuring software, Traffic Intelligence. A
fixed 88-second cycle of the traffic signal along Rte-116 at the
adjacent intersection (i.e., 40 seconds, red, 40 seconds, green,
and 4 seconds, yellow) was measured in the field and used in
the simulation model of the study area.

The video files from each camera were processed in 5-
minute increments to manually determine the distribution
of traffic flows during the analysis period. Vehicles were
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Figure 5: Paths of the terminal-bound buses.

distinguished into four types: passenger cars (on the GP
lane), buses, trucks, and reserved lane users, respectively.
This definition of the traffic mix was necessary to capture
more reliably the vehicle interactions in the traffic simulation
model (different vehicle types exhibit different driving behav-
iors in terms of acceleration, minimum headway, etc.). Tables
1 and 2 show a classification of westbound and eastbound



Journal of Advanced Transportation 7

Table 1: Observed traffic flow during the peak hour (4:30 pm∼5:30 pm).

Time
Average vehicle flows (vehicles/hour)

Westbound Eastbound
Car Bus Truck HOV Car Bus Truck HOV

4:30 pm∼5:30 pm 663 16 3 7 338 5 4 36

Table 2: Access and egress vehicles during the peak hour (4:30 pm∼5:30 pm).

Time

Average vehicle flows (vehicles/hour)
Westbound Eastbound

Bus Parking car Bus Parking car
Access Egress Access Egress Access Egress Access Egress

4:30 pm∼5:30 pm 10 14 0 37 7 3 4 18

Table 3: Vehicles characteristics.

Vehicle type Length (meter) Width (meter) Weight (ton) Maximum acceleration (m/s2) Maximum deceleration (m/s2)
Car and HOV 3.75–4.76 1.85–2.07 - 3.5 −7.5
Bus 11.54 3.17 4–12 1.24 −7.5
Truck 13.94 2.63 2.8–40 2.5 −5.5

traffic flows along the highway, as well as access/egress of the
buses using the terminal during the afternoon peak period.

Traffic Intelligence was utilized to measure the vehicle
speed. Calibration of the video analysis software was per-
formed using various mask pictures to filter the shadows of
the moving vehicles until the measured speeds of the probe
vehicle were identical to the observed values. The vehicle
speed distributions of both westbound and eastbound vehi-
cles were recorded every five minutes and used as simulation
input parameters.

4.2. Modeling Existing Configuration and Traffic Conditions
(Status Quo). The peak hour traffic was modeled in VISSIM
to evaluate traffic safety and operations of the observed
arterial segment. Vehicle modals used in the simulation are
selected by VISSIM automatically. The vehicle characteristics
of the case study are shown in Table 3. To account for the
effects of stochastic variation of the model’s parameters, ten
different simulations with different random seeds were ran,
and the average values were used in the analysis.

The average vehicle delay (excluding signal waiting time
at intersection) was measured for three types of movements,
using the vehicle travel time measurements tool. Movement 1
identifies the westbound traffic on theGP lane.Movement 2 is
associated with westbound buses entering the terminal (i.e.,
buses merging from HOV lane into the GP lane and then
crossing the two eastbound lanes). Movement 3 represents
westbound buses leaving the terminal (i.e., buses that cross
all the four lanes to enter the highway). Vehicle trajectory files
were also generated for conflict analysis.

In addition, to evaluate the impact of expected increase
in traffic flow on traffic operations (i.e., average vehicle delay)
and safety (i.e., conflicts frequency), the same simulation
model was used to evaluate similar scenarios, assuming the
traffic volume increases in the future by 10%, 20%, and 30%

Bus 
terminal Parking 

lot

Figure 6: The status quo network modeled in VISSIM.

from the current values. Figure 6 represents a snapshot of
the VISSIM simulation model using the existing geometric
alignment and traffic operations conditions.

4.3. Simulations of Alternative Geometry/Control Designs.
The main concern related to traffic safety at the investigated
study area pertains to the placement of the reserved lanes on
the outside lanes. This configuration leads to multiple lanes
crossing when left turns are needed and high occurrence of
vehicle interactionswas observed especially during congested
traffic conditions.

Two alternative designs have been tested to evaluate
their potential to mitigate traffic safety and operations issues.
Figure 7 shows the VISSIM network layout of the first
alternative design. In this model, westbound buses were
prohibited to enter or exit the terminal by crossing the
highway directly. Instead, an adjacent roadway segment was
inserted along the south side of bus terminal, which is directly
connected to the minor road. To serve the terminal-bound
buses, ten seconds of left-turning signal phase was provided
at the intersection on the main road. Similarly, for each
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Figure 8: VISSIM network of alternative control design.

traffic demand alternative (i.e., current status, 10%, 20%, and
30% increments of vehicular traffic volume), the collected
peak hour vehicle flows and speed distributions were used to
model the network using ten simulation random seeds. The
individual vehicle trajectories and delay measurements of the
same movements evaluated for the status quo configuration
were collected and used for comparison analysis. Figure 8
shows the VISSIM network layout of the second alternative
design. In this model, a loop detector that controls a signal
set was added to the existing network. This system was used
to control the egress of westbound buses as they leave the
terminal. The add-on signal control model VAP was created
to program the signal timing. The detector was placed near
the exit of the bus terminal. As long as buses are not in
the proximity of the sensor, the signal indicates green for
the main road to allow east-west traffic and red for the bus
exit to prevent the egress buses from traveling across the
road directly. When buses are detected at the terminal, exit
signal turns green for them and red for traffic on the main
road, which allows for protected turns. The red signal on the
main road lasts for 10 seconds from the last bus detected and
then turns back to green until the next detection. The same
vehicle hourly flows previously processed were used in this
simulation scenario, and the same ten different simulation
random seeds were applied. The delay measurements of the
same types of movements and trajectory data were collected
for comparative analysis.

4.4. Surrogate Safety Measures of Vehicle Conflicts. SSAM
was applied to assess the vehicle conflicts detected in the
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Figure 9: Conflicts near bus terminal plots on original network.
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Figure 10: Effects of increasing traffic flow on average delay per
vehicle.

study area for safety analysis. A built-in filter of SSAM was
applied to screen out the conflicts caused by each measured
movement by reading the corresponding link information.
The spots where conflicts were detected were plotted auto-
matically on the toggled network image by utilizing the
VISSIM network coordinates. The conflicts of different types
were showed in different shapes on the togged map. Figure 9
shows the spatial distribution of conflicts caused bymeasured
movements near the bus terminal plotted on the original
network.

4.5. Comparison Analysis of Safety and Operation. Figures 10
and 11 represent the impact of different traffic volumes on
traffic operations (delay) and safety (conflicts).

As intuitively expected, more traffic demand leads to
increased average delay. It also shows that of the three types
of vehicle interactions analyzed movements labeled 2 and 3
(i.e., associated with buses entering and leaving the terminal)
are affected by significantly higher delay than the vehicles
moving along the east-west roadway. This is explained by the
fact that buses have to make left turns from/into the arterial,
and consequently they do not have the default right of way.
In addition, traffic safety analysis (i.e., evaluation of vehicular
interactions through the SSAM tool) shows that, for all levels
of traffic demand, the majority (more than 85%) of vehicular
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Figure 11: Sensitivity analysis of conflicts distribution (current configuration).

conflicts were crossing conflicts associated with the same
movements of buses that enter or leave the terminal facility.
Moreover, lane-changing conflicts were observed between
buses moving from the reserved lane into the GP lane to
engage in left-turning maneuvers towards the terminal.

Figure 12 shows the effects of different traffic volumes on
traffic operations (magnitude of delay) and safety (frequency
of conflicts) when the first alternative scenario was used. As
expected, by including a separation median between the two
directions of traffic, all vehicular conflicts associatedwith left-
turn movements into and out of the terminal are eliminated.

The sensitivity analysis demonstrates that traffic operations
are not impacted by this design. It can be seen that there
is a minor positive effect on the average vehicular delay for
movement 1 (vehicles traveling westbound on Rte-116), but
there is a significant positive effect on the average delay of
buses accessing the terminal (i.e., a reduction in delay of
about 85%). However, this alternative scenario brings a trade-
off for the movements of buses exiting the terminal that are
hindered for most traffic flow levels. The additional delay
encountered by buses leaving the terminal is due to the fact
that, for this design, the westbound egress buses must use
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Figure 12: Effects of first alternative design on the average delay (separation median).
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Figure 13: Effects of second alternative design on the average delay (traffic control).

the nearby intersection, and the traffic signal timing was
not optimized to accommodate left-turning buses from the
minor street.

The results for the second alternative design (i.e., control-
ling the access/egress of buses for Movements 2 and 3 via
a bus-triggered traffic control signal, in order to reduce the
vehicle interactions with the buses) are shown in Figure 13. It
can be seen that this alternative design reduces considerably
the delay of buses in and out of the terminal (Movements 2
and 3), while it increases by less than 17% the delay of vehicles
traveling westbound along the arterial (Movement 1).

More importantly, the vehicular conflict analysis of these
results shows the elimination of the crossing conflicts (Move-
ments 2 and 3) related to buses accessing/leaving the terminal
by turning left across the HOV and GP lanes. In addition,
this design has no impact on the low conflict occurrence of
Movement 1 (vehicles moving westbound on the arterial).

Several aspects of the proposed alternative designs are
discussed at the end of this section. The delay of the traffic
flow moving westbound on the arterial during the peak
period was compared across all three simulation scenarios
(i.e., current design, separation barrier, and traffic control
alternative). It was found that the traffic control alternative
leads to the most negative impact on the vehicular delay.
In addition, conflict occurrence between the current design
and the proposed traffic control design is not significantly

different, due to breaking at red light; it is expected that rear
ending conflicts might be more severe. On the other hand,
rerouting buses through the intersection via the minor street
seems to be the best option, because it eliminates completely
all conflicts of left-turning vehicles while its impact on
traffic operations might not be significant, since it can be
mitigated with optimizing the traffic signal timing plan at the
intersection.

To conclude, the existing geometric and traffic signal
configurations show that there is a high occurrence of
vehicular conflicts for left-turn buses approaching terminal.
It can be seen from the results above that, by using the
alternative designs, these types of conflicts are eliminated.
In addition, the proposed alterations to existing alignment
provide benefits for traffic operations because they reduce
significantly the average vehicular delay. However, when
traffic signals are used to control for protected left-turn
buses that are rerouted through the adjacent intersection,
an additional analysis of signal delay and optimization is
necessary.

Similarly, the analysis of the measured movement 3 (i.e.,
westbound buses leaving from terminal) identifies a large
number of crossing conflicts within the east-west traffic
on the main arterial. Elimination of these conflicts can be
achieved if this movement is protected either through the
traffic signal sensitive to the buses present at the terminal exit,
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or by using the barrier separated geometry that reroutes the
buses via the adjacent intersection. The results indicate that
the network with alternative control design is the best for
departing buses (i.e., the delay is the smallest).

As expected, the sensitivity analysis shows that an
increased main arterial traffic volume leads to negative
effects on the conflict frequency and average vehicular delay,
regardless of the design used, while the alternative designs
provide elimination or significant reduction in conflicts.

5. Concluding Remarks

This study proposed two general alternative geometry and
control designs to improve the operation and safety of High
Occupancy Vehicle (HOV) lanes near the bus terminals
and parking lots. A VISSIM simulation model was created
using the observed field geometry, control strategy, and
vehicle flows, and then the vehicle priority rules and driving
behaviors were calibrated to reflect correlated parameters
observed on the field. An important model parameter, the
vehicle speed distribution, was measured by feature-based
tracking technique using an open-sourced program, namely,
Traffic Intelligence. The model was calibrated using a meta-
heuristic optimization algorithm (i.e., Whale Optimization
Algorithm) with respect to the field-measured vehicles head-
way distributions. The results showed that this algorithm
converged to the optimal parameters faster than searching
whole parameters’ intervals. The output delay data was used
for operational efficiency analysis, and the output trajectory
data was analyzed by SSAM to determine the number of
vehicle conflicts within the study area. This procedure was
applied to test the safety and operational efficiency of an
HOV road segment in Lévis, Québec. The peak hour safety
and operational traffic conditions of the status quo and of
two alternative designs (i.e., geometry and control designs)
were analyzed. The results indicate that the existing network
configuration exhibits significant safety issues due to the
crossing conflicts along the path of buses approaching the
terminal across the four-lane arterial road. It was shown
that one of the investigated alternative designs may enable
the terminal-bound buses to travel on a different path to
efficiently eliminate critical vehicular conflict. In addition, it
was shown that the alternative control design can be used to
reduce the bus delay by giving priority to public transit. It is
expected that thismethodology can be successfully applied to
other similar reserved lanes facilities in the vicinity of the bus
stations and parking lots.
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Road traffic accidents are believed to be associated with not only road geometric feature and traffic characteristic, but also weather
condition. To address these safety issues, it is of paramount importance to understand how these factors affect the occurrences of
the crashes. Existing studies have suggested that the mechanisms of single-vehicle (SV) accidents and multivehicle (MV) accidents
can be very different. Few studies were conducted to examine the difference of SV and MV accident probability by addressing
unobserved heterogeneity at the same time. To investigate the different contributing factors on SV and MV, a mixed logit model
is employed using disaggregated data with the response variable categorized as no accidents, SV accidents, and MV accidents. The
results indicate that, in addition to speed gap, length of segment, and wet road surfaces which are significant for both SV and
MV accidents, most of other variables are significant only for MV accidents. Traffic, road, and surface characteristics are main
influence factors of SV and MV accident possibility. Hourly traffic volume, inside shoulder width, and wet road surface are found
to produce statistically significant random parameters. Their effects on the possibility of SV and MV accident vary across different
road segments.

1. Introduction

Given the economic costs and human casualties motor vehi-
cle crashes continue to claim, traffic safety remains a hot topic
among researchers across the world. Over the last decades,
traffic safety researchers have spent tremendous effort and
time to gain a better understanding of the contributory fac-
tors towards motor vehicle crash [1–6]. Despite the progress,
there are many knowledge gaps yet to be filled in safety-
related studies. One of these gaps pertains to the differences
between single-vehicle andmultivehicle crashes. As shown by
previous studies [7–9], themechanisms of single-vehicle (SV)
accidents and multivehicle (MV) accidents are inherently
different. Knipling [8] pointed out that single-vehicle and
multivehicle crashes were related to different kinds of driver
errors. Specifically, single-vehicle crashes usually resulted
from loss of vehicle control that is associated with driver
misbehavior. Multivehicle crashes, on the other hand, are
most often caused by driver errors when interacting with

other vehicles. It is therefore important to identify different
contributing factors between single-vehicle and multivehicle
crashes, which further offers insights for countermeasures to
mitigate SV and MV crash risk, respectively. Along with this
line of research, separate models were developed at first for
SV and MV crashes to account for the difference between
them [7, 9–12]. However, those models largely ignored the
shared unobserved effects between SV and MV crashes,
which is problematic and leads to inconsistent estimates [13].
To account for these shared heterogeneities between SV and
MV crashes, researchers have proposed advanced models
such as bivariate Poisson-gamma/lognormal models to study
SV and MV accidents jointly [14–17]. These previous studies
mainly employed count data models and had undoubtedly
provided many useful finding which contributed to the
overall understanding of the characteristics of SV and MV
accidents.

Though many safety studies have already been con-
ducted, the investigations on the mechanism of SV and
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MV crashes especially those using disaggregate data are
still lacking. Besides, methods other than Poisson-based
frequency models are yet to be explored to bring a new
understanding on SV and MV crashes. The objective of this
study is mainly to investigate the difference of contributing
factors between SV and MV accidents using disaggregate
data. To this end, a comprehensive database is first established
which includes road geometric features, traffic status, and
environmental conditions that are processed on an hourly
basis.Then,mixed logitmodels where the response variable is
categorized as no accidents, SV accidents, and MV accidents
are employed to address unobserved heterogeneity. Unlike
previous aggregated studies that suffer from loss of time-
varying information [4], this paper adopts refined-scale panel
data to capture the time-varying information as well as to
make the short-term prediction. To the authors’ knowledge,
there is rarely reported study so far on using the mixed
logit model to analyze short-term SV and MV accidents risk.
By using mixed logit models to examine SV and MV crash
risk in short period, this study can address the unobserved
heterogeneity and potentially provide new insights regarding
the mechanisms of SV and MV crashes.

The remainder of this paper is organized as follows.
Previous studies on SV and MV crashes and mixed logit
model are briefly summarized in Section 2. In Section 3, a
description of data is presented, followed by Section 4, where
a detailed explanation of the mixed logit model structure
used in this study is outlined. Section 5 presents the model
results. Finally, Section 6 summarizes the conclusions and
future research directions.

2. Previous Research

2.1. Studies on SV and MV Crashes. SV and MV crashes
often refer to different types of accidents. To be specific,
SV usually involves run-off-road crash and hitting objects,
whileMVusually relates to accidents such as rear-end crashes
and sideswipes.Therefore, traffic safety researchers have long
established that the etiologies of SV and MV crashes are
different. Past studies have examined the different features of
SV andMVcrashes. For example,Mensah andHauer [9]were
among the first to investigate single-vehicle and multivehicle
crashes. They developed separate models for SV and two-
vehicle crashes and concluded that two separate models for
SV and two-vehicle crashes outperformed the model that
aggregated SV and two-vehicle crashes together.

Shankar et al. [18] investigated the effects of road geomet-
ric design and environmental and seasonal characteristics on
SV and MV crashes. Different types of accident data and the
various risk factors such as curve number and precipitation
froma 61-kmhighway sectionwere collected.They found that
the separatemodels for SV andMVcrashes can better explain
the data than the model that pools all the crash data together.

F. Chen and S. Chen [19] examined the injury sever-
ities of truck-involved crashes on rural highways based
on the distinct models for different crash types. Mixed
logit models were used to investigate different risk factors
including the driver, temporal, environmental, and roadway

characteristics. Their results showed that SV andMVmodels
have their respective contributing factors. The likelihood
ratio test was conducted to verify the significance of separate
models over the combined model, and the results indicated
that separate models are superior.

These past studies have shown that it is beneficial to
develop separate models for SV and MV crashes. However,
the models adopted in those studies failed to account for
the dependence between SV and MV crashes. By developing
separate models, possible unobserved effects shared by SV
andMV crashes were typically ignored [4]. To account for the
dependence between crash types, researchers have proposed
multivariate models to study SV and MV accidents jointly.
For instance, Yu and Abdel-Aty [17] employed Bayesian
bivariate Poisson-lognormal model and hierarchical Poisson
models to examine the different characteristic of SV and MV
crashes.

Geedipally and Lord [15] investigated the difference of
confidence intervals between disaggregated models and the
combined model of SV and MV crashes. Five-year crash
data on multilane undivided highways were used to develop
bivariate Poisson-gamma models for crash prediction. They
discovered that the univariate models provide narrower
confidence intervals than the bivariate model.

Ma et al. [16] proposed a random effect bivariate Poisson-
lognormal model to investigate the effect of geometric fea-
tures, weather, and traffic conditions on crash occurrence.
Their results indicated that the proposedmodel could address
the different levels of correlations between SV and MV
crashes.

These abovementioned studies have contributed to the
general understanding of SV and MV crashes. Most of
these studies adopted Poisson-basedmodels such as Poisson-
gamma and Poisson-lognormal models to predict crash
frequency. In this study, the difference of single-vehicle and
multivehicle crashes will be reexamined from a different
perspective. Advanced discrete choice model, that is, mixed
logit model, is developed using real-time crash-related infor-
mation that is processed into hourly records.

2.2. Mixed Logit Model. Over the past two decades,
researchers have developed various methods to analyze the
risk factors related to traffic crash frequency. Count data
models such as Poisson, Negative Binomial, and Poisson-
lognormal models are predominantly employed for such
purposes [4]. Discrete choice models, on the other hand, are
mainly used to investigate injury severity levels. For example,
Barua and Tay [20] developed an ordered logit model to
study the injury severities of bus crashes in Bangladesh. Xu
et al. [21] used spatial logit model to examine the impact of
possible risk factor on the injury severity of pedestrians in
the crashes which occurred at signalized intersections.

Among various discrete choice models, mixed logit
model, that is, the randomparameter logitmodel, has become
popular in injury severity studies [19, 22, 23]. It relaxes
the independence of irrelevant alternatives assumption for
multinomial logit model and offers great capability to capture
unobserved heterogeneity in crash data. For instance,Haleem



Journal of Advanced Transportation 3

and Gan [23] developed a mixed logit model to investigate
the injury severities of urban freeway crashes in Florida. The
role of vehicle types, driver’s age, and sides of impact on each
injury severity are assessed to unfold their respective effects.
Based on the results, two major strategies were suggested to
reduce the impacts of adverse factor. Hao and Kamga [24]
use ten-year crash data which occurred at highway-rail grade
crossings to analyze the effect of lighting on driver injury
severities based on mixed logit models. The authors estab-
lished separate models for lighted intersection and unlighted
intersection and found that there are common and different
significant attributes for the two situations and suggested
that it is necessary to focus more on how drivers react to
emergencies at unlighted highway-rail intersections. These
studies have all demonstrated the great potential of mixed
logit models in crash analyses. By allowing the parameters to
vary across observations, mixed logit models enable analysts
to discover complex relationships between injury severity and
its contributing factors.

2.3. Real-Time Crash Prediction. Despite the preponderance
of literature in safety research, most studies are focused on
crash predictions on aggregate levels based on yearly records
[1, 4, 14, 15, 18, 25].Those studies employed highly aggregated
data, thus being unable to provide guidance for proactive
intervention. Real-time crash risk prediction which seeks to
identify crash precursor, on the other hand, shows a great
appeal for proactive traffic management. It has become a hot
topic and been frequently examined by researchers in recent
years [17, 26, 27].

However, the literature on real-time crash estimation is
not without limitation. To begin with, the real-time safety
analysis often requires traffic turbulence measures 5–10 min-
utes before the crash.Therefore, one key assumption for real-
time risk evaluation requires the error of reported crash time
to be small. Imprialou and Quddus [28] investigated in detail
the quality of police-reported crash data.The results revealed
that the reported crash time which ended at zero or five min-
utes over the course of 1 hourwas unproportionally high, with
an even higher spike at the thirtieth minute. It is therefore
possible that some crashes occurred earlier than the reported
time. They concluded that such inaccuracy in reported crash
timemight significantly compromise the validity of real-time
safety studies. Schlögl and Stütz [29] summarized important
issues associated with data uncertainty in road safety studies.
They pointed out that it is untenable to use time unit smaller
than 1 hour due to rounding errors in reported crash time and
called for more hourly based studies. Moreover, Roshandel et
al. [27] summarized the opportunities and challenges facing
real-time risk prediction. They reviewed real-time safety
literature and revealed problems such as inconsistent results
from different studies and poor predictive performance.
Another shortcoming relates to the nature of matched case-
control design, which is a major tool for real-time crash
prediction. The readers are referred to Roshandel et al. [27]
for a detailed discussion.

Given that the aggregatedmodels are incapable of guiding
proactive traffic management and that the real-time safety

studies suffer from abovementioned shortcomings, this paper
tries to find a middle ground that can balance both sides.
By employing the crash-related data processed into hourly
records, this study can be far less sensitive to the inaccuracy in
reported crash time yet still being able to provide short-term
(1 hour) crash prediction for proactive traffic management.

3. Data Description

The selected highway stretch is a part of I-25 in Colorado,
which starts at Mile Marker 188.49 and ends at Mile Marker
221.03. The overall length of this stretch is 55.93 miles. The
data set used in this research mainly consists of the following
four sources: (1) one-year detailed crash data obtained from
Colorado State Patrol; (2) highway geometric characteristic
and pavement condition data obtained from Roadway Char-
acteristic Inventory; (3) refined-scale (in 20-minute intervals)
weather and surface condition data from Road Weather
Information System; (4) real-time (in 2-minute intervals)
traffic data detected by the traffic monitoring stations on I-
25.

In previous studies, crash data are usually processed into
relatively large time interval. Such aggregation suffers from
loss of the time-varying information and leads to estimation
bias. To avoid these problems, the crash-related data are
processed into relatively short time intervals (one hour) in the
current study. The road segments are divided based on the
location of traffic stations and further segmented according
to the variation of geometric characteristics. For instance, if
one of the main characteristics, such as speed limit, changes,
this segment will be divided into two new segments. In this
way, this study developed 57 road segments, 29 of which
are northbound and the others are southbound. The crash
data were mapped to roadway segments and processed into
hourly records. Then they were matched with the traffic
and weather data. The response variable resulted in four
possible outcomes: (1) no accident; (2) SV accident; (3) MV
accident; and (4) SVmixedwithMVaccident.However, there
were only five out of 328,398 total observations which ended
with the fourth outcome (SV mixed with MV). Due to its
scarcity, the fourth outcome does not warrant a standalone
category in the mixed logit model. Besides, the SV mixed
with MV accident resembles the MV accident more than SV
accident in terms of etiology. The resulting response variable
is therefore defined as three categories, which are no accident,
SV accidents, and MV accidents.

There aremany detailed geometric variables in the dataset
including segment length (miles), number of lanes, number
of merging ramps per lane per mile, rutting condition,
curvature (degree), and inside shoulder width (feet). Some
important traffic control information like speed limit is also
collected. There are five weather stations on the study stretch
of I-25, which can provide road surface and weather data at
a twenty-minute interval. The weather data of each segment
are evaluated from the closest station. There are more than
20 monitoring stations that are almost evenly distributed
on the road section. The traffic speed and volume data
recorded by these stations at 2-minute interval are processed
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Table 1: Descriptive statistics of response and significant explanatory variables.

Variable Mean Std. dev. Minimum Maximum
Crash type 0.008 0.121 0 2
Temporal characteristic
Night 0.431 na 0 1
Weekend 0.271 na 0 1
November 0.095 na 0 1
Time of sunset 0.062 na 0 1
4 a.m.-5 a.m. 0.040 na 0 1
Traffic characteristic
Low speed limit indicator (1 if speed limit is less than 55 miles per hour, 0
otherwise) 0.369 na 0 1

Speed gap (speed limit minus traffic speed) (mph) 2.642 5.533 0 69.18
Hourly traffic volume (in thousands per hour) 2.916 2.101 0.03 14.988
Truck percentage (%) 6.215 1.922 2.8 10.7
Road characteristic
Number of entering ramps per lane per mile 0.252 0.215 0 0.926
Number of lanes 4.159 0.562 3 5
Curvature (degree) 0.947 0.681 0 2.260
length of segment (miles) 1.014 0.769 0.236 4.5
Long remaining service life of rutting (1 if the value of rut is higher than 99,
0 otherwise) 0.225 na 0 1

Inside shoulder width (in feet) 9.006 2.583 5 15
Environmental and road surface characteristic
Cross wind speed 4.146 3.906 0 31.98
Visibility 1.075 0.136 0 1.1
Wet road surface 0.082 na 0 1
Chemical wet road surface 0.037 na 0 1

into hourly record. More details about how the data were
processed can be found in a study by Chen et al. [30]. The
descriptive statistics of response and explanatory variables are
summarized in Table 1.

4. Methodology

For traditional crash prediction model, the effects of all
the explanatory variables were assumed to be fixed across
observations.Therefore, the unobserved heterogeneities were
ignored. To address the problem, this study adopted mixed
logit models to examine the risk factors and their degree of
influence on the SV and MV accident. The model structure
of mixed logit model is specified in the following section.

Since the data set used in this study is processed to panel
data structure with multiple hourly observations from the
same roadway segment, the number of all the observations
is expressed as 𝑁:

𝑁 =
𝐽

∑
𝑗=1

𝑡𝑗 =
𝑇

∑
𝑡=1

𝑗𝑡, (1)

where 𝑡𝑗 means the total number of observations in the site
of 𝑗; 𝑗𝑡 means the total number of observations in the time

period of 𝑡; 𝐽 and 𝑇 mean the number of segments and
time periods, respectively. In contrast to previous studies
that used cross-sectional data [31], this study adopts panel
data structure and specifies the random parameter on road
segment level.

Let 𝑃𝑛𝑗𝑡(𝑖) be the probability of crash category 𝐼 (no
accident, single-vehicle accident, and multivehicle accident)
which occurred on observation 𝑛𝑗𝑡:

𝑃𝑛𝑗𝑡 (𝑖) = 𝑃 (𝛽𝑖𝑋𝑛𝑗𝑡 + 𝜀𝑛𝑗𝑡𝑖 ≥ 𝛽𝑖𝑋𝑛𝑗𝑡 + 𝜀𝑛𝑗𝑡𝑖)
∀𝑖 ∈ 𝐼, 𝑖 ̸= 𝑖,

(2)

where 𝑛𝑗𝑡 = 1, . . . , 𝑁, which means the observation on the
𝑗th road segment at the 𝑡th hour. 𝐼 is the set of all the possible
crash categories which are mutually exclusive. 𝑖 and 𝑖 are
different crash categories. 𝛽𝑖 and 𝛽𝑖 mean the parameter
vectors of crash categories 𝑖 and 𝑖.𝑋𝑛𝑗𝑡 is the vector of all the
contribution variables for the observation 𝑛𝑗𝑡, which have an
influence on the possibilities of crash categories 𝑖 and 𝑖. 𝜀𝑛𝑗𝑡𝑖
and 𝜀𝑛𝑗𝑡𝑖 are random components (also called error terms)
that explain the unobserved effects on crash categories of the
𝑗th road segment at 𝑡th hour.
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Assuming that 𝜀𝑛𝑗𝑡𝑖 follows a type I extreme-value distri-
bution [32], this results in a multinomial logit model which
can be defined as

𝑃𝑛𝑗𝑡 (𝑖) = 𝑒𝛽𝑖𝑋𝑛𝑗𝑡
∑∀𝑖∈𝐼 𝑒𝛽𝑖𝑋𝑛𝑗𝑡

, (3)

where the parameter 𝛽𝑖 can be estimated using the maximum
likelihood method.

The mixed logit model is introduced by relaxing the
parameters 𝛽𝑖 of the multinomial logit model to be variable
across hours 𝑡. The distribution of random parameter is
specified as follows:

𝛽𝑘𝑖 ∼ 𝑁(𝛽𝑘𝑖, 𝜎𝛽𝑘𝑖) if 𝛽𝑘𝑖 is a random parameter, (4)

where 𝑘 is the index of explanatory variables for the crash
category of level i; 𝛽𝑘𝑖 is the 𝑘th parameter in 𝛽𝑖 at crash
level 𝑖;𝑁(𝛽𝑘𝑖, 𝜎𝛽𝑘𝑖)means that𝛽𝑘𝑖 obeys a normal distribution
which varies across different hours; 𝛽𝑘𝑖 and 𝜎𝛽𝑘𝑖 are the mean
and standard deviation of 𝛽𝑘𝑖. In this case, the mixed logit
model is specified on a panel data structure where multiple
observations are nested within each segment under different
hours. The resulting mixed logit model is given as follows:

𝑃𝑛𝑗𝑡 (𝑖) = ∫ 𝑒𝛽𝑖𝑋𝑛𝑗𝑡
∑∀𝑖∈𝐼 𝑒𝛽𝑖𝑋𝑛𝑗𝑡

𝑓 (𝛽 | 𝜑) d𝛽, (5)

where 𝑓(𝛽 | 𝜑) is the density function of 𝛽 with parameter
vector 𝜑. The likelihood function of mixed logit model
was programmed using the NLMIXED procedure in SAS
software. In previous studies [19, 22], the normal distribution
was found to best fit the data compared to other distributions,
including lognormal, triangular, and uniform distribution.
Therefore, only normal distribution is considered herein.

5. Results

In this study, the no accident category is chosen as the
base category. Hence, the estimated parameters of mixed
logit model indicate the difference between the base category
(no accident) and the corresponding category (SV accidents
or MV accidents). To examine whether it is reasonable to
divide the crash type into three categories, models with
three crash categories and four crash categories are both
established, respectively, for comparing. Detailed model esti-
mation results are summarized in Tables 2 and 3. Many
risk factors from different aspects (road geometric, traffic
status, and environment characteristics) are shown to have
significant influence on the SV and MV crash risk.

AIC (Akaike information criterion) and BIC (Bayesian
information criterion), which weigh model fit against model
complexity, are used to compare the performance of the two
models. The model of three crash categories has relatively
lower AIC and BIC than the model of four categories. This
result somehow provides empirical evidence that three crash
categories are better than four crash categories.Therefore, the
following analysis is mainly based on the results shown in
Table 2.

Table 2:The estimated results of mixed logit model with three crash
categories.

Variable Estimated
parameter 𝑡-statistic

Constant [SV] −7.255 −16.38
Constant [MV] −8.608 −9.9
Temporal characteristic
Weekend [MV] 0.135 2.07
November [MV] 0.322 3.43
4 a.m.-5 a.m. [MV] −1.698 −2.92
Traffic characteristic
Low speed limit indicator [MV] 0.654 3.2
Speed gap [SV] 0.045 4.68
Speed gap [MV] 0.084 31.62
Hourly traffic volume [MV] 0.823 12.61
Truck percentage [MV] −0.056 −1.94
Road characteristic
Number of entering ramps per lane per
mile [MV] −1.138 −3.04
Curvature [MV] 0.360 2.43
Length of segment [SV] 0.787 6.01
Length of segment [MV] 0.823 5.5
Long remaining service life of rutting
[MV] 0.422 2.44
Environmental and road surface
characteristic
Visibility [SV] −0.821 −2.18
Wet road surface [SV] 0.676 2.56
Wet road surface [MV] −0.330 −2.04
Chemical wet road surface [MV] 0.429 3.01
Random parameters
Mean of log of hourly traffic volume
[MV] 0.823 12.61
Std. dev. of log of hourly traffic volume
(normal distribution) 0.160 2.29
Mean of inside shoulder width [MV] 0.032 0.95
Std. dev. of inside shoulder width
(normal distribution) 0.047 5.89
Mean of wet road surface [MV] −0.330 −2.04
Std. dev. of wet road surface
(normal distribution) 0.608 3.35
Fit statistics
−2 log likelihood 15476
AIC (smaller is better) 15532
BIC (smaller is better) 15589

According to model estimation results, three explanatory
variables are found to be better treated as random parameters
(significant at the level of 95% with 𝑡-statistics 2.29, 5.89, and
3.35, respectively). From Table 2, the parameter associated
with the hourly traffic volume of MV crash category is nor-
mally distributed with mean 0.8228 and standard deviation



6 Journal of Advanced Transportation

Table 3: The estimated results of mixed logit model with four crash
categories.

Variable Estimated
parameter 𝑡-statistic

Constant [SV] −7.254 −16.38
Constant [MV] −8.587 −9.79
Constant [SV and MV] −12.398 −16.62
Temporal characteristic
Weekend [MV] 0.134 2.05
November [MV] 0.319 3.35
4 a.m.-5 a.m. [MV] −1.678 −2.89
Traffic characteristic
Low speed limit indicator [MV] 0.653 3.17
Speed gap [SV] 0.045 4.68
Speed gap [MV] 0.083 31.29
Speed gap [SV and MV] 0.140 5.56
Hourly traffic volume [MV] 0.822 10.92
Truck percentage [MV] −0.058 −2.01
Road characteristic
Number of entering ramps per lane per
mile [MV] −1.140 −3.02
Curvature [MV] 0.363 2.43
Length of segment [SV] 0.786 6
Length of segment [MV] 0.812 5.39
Long remaining service life of rutting
[MV] 0.427 2.44
Environmental and road surface
characteristic
Visibility [SV] −0.822 −2.18
Wet road surface [SV] 0.674 2.55
Wet road surface [MV] −0.342 −2.1
Chemical wet road surface [MV] 0.419 2.91
Random parameters
Mean of log of hourly traffic volume
[MV] 0.823 10.92
Std. dev. of log of hourly traffic volume
(normal distribution) 0.162 2.3
Mean of inside shoulder width [MV] 0.032 0.91
Std. dev. of inside shoulder width
(normal distribution) 0.047 5.91
Mean of wet road surface [MV] −0.342 −2.10
Std. dev. of wet road surface
(normal distribution) 0.614 3.38
Fit statistics
−2 log likelihood 15536
AIC (smaller is better) 15598
BIC (smaller is better) 15661

0.1602.The distribution of hourly traffic volume of MV crash
is shown in Figure 1. This indicates the increase of hourly
traffic volume will raise the possibility of multivehicle crash
in nearly all (99.99%) of the road segments. This result is
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Figure 1: Distribution of hourly traffic volume associated with MV
crash.

consistent with people’s perceptions/experience and is in line
with previous studies [16, 33]. Besides, the random parameter
indicates that the impact of hourly traffic volume on MV
crash possibility is different across road segments. The same
variable is not significant in SV crash category, which means
hourly traffic volume has no significant effect on single-
vehicle crashes. The difference of significant parameters
reveals that some essential differences do exist between
single-vehicle crashes and multivehicle crashes.

Inside shoulder width is also found to have random effect
on different road segments for MV accidents. According to
the results, the estimated mean of the parameter is not sta-
tistically significant, which may be considered as a problem.
Nevertheless, a recent study by Behnood andMannering [34]
pointed out that when the standard deviation of a random
parameter is significant, the mean of the random parameter
does not need to be significant as well. From Table 2, the
parameter of the inside shoulder width of MV crash category
is normally distributed with mean 0.0318 and standard
deviation 0.0472.The corresponding distribution is shown in
Figure 2, which shows that 75% of the distribution is greater
than zero and 25% is less than zero. This means that wider
inside shoulder is associated with higher probability of MV
accidents in 75% of the road segments and lower probability
of MV accidents in the rest 25% of the road segments. This
finding can possibly be explained by the tradeoff between
forgiving geometric design and risky driving. On the one
hand, wider inside shoulder tolerates more driver errors.
On the other hand, it is possible that when inside shoulder
exceeds a certain threshold, driversmay bemore likely to take
risky actions such as passing and speeding, according to risk
compensation theory [35].

The parameter of the wet road surface of MV crash
category is normally distributed with mean −0.3303 and
standard deviation 0.6076. As shown in Figure 3, 29% of the
distribution is greater than zero and 71% is less than zero.
When the road surface gets wet, nearly three-quarters of the
hours are related to lower likelihood of MV accidents, while
the other hours are related to higher risk of MV accidents.
Moreover, wet road surface is positively correlated to SV
accidents, which means that wet road surface usually leads to
more SV accidents. Such phenomena may be caused by some
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Figure 2: Distribution of insider shoulder width associated with
MV crash.
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Figure 3: Distribution of wet road surface associated with MV
crash.

unobserved heterogeneity of driver behavior. On wet road
surface, the skid resistance decreases which increases crash
risks. At the same time, wet road surface is often concurrent
with rainy condition when drivers tend to maintain a longer
distance between vehicles. The crash risk is therefore a result
of increased driver attentiveness and reduced skid resistance.
As a result, wet road surface leads to mixed effects on MV
crash.

5.1. Temporal Characteristics. It can be found from Table 2
that the temporal factors do not have a strong impact on
the possibility of SV accidents. As for MV accidents, the
results indicate that the MV crashes are more likely to
occur on weekends and less likely to occur during 4 a.m.
to 5 a.m. Compared to other months, the likelihood of MV
crashes is larger in November. This may be associated with
some harmful impacts caused by the sudden storm and
temperature change in November, 2010 [30].

5.2. Traffic Characteristic. Speed limit indicator is used to
evaluate the effect of speed limit on traffic safety. This study
uses a dummy indicator to express the speed limit. If the
legal speed limit is smaller than 55, then the value equals
1, otherwise equals 0. The results show that low speed limit
will increase the possibility of multivehicle crashes. Some

researchers also found that low speed limit will increase crash
possibility [36], but they failed to reveal its different effects on
SV and MV accidents.

The speed gap variable denotes the difference between
the average speed and the speed limit, which can represent
the congestion level to some extent. As shown in Table 2,
the results indicate that both SV and MV vehicle crashes
are more likely to occur when the speed gap gets larger.
This finding is partially similar to those in some previous
studies [17]. In addition, the increase of truck ratio will
decrease the likelihood of multivehicle crashes, which is in
accordance with the conclusions drawn by Anastasopoulos
and Mannering [37].

5.3. Road and Pavement Characteristic. Several road char-
acteristics are found to have significant influence on SV
and MV crash risks. The length of road segment tends to
increase the likelihood of both SV and MV crash, which
is consistent with the research by Venkataraman et al. [38].
More merging ramps per lane per mile will decrease the
likelihood of multivehicle crashes, which may be attributed
to the careful driving behavior on roads consisting of more
merging ramps.The same indicator has also been investigated
in previous studies. Pei et al. [39] also found that an increase
in the merging and diverging ramp number leads to fewer
accidents, while some other researchers [37] made opposite
conclusions. The difference of their conclusion may be due
to their aggregate model structure, which does not consider
the different mechanism between SV andMV accidents.This
inconsistency among past findings points to the very need to
investigate SV and MV crashes separately and uncover their
respective risk factors.

A similar result is also found for the curvature variable.
In this study, the results imply that higher curvature will
cause highermultivehicle crash risks. Albeit some researchers
found that the degree of curvature can be beneficial for traffic
safety [17, 39], other researchers found it positively correlated
with the crash likelihood [36, 40].

As for pavement conditions, it can be found that the
possibility of multivehicle crashes will decrease on segments
with longer remaining service live of rut. This is probably
because drivers have a tendency to drive carefully on the road
with deeper rut and is consistent with past studies [30].

5.4. Environmental and Surface Characteristic. Turning to
surface characteristic, wet road surface and chemical wet
road surface are both shown to be associated with increased
possibility of single-vehicle crash. Chemical wet road surface
leads to more multivehicle crashes, while the effect of wet
road surface will change across road segments because of its
random nature, which has been discussed above.

From Table 2, higher visibility is related to decreased
possibility of single-vehicle crashes. According to the results,
other environment characteristics, such as cross wind, tem-
perature, and humidity, are not significant.This phenomenon
is plausible because the selected stretch of I-25 is relatively
flat and spans across Denver metro. On highways located
at mountainous terrains subjected to complex weather, the
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environment characteristicsmay impose significant influence
on traffic safety.

6. Discussion and Conclusion

In this study, mixed logit models are developed to examine
the difference of SV and MV accident probability using
hourly based disaggregated crash data. One-year accident
data, detailed traffic data, weather condition, road geometry,
and surface condition data on I-25 from the state of Col-
orado were collected to establish a refined-scale panel data
structure. The refined-scale is used to capture the potential
information lost in aggregate data. Many risk factors are
found to have varying effects on SV and MV accident
probability.

These findings contribute to the literature on the risk
factors that are associated with the different mechanisms
of SV and MV crash. Different from the former researches
whichmodel the SV andMVaccidents frequencies separately
or jointly, this study uses mixed logit model to study the
risk of both SV and MV crashes. Therefore, the results of
this paper can provide guidance to develop more rational
and effective segment management measures and accident
prevention strategies. In addition, some findings are also
helpful for the evaluation and improvement of the designs of
existing transportation infrastructure.

Themain conclusions associated with the risk factors and
their different effects on SV andMVaccident are summarized
as follows.

(1) Speed gap, length of segment, and wet road surface
are found to have significant effects on both SV and MV
accident possibility. In addition to these indicators, most of
other variables including time of weekends, November, low
speed limit indicator, hourly traffic volume, truck percentage,
and chemical wet road surface are significant for only MV
accidents. Visibility indicator is significant for only SV acci-
dents.

(2) For I-25, the main influence factors of SV and MV
accident possibility are traffic, road, and surface character-
istics. Other temporal and environment characteristics like
weekends, special period, and visibility also have certain
effects on the possibility of SV and MV accidents, respec-
tively.

(3) The model results indicate that hourly traffic volume,
inside shoulder width, and wet road surface are random
parameters with normal distribution for multivehicle crash
probability. So the impacts of these variables onMV accident
are proved to be different across road segments.
Without doubt, there are also some limitation existing in the
present study. The conclusions conducted here are mainly
based on the data frompart of I-25, whichmay be not suitable
for other highways. In order to getmore precise and universal
rules on the possibility of SV and MV accidents, further
studies should be conducted on different types of highways.
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The objective of this study is to investigate lane-changing characteristics in freeway off-ramp areas using Shanghai Naturalistic
Driving Study (SH-NDS) data, considering a four-lane freeway stretch in various traffic conditions. In SH-NDS, the behavior of
drivers is observed unobtrusively in a natural setting for a long period of time. We identified 433 lane-changing events with valid
time series data from the whole dataset. Based on the logit model developed to analyze the choice of target lanes, a likelihood
analysis of lane-changing behavior was graphed with respect to three traffic conditions: free flow, medium flow, and heavy flow.The
results suggested that lane-changing behavior of exiting vehicles is the consequence of the balance between route plan (mandatory
incentive) and expectation to improve driving condition (discretionary incentive). In higher traffic density, the latter seems to play
a significant role. Furthermore, we found that lane-change from the slow lane to the fast lane would lead to higher speed variance
value, which indicates a higher crash risk.The findings contribute to a better understanding on drivers’ natural driving behavior in
freeway off-ramp areas and can provide important insight into road network design and safety management strategies.

1. Introduction

Innovative technologies and traffic data sources provide
great potential to extend advanced strategies and methods
in road safety research. Advances in traffic safety modeling
and analysis will play an important role in reducing road
crashes and improving traffic operations. Lane-changing’s
adverse impact on traffic safety has been investigated and
confirmed. Recent studies in traffic management have shown
that lane-changing maneuvers are a major source of traffic
disturbance on a multilane freeway [1]. Such maneuvers
are also critical to road safety as 40% of freeway accidents
happened in ramp areas, particularly in off-ramp sections
[2]. A better understanding of lane-change events can also
improve design of the human-machine interface in driving
assistance systems.

Up to now, lane-changing characteristics and influencing
factors in urban roads or freeways have been studied from
the perspectives of driver behavior [3] and road and traffic
conditions [4, 5]. In these studies, lane-changes can be
classified as either mandatory or discretionary according to

driving incentives [6]. Generally traffic outflows do manda-
tory lane-changing (e.g., off-ramp or to avoid a block), while
through traffic conduct discretionary lane-changing when
drivers perceive that driving conditions in the target lane are
better. So far there has been little research on the modeling
of integrated mandatory and discretionary lane-changing
strategies in freeway off-ramp areas.

Traffic on the fast lane must change to the shoulder lane
before exiting a ramp on a freeway. Usually mandatory lane-
changing to the shoulder lane is performed by the departure
vehicles far enough before the off-ramp area. However, in
actual traffic conditions, queue-jumping behavior occurs
frequently when approaching an off-ramp and significantly
affects traffic capacity and stability, which is neglected in
most simulation programs. Furthermore, trade-offs between
mandatory and discretionary incentives are limited. For
example, when considering a mandatory lane-changing to
exit a ramp, a driver may decide to overtake a heavy vehicle
in front first (e.g., executing a discretionary lane-change first).
Advances in data collection technologies, (e.g., the naturalis-
tic driving system), giving access to high-resolution vehicular
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data, provide an opportunity for us to fully understand
the highly complex lane-changing procedure, particularly
the trade-off decisions. Thus, it is valuable to conduct a
comprehensively empirical study on lane-changing decision-
making in freeway off-ramp areas.

The major lane-changing modeling methods consist of
two distinct forms: lane-change decision model and lane-
change influence model. For lane-changing decisions, Gipps
introduced the original lane-changing model on urban roads
which considered traffic signals, obstructions, and heavy
vehicles [7], then several refined models based on Gipps
were developed and extended to freeways [8, 9]. Ahmed et
al. [10] employed random utility theory in lane-changing
behaviormodeling and a lane-changing choice was defined as
a sequence of three steps: decision to consider a lane-change,
choice of left or right lane, and search for an acceptable gap
to execute the decision. Ahmed [11] extended the mandatory
LC model to accommodate congested traffic, where forced
merging behavior frequently occurs because of lacking of
normally acceptable gaps. Toledo [12] developed a discrete
choice framework to model integrated lane-changes and
estimated the parameters. Other analysis methods of lane-
changing behavior include risk-based models [13], as well
as intelligent algorithms such as artificial neural networks
[14] and fuzzy inference [15]. For example, Balal et al. [16]
applied a fuzzy inference system to model a driver’s binary
decision to or not to execute a discretionary freeway lane-
change. Research on the lane-changing behavior indicates
that slower preceding vehicles would in many situations
tempt the following drivers to consider overtaking, and 95%
of drivers would choose to do lane-changing only if the rear
spacing on the target lane is bigger than 15 meters and speeds
are higher than the following vehicles on the target lane
[17, 18]. Zheng [19] categorizes the major LC models in the
literature into two groups: models that aim to capture the
LC decision-making process andmodels that aim to quantify
LC’s impact on traffic.

Under the condition of dense traffic, a vehicle attempting
a lane-change needs cooperation from at least one following
vehicle in the target lane. Hidas [9] developed a cooperative
lane-changing model based on a “driver courtesy” concept.
By comprehensively reviewing previous works, Kesting et
al. [20] proposed the model MOBIL (Minimizing Overall
Braking Induced by Lane-changes) to address cooperative
lane-changing of intelligent vehicles. Based onMOBIL, other
researchers further studied intelligent lane-changing models
[19]. On the empirical side, the studies of lane-changing
behavior were far less extensive than those of longitudinal
behavior (such as car following) due to the lack of compre-
hensive vehicle trajectory data. The emergence of connected
vehicle technology offers some great opportunities.

Previous studies rely on theoretical calculation, traffic
simulation, or driving simulator and field experiment to col-
lect lane-changing behavior data. To overcome the restriction
of driving simulation and field experiment such as short test
horizon and limited controlled settings [21], the 100-car Nat-
uralistic Driving Study (NDS) was the first large-scale NDS
conducted in the US [22, 23], followed by the 60-Taxi NDS in

Japan [24].TheUDRIVENaturalistic Driving Study was con-
ducted from 2012 to 2016 in seven countries in Europe [25].
Naturalistic Driving Study, undertaken in natural conditions
(no interference, no appearance of researchers, and during
daily driving) [26, 27], provides the opportunity to observe
the actual driving process with an unobtrusive high-precision
data acquisition system. In comparison to the intensive efforts
on driver behavior and microsimulation, lane-changing
modeling using naturalistic driving data is still a relatively
undeveloped area. Frequent and substantial lane-changes
based on individual decisions and preferences can certainly
affect traffic flow and road safety. Improper lane-changing has
been identified as a main source of congestion and collisions
[28]. It is a challenging task to fully understand the mech-
anism for lane-changes at freeway exits and it requires data
of heterogeneous traffic conditions with varying degrees of
driver behavior and perception.

However, real-time lane-changing characteristics cannot
be obtained in most of the existing studies. Limited investi-
gations have been made to identify hazardous lane-changing
behavior; thus few of the models can be applied in real-
time driving assistance systems. Lane-changing risk has been
investigated as a surrogate safety measure to predict crash
potentials in a mesoway. Typically, traffic data from loop
detectors has been utilized to predict potential lane-changing
related crashes and studies indicated that difference in occu-
pancy of adjacent lanes was significantly associated with the
crash potential [29]. Individual vehicular information was
extracted for a surrogate index of crash risk and results
showed the measure was effective in predicting traffic crash
occurrence [30, 31]. Thus, naturalistic driving data provide
the opportunity for researchers to fully investigate the safety
factors in lane-changing.

The ongoing Shanghai Naturalistic Driving Study (SH-
NDS) is a joint effort by Tongji University, General Motor
China and Virginia Tech Transportation Institute.The objec-
tive of the SH-NDS is to investigate how drivers interact with
vehicle, roadway, traffic conditions, and traffic control devices
in China. Also SH-NDS offers the opportunity to inves-
tigate similarities and differences between Chinese drivers
and drivers from other countries. Typically, a naturalistic
observation vehicle was equipped with devices that continu-
ously monitor various aspects of driving behavior, including
information about vehicle movements (e.g., acceleration and
deceleration, position on the road, and driving speed), about
the driver (e.g., eye, head and hand movements), and about
the direct environment (e.g., time headway, traffic density,
road, and weather conditions).

The objective of this study is to investigate lane-changing
characteristics in freeway off-ramp areas using SH-NDS data,
considering a four-lane freeway stretch in various traffic
conditions. This paper is organized as follows. Section 2
presents data collection and sampling; a description of the
model structure is presented after that. The homogeneity
and heterogeneity analysis as well as the safety assessment
of lane-changing are discussed in Section 3. The last part
concludes with remarks on the potential scope of future
studies.
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Figure 1: Four camera views in SH-NDS data acquisition system: forward view (left), in-cabin driver face view (upper left), instrument panel
and steering wheel view (upper right), and rear view (bottom right).
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Figure 2: The procedure of data collection and extraction.

2. Method

2.1. Shanghai Naturalistic Driving Study Data. In this Shang-
hai naturalistic observation study, driving behavior was
observed unobtrusively in a natural setting for a long period
of time. A total of 60 drivers from the Shanghai metropolitan
area have been involved since the end of 2012. They are
between 35 and 50 years old, holding valid driving licenses,
and with more than five years’ driving experience. Partici-
pants were required to drive no less than 40 kilometers per
day on average. Each participant drove the assigned vehicle,
and every day the route was determined by themselves
according to the needs of work and nonwork, without the
presence of any researcher.

The instrumented vehicles were fitted with unobtrusive
data acquisition systems consisting of GPS, high frequency
video camera, triple axis accelerometer, Doppler radar, and
lane offset system. The vehicle data acquisition system
recorded data when the car was running and in-motion. The
resultant dataset consisted of approximately 750,000 km of
driving data (comprising more than 80,000 hours of video
data). Each driver was assigned to one of five instrumented
vehicles and drove the car for three months. After a partici-
pant completed her/his time in this study, a different driver

was assigned to the test car until the data collection process
was completed for all participants.

Original naturalistic driving data are characterized by
a large number of parameters. In this dataset, there are
more than 10,000 CSV files which contain the information
acquired from single trips. For the purpose of this study,
lane-changing data in freeway off-ramp areas were chosen
as (1) vehicle trajectory data and motion characteristics (e.g.,
speed, acceleration) in a selected freeway off-ramp segment;
(2) neighboring traffic around the objective, which refers to
surrounding vehicles’ motion information within the scope
of instrumented radar; (3) videos recorded by four in-vehicle
cameras during the full process of ramp exiting, as shown in
Figure 1, consisting of forward and rear views, steering wheel
view, and driver’s face.

The procedure of data collection and extraction is shown
in Figure 2. The first task was data cleaning. In this paper,
on the basis of a large number of field data analyses, an
outliers monitoring method was proposed based on a self-
learning Pauta criterion [32], which is the method of three
times standard deviation to eliminate outliers. The outlier
correction method was based on linear interpolation. The
second step is to extract departure samples in the freeway
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Figure 3: Schematic illustration of a study area.

off-ramp sections.We consider a four-lane stretch of freeway.
Figure 3 is an illustration of the study area. Aftermatching the
driving path to real road sections in GIS according to actual
longitude and latitude data during the trips, we framed the
range of the off-ramp in all the freeway exits in the dataset
by calibrating the longitude and latitude position of points A
to D. To ensure that all selected off-ramp events are under
the same road conditions, we set up the criteria: a straight
four-lane freeway stretch, distance of adjacent exits no less
than 4 km, and being in fine weather conditions. Missing
data due to limitations of the data collection were also
accounted.

2.2. Identification of Lane-Changing Samples. Lane-changing
behavior can be identified by one or more of the following
episodes. (1) Driver initiates a steering input to change the
direction of the vehicle. (2)The vehicle begins to move later-
ally relative to the lane. (3)The vehicle leaves the current lane
at least temporarily [33]. To determine the initiation point
of a lane-changing action, a search algorithm was adopted,
in which lane offset position and steering wheel angle were
applied as indexes to extract data associated with lane-change
events. In addition, data analyzers manually inspected video
of the triggered driving episodes and identified any valid lane-
changes in qualified freeway off-ramp segments.

In general, the target lane of a lane-changing maneuver
is the lane the driver perceives as best to be in, depending
upon the prevalent driving conditions and her/his trip plan.
In this study, the target lane is defined as the lane next to
the vehicle. One of the lane offset position parameters is LO,
which indicates the offset between the vehicle center line and
the center line of the current lane, detected by the lane offset
system. For example, as shown in Figure 4, a positive value of
LO means the vehicle is offset to the right side of the current
lane center, and a negative LO implies a left offset from the
lane center line. Furthermore, once the test vehicle’s center
line crosses the current lane boundary (either the left or the
right side), instrumented sensors automatically identify the
new lane’s center line; therefore the sign of LO value will
turn to the opposite and appears as a sudden change. Thus
single and serial lane-changing behavior can be differentiated
according to the sudden change of the LO values. Steering
wheel angle is taken as secondary index for verification.
Totally 433 valid lane-changing samples were extracted from
the dataset.
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Figure 4: An example of LO values in the dataset.

2.3. Preliminary Analysis of Lane-Changing Data. Figure 5
presents a typical scenario among the 433 samples. For
convenience, the left-most lane is defined as the 1st lane and
the right-most lane is defined as the 4th lane.

To explore the spatial distribution of lane-changing
behavior in freeway off-ramp areas, we classified the 433 lane-
changing events into three groups: changing from Lane 1 to
Lane 2, from Lane 2 to Lane 3, and from Lane 3 to Lane
4. According to the initial position of a lane-change event,
cumulative frequency can be plotted to show spatial attributes
of lane-changes in different lanes (see Figure 6). The 𝑥-axis
expresses the distance from an initial lane-changing position
to the ramp. It can be shown that the number of lane-changes
needed in order to exit the ramp is significantly correlated to
the distance from initial lane-changing point to ramp. Based
on the statistics of the samples, 85 percentile of lane-changes
were made in the range, respectively, 2,300m to 470m in
Lane 1, 1,800m to 415m in Lane 2, and 1,200m to 290m in
Lane 3, as presented in Figure 7.

2.4. Modeling Lane-Changing Decisions. When test vehicles
are driving on Lane 1 or Lane 4, drivers can only change in
a single direction; hence, we finally selected 319 valid lane-
changing actions starting from either Lane 2 or Lane 3. For
the purpose of this study, variables influencing the target lane
choice in freeway off-ramp areas are explained in Table 1.

Here, we followed Ahmed [11] and Toledo [12]’s LCD
discrete choice framework. The target lane (TL) choice
denotes the immediate lane of the test driver, depending on
the driving route information and traffic environment. Due
to the nature of the binary outcome, the target lane choice
set includes two alternatives: either change to the left lane
(LL) or the right lane (RL). To explain drivers’ choice of these
two alternatives, the concept of utility is used for measuring
the satisfaction degree of changing to a target lane in specific
traffic condition and driving route.The utility of LC for driver
𝑛 is defined as in

𝑈𝑖𝑛 = ∑𝛽
𝑖𝑋𝑖𝑛 + V𝑛𝛼

𝑖 + 𝜀𝑖𝑛, (1)
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Figure 5: The lane-changing process in freeway off-ramp areas.

where 𝑈𝑖𝑛 is the utility for driver 𝑛; 𝑖 ∈ TL = {LL,RL}; 𝑋𝑖𝑛
is a vector of explanatory variables; 𝛽𝑖 is the corresponding
coefficient to 𝑋𝑖𝑛; and 𝜀𝑖𝑛 is the random error term for
a given individual, as well as across individuals. V𝑛 is an
individual specific random term that can represent observ-
able/unobservable characteristics. 𝛼𝑖 are the parameters of V𝑛.
It may be noted that, due to the limitation of data collection,
in estimation not all the 𝛼𝑖 values can be identified.

Under the assumption that individual 𝑛 chooses an
alternative that maximizes his/her satisfaction, alternative 𝑖 is
chosen if and only if𝑈𝑖𝑛 ≥ 𝑈𝑗𝑛. Assuming the term 𝜀𝑖𝑛 follows
an IID Gumbel distribution, the probability of individual 𝑛
choosing alternative 𝑖 can be expressed by a logit model as

𝑃𝑛 (TL = 𝑖) =
exp (𝑉𝑖𝑛 | V𝑛)

∑𝑗∈TL exp (𝑉
𝑗
𝑛 | V𝑛)
, (2)
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Figure 6: Cumulative frequency graph of lane-changing longitudi-
nal position on different lanes.
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Figure 7: Range based on the 85 percentiles of lane-changing
actions in each lane.

where 𝑉𝑖𝑛 | V𝑛 are the conditional systematic utilities of the
choice alternatives.

As mentioned in the previous section, lane-change utility
functions depend on explanatory variables including driving
route information, traffic environment, as well as driver
characteristics. Due to the sampling criteria, the sample size
of left lane-change (LL) choices is relatively small. Thus, LL
was defined as alternative 𝑌 = 1. Although driver charac-
teristics (e.g., driving style) naturally have significant impacts
on various aspects of lane-changing decisions, data are not
available inmost field tests; nevertheless, their parameters can
be captured by the individual specific term V𝑛 [6, 12].

3. Results

3.1. Model Estimation. Several model diagnostics were used
to checkmodel goodness-of-fit and the statistical significance
for each explanatory variable. A total of 20 variables were
initially tested in the logit model and only 6 of them were
found to be statistically significant. The final logit model was
estimated with six explanatory variables as shown in Table 2.
Whereas GT𝑙 (Gap Time to the front vehicle on the left
lane) was statistically significant at only the 90% confidence
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Table 1: Potential factors contributing to the lane change.

Category Factor Data source

(1) Trip plan

Numbers of lane changes needed in order to exit the
ramp Determined by video of front view

Relative distance to the off-ramp at the initial point of a
lane-changing event Calculated from the time series data

(2) Traffic environment

Density and speed of traffic in the lane, distribution of
heavy vehicles, driving regulations, and so on Video camera and Doppler radar

Relative speed and gaps of the subject vehicle with
respect to surrounding cars

We use Gap Time (GT) as index to reflect
neighboring conditions GT = 𝐷/ΔV

(3) Driver and vehicle characteristics Demographic variables, physical conditions, driving
experience Questionnaire

Table 2: Model estimation results.

Variable Descriptions Definitions Estimate 𝑝 value
∗𝛿(ΔCL) The number of lane-changes required to be in the correct lane 𝛿(ΔCL) = 1 or 𝛿(ΔCL) = 2 −1.986 <0.001
∗𝑆 The distance to the point where the driver needs to be off-ramp unit: m 0.003 <0.001
∗𝑀𝑟 The front vehicle type on the right lane heavy vehicles = 1; others = 0 1.802 <0.001
∗GT𝑚 Gap Time to the front vehicle in current lane

𝑑𝑛𝑚
V𝑚 − V𝑛

−0.094 <0.001

GT𝑙 Gap Time to the front vehicle on the left lane
𝑑𝑛𝑙

V𝑙 − V𝑛
0.053 0.078

∗GT𝑟 Gap Time to the front vehicle on the right lane
𝑑𝑛𝑟

V𝑟 − V𝑛
−0.058 0.002

Number of observations 319
log likelihood −91.8

AIC 197.6
Note.∗ means that the variable is significant at 95% level. In China heavy vehicles cannot drive on fast lanes; thus only vehicle type on right-sidewas considered.

level, all other five independent variables were statistically
significant at the 95% level with 𝑝 value less than 0.05.

Driving route information variables are important in this
model.The effect of the path selection is represented by 𝛿(ΔCL)
and 𝑆 which capture the number of lane-changes required to
be in the correct lane and the distance to the point where the
driver needs to be in a specific position (an exit). In line with
expectation the estimated coefficient of this 𝛿(ΔCL) is negative,
which means the utility of a LL choice decreases with the
number of lane-changes the driver needs to perform in order
to complete the desired path plan. In contrast, the utility can
be magnified when the distance to the off-ramp increases,
where the coefficient of 𝑆 is positive.

Another group of variables capture surrounding driving
conditions on drivers’ lane-changing decisions.These consist
of the relative speed and spacing with respect to the vehicles
in front in the current lane, in the lanes to the left and to the
right of the test vehicle. A positive and significant coefficient
of𝑀𝑟 captures drivers’ tendency to avoid following a heavy
vehicle, as heavy vehicles generally drive at lower speed
and require greater braking distance. Both significant and
negative coefficients of GT𝑚 and GT𝑟 indicate that when
traffic neighboring conditions in the current and right lanes
meet drivers’ expectation, the left lane is generally not their
preference.

GT𝑙 is only statistically significant at 90% level and has a
positive estimated coefficient. A possible explanation can be

correlated with generally better level-of-service in Lane 1 (fast
lane) and Lane 2 on the left. Driver characteristics such as age
and gender did not play a significant role in lane-changing
in this experiment. Contrary to priori expectations, gap time
to the lagging vehicle on an adjacent lane did not have a
significant effect on lane-changes in the estimation.This may
reflect the trade-offs between mandatory and discretionary
considerations in an off-ramp segment. In order to check
model prediction accuracy, a classification matrix was used
to compare predicted outcomes to the observed outcomes.
According to it, the model successfully predicted 86.21%
of the lane-changing behavior in off-ramp areas, which
confirms that the logit model gave a good fit to the dataset.

3.2. Analysis of the Target Lane-Changing Probability Dis-
tribution. Ramps have been regarded as a major source of
conflicts and congestion on freeways [34]. Near off-ramp
areas are potential locations for bottleneck formation when
the fraction of vehicles attempting to change to the lanes
that are connected to their destinations is high. A diverging
operation involves two interactive traffic streams: the freeway
traffic and the ramp traffic. Two aspects need to be taken into
account while studying lane-changing at ramps: the incentive
and safety. This part discusses both types of characteristics in
our experiment.

As discussed, important explanatory variables affecting
the target lane choices came from route plan and neighboring
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Figure 8: Lane-changing prob. sketch diagram in freeway off-ramp
areas.

conditions. However, for a section of road, especially with
a specific driving scenario (e.g., off-ramp), general traffic
attributes, such as density and speed of traffic in the segment,
also play a role for the lane-changes. Using time series DAS
data, the information is available for estimation at discrete
points on the test freeway segment. In a likelihood function of
lane-changing behavior, a distribution of the distances from
3 kmupstream to the off-ramppoint was studied. For the sake
of simplicity, we classified traffic into three levels: free flow,
medium flow, and heavy flow.

We aim to quantify various traffic flows’ impact on lane-
changing. As shown in Figure 8, covering the three different
traffic flow conditions, the lower right and top left corners
with respect to the fast lane near the off-ramp and the shoul-
der lane far upstream of the off-ramp in a driving scenario
have relatively low probability values. Correspondingly, the
majority of mandatory lane-changes happened in the light
gray area mainly along the three minor diagonals. In other
words, we found the most likely lane-changing trajectory
where drivers choose to change from lane 2 to lane 3 and at the
last moment divert to lane 4 before arriving at the off-ramp,
as displayed in Figure 5.

Our approach is innovative in the sense that the spa-
tial and traffic attributes with respect to cumulative lane-
changing rates can bemeasured in a quantitative and simulta-
neous manner. As the density is low, drivers start to carry out
right lane-changing at earlier points. An explanation of this
phenomenon can be that, in free flow, drivers are more likely
to change lane to the right in advance without decreasing
the feeling of comfort. Another interesting finding is that
the more dense the traffic, the higher the wish to claim
a position in the fast lane first. This implies that a driver
postponing a response to a mandatory LC may have a higher
propensity to perform discretionary LC. This can explain
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why, for an increasing density, a growth of lane-changes
from the middle to the fast lane was found in the upstream
stretch. The possible reason for these results is that when
traffic density increases, vehicles at the upstream locations
are more likely influenced by the pressure of surrounding
vehicles and thus prefer to keep driving in the current lane
or make a discretionary lane-change to the left. Hence they
carry out right lane-changing actions for exiting only when
approaching the off-ramp.

Furthermore, a lane-changing action will leave a gap in
the original lane which may be used as gap to merge into by
another vehicle.This casemay happenmore in higher density
situations where vehicles are waiting for a gap and use this
as soon as it becomes available. For some unobserved reason
rather than the immediate traffic situations, a driver may
decide on a particular lane-changing action [35], where there
might be a trade-off between mandatory and discretionary.
So if the fast lane for some reason is more attractive for the
drivers, more vehicles change towards this fast lane. Even if
it gets busier, the reason to go there can be still valid, and
so drivers still move there in a dense situation. This theory
is consistent with the results of the model estimates. Figure 9
displays spatial attributes (lateral and longitudinal distances
to off-ramp) with respect to cumulative frequency of lane-
changes.

3.3. SafetyAssessment of Lane-Changing. Moreover, improper
lane-changing action would result in potential safety hazards,
such as rear-end crashes and sideswipe crashes. To put the
lane-changing choice model into practice, safety assessment
has been made to evaluate the potentially hazardous lane-
changing behavior in this study.

There is a growing body of evidence to suggest a number
of road safety benefits are associated with reduced speed
variability between vehicles and reductions in 85th percentile
speeds [36]. Specifically, increased speed variation may dis-
turb homogenised traffic flow and increase the likelihood of
conflict situations caused by human behavior [37].

Inspired by the findings, we applied the surrogate safety
index Speed Variance (SV) of the following vehicle in the
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Figure 10: Cumulative frequency diagram of the speed variance of
the lagging vehicle on the target lane.

target lane to assess the lane-changing behavior. The funda-
mental hypothesis concerning lane-changes is that any vehi-
cle obeys a basic rule that lane-changing could be conducted
only at least cost in speed reduction of neighboring vehicles;
that is, a vehicle would change lane only if neighboring
vehicles in the target lane would not have to slow down too
much because of the lane-changing. Interestingly, in SH-NDS
data, drivers are often cautious when they attempt to change
lanes, especially under higher traffic density.

The SV value was calculated as

SV = 𝑉𝑡 − 𝑉0
𝑡
, (3)

where𝑉𝑡 denotes the speed of the lagging vehicle in the target
lane when the test vehicle starts to change lane; 𝑉0 denotes
the speed of the lagging vehicle in the target lane when the
test vehicle has completed its action; 𝑡 denotes the period of a
lane-changing event. A cumulative frequency diagram of the
SV values is displayed in Figure 10.

According to Figure 10, a large majority of lagging vehi-
cles will not be impacted by the lane-changing events. In such
circumstances, lane-change maneuvers are not supposed to
interfere with the motion of neighboring vehicles on the
adjacent lane. In contrast, under a more congested traffic
and aggressive lane-changing scenario, the lagging vehicles
have to decelerate to avoid a potential rear-end or sideswipe
collision. In an extreme case, when the SV values are great
enough, the driver of the lagging vehicle may feel a surge of
anxiety. Figure 10 also indicates that lane-changes from the
slow lane to the fast lane lead to slightly higher SV values.
This result is consistent with the expectation that, when the
vehicle’s running speed is higher, a bigger spacing between
the preceding vehicle and the lagging vehicle is required for a
safe lane-change. The threshold values of SV were selected to
identify the risky lane-changing actions based in the dataset.
The 85 percentile value of the SV values can be utilized
as the threshold in normal road conditions [38, 39]. Lane-
changes from the slow lane to the fast lane (e.g., Lane 3
to Lane 2) relate to a slightly greater 85 percentile speed
variation value than lane-changes from the fast lane to the
slow lane (e.g., lane 2 to lane 3) (1.324 versus 1.297). This
result is consistentwith the expectation andwith other related

works.Aquantitative analysis of the safety assessment of lane-
changes can contribute to the design of driving assistance
systems. Once the improper lane-changing behavior has been
identified, drivers can be alerted to the potential crash risk by
in-vehicle driving assistance devices.

4. Conclusions

Studies of lane-changing behavior have been far less extensive
than those of longitudinal driving behavior due to the lack
of comprehensive vehicle trajectory data. For example, for
the existing LC decision models, only a few have identified
factors and developed lane-changing rules based on video
evidence. Naturalistic driving study provides an opportunity
to understand how drivers naturally interact with vehicle,
roadway, and traffic environments. Naturalistic driving data
have made it both technically and economically feasible to
reviewkinematic information anddriving behavior in natural
surroundings on a large scale, through unobtrusive data
gathering equipment and without experimental control.

Researchers have shown that lane-change maneuvers are
primarily responsible for most of the traffic perturbations
on multilane freeways. Therefore better understanding of
lane-changing maneuvers is important in traffic studies, but
this problem has not been satisfactorily investigated yet.
In particular, in most off-ramp studies, lane-changes were
considered as mandatory where the driver must leave the
current lane. However, according to the data set of our
naturalistic driving experiment and the analysis of this study,
such classification of off-ramp lane-changing behavior seems
to ignore trade-offs between mandatory and discretionary
incentives. Applying a rigid lane-changing behavior model
may result in unrealistic traffic flow characteristics. Only lim-
ited empirical studies have been done to accurately estimate
the parameters of lane-changing models.

This study employed lane offset position and steering
wheel angle as indexes to extract lane-changing samples in
freeway off-ramp areas. Illustrated by the one-way four-lane
freeway stretch, a logit model was developed to model the
choice of target lanes. Parameters were estimated using vehi-
cle trajectory data and individual characteristics. Estimations
show that drivers’ lane selection is impacted both by trip path
variables and neighborhood traffic conditions. A likelihood
analysis of lane-changing actions was graphed with respect
to free flow, medium flow, and heavy flow.

The results suggest that lane-changing behavior of exiting
vehicles is the consequence of the balance between route plan
(mandatory incentive) and expectation to improve driving
condition (discretionary incentive). In higher traffic density,
the latter seems to play a significant role. The findings
reveal the mechanism of lane-changing behavior near an
off-ramp, which indicate the influencing factors as well as
drivers’ preferences in different traffic conditions. These can
help improve driveway management in off-ramp areas and
provide a reference for layout of guide signs.Therefore, traffic
practitioners can take appropriate action, such as average
speed enforcement andmanaged lane strategy, tomake traffic
smoother.
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Near off-ramp sections, a lane-changing event may cause
a harsh deceleration by the lagging vehicle and then may
disrupt traffic and increase crashes and collisions.We applied
the speed variance of the following vehicle in the target lane as
a safety surrogate index. Moreover, lane-changing from slow
lane to the fast lane would lead to a higher SV value. A series
of thresholds are listed for real-time lane-changing safety
assessment. It provides an opportunity to avoid potential
rear-end or sideswipe crash. Further work is being con-
ducted to study urban roadway stretches where the distance
between ramps is shorter. For a more realistic and robust
model, heterogeneity of vehicle composition in the roadway
and geometry-specific effects should also be considered.
Finally future studies need to also consider squeezed lane-
changing behavior and driver negotiation with different off-
ramps.

This is one of the first comprehensive studies using the
Shanghai Naturalistic Driving Study data. The findings con-
tribute to a better understanding of drivers’ natural driving
behavior in freeway off-ramp.This paper provides important
insights into road network design and transportation safety
strategies.
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Factors related to drivers and their driving habits dominate the causation of traffic crashes. An in-depth understanding of the human
factors that influence risky driving could be of particular importance to facilitate the application of effective countermeasures.This
paper sought to investigate effects of human-centered crash contributing factors on crash outcomes. To select the methodology
that best accounts for unobserved heterogeneity between crash outcomes, latent class (LC) logit model and random parameters
logit (RPL) model were developed. Model estimation results generally show that serious injury crashes were more likely to involve
unemployed drivers, no seatbelt use, old drivers, fatigued driving, and drivers with no valid license. Comparison of model fit
statistics shows that the LC logit model outperformed the RPL model, as an alternative to the traditional multinomial logit (MNL)
model.

1. Introduction

Road traffic crashes occur from a combination of factors
related to elements of the transportation system, made up
of the road and its environment, vehicles, and road users,
with crash outcomes ranging from property damage to death.
Some factors contribute to crash occurrence, while others
influence the outcome (or severity) of the crash or both.
While the effects of some crash causal factors such as speed
are fairly obvious, they may be linked to other unobserved
factors, such as a sensation seeking nature of the driver, which
are not typically accounted for during the crash reporting
process. Having a holistic understanding of crash causal
factors and how they impact on severities are necessary to
develop and target countermeasures.

There is a significant body of road safety literature
dedicated to the study of factors affecting crash occurrence
and severities. Multiple proposals on countermeasures have
ranged from roadway reengineering, improved vehicle safety
features, and strategies to influence driver behavior. The
development of these proposals or countermeasures have
been anchored on understanding the factors that affect the
likelihood of crash occurrence and/or circumstances that

influence the severity of the crash outcome. A critical compo-
nent of road traffic crash analyses has been the examination
of the driver. Some drivers have habits or choose to drive in
ways that increase their likelihood of getting into a crash. For
instance, driving styles such as choice of speed, threshold for
overtaking, tolerance for gap acceptance, and adherence to
traffic control have been strongly linked to certain groups of
drivers [1]. According to [1], while certain groups of drivers
may be disproportionately represented in crash statistics, this
may be due to reasons not related to their risk of crash.
One of the early attempts by researchers to gain in-depth
understanding of crash causal factors was the Indiana Tri-
Level Study. From this study, [2] observed that human errors
and deficiencies were definite or probable cause in over 90%
of the crashes examined. The leading direct human causes
identified in the study included improper lookout (probable
cause in 23% of accidents), excessive speed (17%), inattention
(15%), improper evasive action (13%), and internal distraction
(9%). In a similar study, [3] investigated specific driver
behaviors and unsafe driving acts that lead to crashes. The
study further assessed the situational, driver, and vehicle
characteristics associated with these behaviors. They found
human error to be the most frequently cited contributing
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factor in 99.2% of crashes, followed by environmental (5.4%)
and vehicle factors (0.5%). Thus, most crashes and their
associated injuries and fatalities can be linked to some formof
unsafe driving habits [3]. It is therefore important to examine
the causal driver characteristics and also assess their driving
behaviors that increase the likelihood of crash occurrence.

This paper investigates the effects of human-centered
crash causal factors on crash outcomes. This is achieved by
developing latent class logit (LC) and random parameters
logit (RPL) models to identify how the human-related factors
influence injury severity of crashes.

2. Human-Centered Traffic Safety

Driver-related behavioral factors and human errors dominate
the causation of traffic crashes [2, 3, 6]. Driving behaviors
and styles are influenced by external and driver-specific fac-
tors. Individual and societal characteristics which influence
driving behavior in a way which can affect the chances of
crash occurrence collectively constitute human factors in
traffic safety. Driver characteristics (e.g., gender, race, and
age), attitudes, beliefs, and personality traits (e.g., tolerance,
caution, inattentiveness, perception of risk, and sensation
seeking) are some human factors that influence driving habits
[1, 7, 8]. Societal norms and cultural practices, such as
adherence to traffic rules and regulations, on the other hand
also play important roles in shaping driver attitudes and
beliefs. These have impacts on driving styles and can affect
traffic safety [9–14]. The National Highway Traffic Safety
Administration (NHTSA) observed that cultural differences
and sensitivities correlate with motor vehicle fatality and
injury rates. In the US, for instance, racial and ethnic groups
are disproportionately killed in traffic crashes compared with
the much larger non-Hispanic White population [9]. The
American Automobile Association explicitly studies traffic
safety culture in the US [12]. Reference [15] documented
differences in traffic safety culture in Iowa, [16] documented
differences in traffic safety behavior across geographic regions
in Alabama, and others [e.g., [13, 17]] have even compared
traffic safety cultures across international boundaries. This
means that, with other things being equal, some human-
centered characteristics and behaviors put some groups of
the driving population at greater risk of getting into traffic
crashes.

In an attempt to explore the causal link between human
factors and the likelihood of crashes, [18] distinguished
behavior-related factors into two major categories: those that
reduce the capability of a driver to perform driving tasks (e.g.,
inexperience, accident proneness, and alcohol and drug use)
and those factors that influence risk takingwhile driving (e.g.,
habitual disregard of traffic laws and regulations). Differences
in the behavioral factors exist among different demographic
groups. For instance, [19] observed that alcohol was less likely
to be a factor in traffic crashes involving older drivers, while
the primary problems with young drivers are risk taking and
lack of skill. Crashes among young drivers are more likely
to involve a single vehicle, one or more driving errors, and
speed as a factor or involve alcohol abuse. Reference [20] has
also observed that young males are more prone to excessive

speeding influenced by peer pressure. Female drivers on the
other hand are more prone to driving errors [21]. Reference
[22] studied the impact of distracted driving on safety and
traffic flow. Their study has shown that drivers are likely to
drive in a manner that negatively affects traffic safety and
traffic flow if they are distracted, regardless of driver age.
Other studies have shown that inexperienced drivers are
more susceptible to errors and are slower to recover after
being distracted [21, 23]. Reference [24] conducted a study
to examine the effects of personality factors assessed during
adolescence on persistent risky driving behavior and traffic
crash involvement among young adults. They found that,
for males, aggression, traditionalism, and alienation were
the personality traits most frequently associated with risky
driving behavior and crash risk. Willfully flouting driving
laws and regulationsmay be indicative of risk taking behavior.
Reference [25] identified that unlicensed drivers were at
significantly higher risk of car crash injury than those holding
a valid license. Beyond the individual characteristics, certain
driving styles and behaviors also affect the severity of the
crash. For instance, seatbelt nonuse has been associated with
increased risk of injury and death in a crash. Reference [26]
estimates reveal that more than half of teen drivers (13–19
years) and adults aged 20–44 years who died in crashes in
2014 were unrestrained at the time of the crash. Faster driving
speeds are also known to increase the likelihood of crash
occurrence and also the severity of the crash consequences.
Speeding-related fatalities constituted approximately a third
of total traffic fatalities across the United States between
2005 and 2014 [27]. Impairment by alcohol and other drugs,
driver distraction and inattention have been cited frequently
as contributing factors in crashes and these can also affect the
severity of the crash outcome [e.g., [2, 3, 28, 29]]. Statistics
show that alcohol-impaired-driving fatalities accounted for a
third of all crash fatalities in the United States in 2014 [29].
Driver inattention has also been extensively linked to crash
occurrence. Nearly 10 percent of fatal crashes, 18 percent of
injury crashes, and 16 percent of all police-reported motor
vehicle traffic crashes in 2014 were reported be distracted
driving related [30].

Considering that human factors are responsible for the
highest proportion of traffic crashes, it would seem that
human-centered countermeasures would be worth pursuing.
Indeed, [31] reported that crash countermeasures achieve best
results when they influence driver behavior. Human-centered
countermeasures may take the form of improved driver
training and testing, education campaigns aimed at changing
driving practices, legislation to control driver behavior, and
improvements to the design of road systems and automobiles
[1]. Promoting a culture of safe road user behavior is required
to achieve sustained reductions in road traffic injuries.

3. Crash Injury Severity Models

The primary emphasis of crash injury severity studies is
to identify factors that influence the severity of crash out-
comes. Safety researchers have relied on myriad statistical
modeling techniques, applied to postcrash records and other
noncrash specific data, to gain data-driven knowledge and
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Table 1: Summary statistics of the variables used for model building.

Variable name Description Mean (standard deviation)
Crash severity Serious injury/minor injury 0.30/0.70
Driver error Primary cause: error attributed to driver (1 = yes, 0 = no) 0.49 (0.50)
DUI Primary cause: DUI (1 = yes, 0 = no) 0.09 (0.29)
Speed Primary cause: speeding (1 = yes, 0 = no) 0.11 (0.32)
Distracted Primary cause: distracted driving (1 = yes, 0 = no) 0.11 (0.31)
Fatigue Driver condition at time of crash: fatigued (1 = yes, 0 = no) 0.06 (0.23)
Invalid license License status of causal driver: invalid license (1 = yes, 0 = no) 0.07 (0.26)
No seatbelt Seatbelt use: no seatbelt (1 = yes, 0 = no) 0.11 (0.31)
Female Driver gender: female (1 = yes, 0 = no) 0.44 (0.50)
Black Driver race: African American (1 = yes, 0 = no) 0.24 (0.43)
Young Driver age: less than 30 (1 = yes, 0 = no) 0.42 (0.49)
Old Driver age: more than 60 (1 = yes, 0 = no) 0.15 (0.36)
Unemployed Driver employment status: unemployed (1 = yes, 0 = no) 0.30 (0.46)

understanding into crash causal circumstances. Reference
[32] has shown that interest in identifying factors that
affect crash injury severity has increased considerably in the
last few years, perhaps, due to the availability of data and
proliferation of advanced statistical packages. Depending on
data characteristics and scope of studies, researchers have the
option of choosing from a wide range of statistical tools for
crash severity studies.

Discrete-choice (logit and probit) models have been used
extensively over the years to analyze crash injury severity due
to the classification of the severities into discrete outcomes.
These methodologies have been applied to study safety of
different roadway facilities and have included variables that
describe the crash circumstances, environmental conditions,
roadway, vehicle, and driver characteristics. For instance,
[33] used nested logit formulation to predict crash severity
on a section of rural interstate in Washington State. This
study investigated the effect of environmental conditions,
highway design, crash type, driver characteristics, and vehi-
cle attributes on crash severity. References [34, 35] also
applied nested logit techniques to analyze crash severity at
unsignalized intersections and at roundabouts, respectively.
Other logit modeling techniques that have been used in
injury severity studies include binary logistic models [36–
40], ordered logit models [41–44], multinomial logit [45, 46],
mixed logit [5, 47], and heterogeneous models [44]. Logit
models are however not able to handle randomvariations and
are not applicable to panel data with temporally correlated
errors. They also do not allow any pattern of substitution
[48]. Probit models address these limitations. Ordered probit
model is the most used type of probit models in crash
severity analysis [e.g., [34, 49–51]]. Reference [52] used
ordered probit modeling techniques to isolate factors that
contribute to injuries in older drivers involved in crashes.
Reference [53] analyzed crashes at signalized intersections to
determine the expected injury severity level using ordered
probit model. Data mining techniques have also been used
to analyze traffic crash injury severity. For instance, [54, 55]
used classification and regression trees and [56] used Chi-
squared automatic interaction detection to analyze crash

severities. Other advanced methodologies used in literature
include Bayesian networks [e.g., [57, 58]], neural networks
[e.g., [59, 60]], and linear genetic programming [e.g., [61]].
Latent class approach has recently been used for analyzing
driver injury severities [62–64].

The fundamental characteristics of crash data and pur-
pose of study dictate the choice of tool or methodology [65].
Many other methods have been used for crash injury severity
studies.This discussion is by nomeans exhaustive on the sub-
ject. Reference [65], for instance, presents a comprehensive
review of crash injury severity models and methodological
approaches. Similarly, [32] undertook a meta-analysis and
presented documentation on the characteristics and limita-
tions of different modeling methods for safety researchers.

4. Data Description

This study is based on 2011–2015 injury-related crash data,
for the State of Alabama, obtained from the Critical Anal-
ysis Reporting Environment (CARE) system developed by
the Center for Advanced Public Safety at the University
of Alabama for the Alabama Department of Transport
(ALDOT). Each crash record contained all details related to a
crash recorded by the police at the time of the crash, including
details of the drivers (e.g., gender, age, and race) and vehicles
(e.g., make, model, and age) involved, description of the
roadway environment (facility type, presence of curvature
or grade, traffic control, etc.), and environmental conditions
(weather, lighting, rural versus urban, etc.). The data was
filtered to select crashes that were reported to have human-
centered factors as their primary contributing circumstance.
These human-centered factors consist of driving styles, deci-
sions, and activities undertaken by the driver, which led to
the crash. For each crash event, information on the driver’s
license status and seatbelt use was obtained. Demographic
information of the causal driver was also obtained. Obser-
vations with missing values were omitted from the dataset,
resulting in a total of 87,326 observations. Table 1 shows
the summary statistics of the variables available for model
building and analysis.
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Two categories of severitywere adopted as is often done in
crash injury severity studies [e.g., [16, 36–40]]. Serious injury
crashes (defined as fatal or incapacitating injury, where an
incapacitating injury implies that the victim is unable to leave
the scene of the crash without physical assistance to do so)
comprised 30% of the data andminor injury crashes (defined
as nonincapacitating injury or possible injury) made up 70%
of the crash observations. Crashes involving some form of
driver error (defined to include aggressive driving, failure
to yield, following too close, and ran traffic control device)
made up approximately half of injury crashes. About 44% of
injury crashes were reported to involve women. A third of
the drivers involved in injury crashes were unemployed and
about 42% of the drivers were less than 30 years old. Some 9%
of the drivers were under the influence of drugs, alcohol, or
medication, while 11% involved speeding.

5. Methodology

Unobserved heterogeneity is a critical issue in traffic safety
research. Ignoring the moderating effect of unobserved vari-
ables can lead to biased estimates and incorrect inferences if
inappropriate methods are used [66, 67]. Limiting the impact
of a variable to its statistical significance in a model can
mean eliminating some otherwise risky factors. Reference
[68] observed that an insignificant variable in onemodel may
be due to lack of observations.On the other hand, significance
of a variable in an injury severity model is not an automatic
indication that it is an important etiologic factor.

The ordinal nature of reporting crash injury severities
makes ordered probit and logit models appropriate [51, 69].
However, these model forms can restrict the way variables
influence outcome probabilities, possibly leading to incorrect
inferences [37, 70]. Compared to the traditional ordered
probability models, multinomial logit (MNL) models have a
flexible structure which allows each severity outcome to have
a different function for capturing the probabilities of injury
severities [66, 71, 72]. Notwithstanding this, the MNL model
is deficient in its application as it is susceptible to correlation
of unobserved effects fromone crash severity level to the next.
Such correlation leads to a violation of the model’s indepen-
dence of irrelevant alternatives (IIA) property [70]. Also, the
assumption that random terms in the crash severity functions
in MNL models are independent and identically distributed
(IID) is often violated in practice because crash severity
functions do not contain a complete list of all contributing
factors. Even though nested logit models can capture some
unobserved effects shared by some injury severity outcomes,
they cannot address unobserved heterogeneity in the data.
Random parameters (mixed logit) models and latent class
(finite mixture) logit models have the ability to capture the
unobserved heterogeneity by allowing parameters to differ
across observations [47, 67, 73]. For this study, injury severity
analysis was performed to investigate the effects of some
human-related explanatory factors on the likelihood of the
occurrence of serious or minor injury severities.

5.1. Injury Severity Analysis. A traditional MNL injury
severity model was first developed to identify how the

human-centered variables influence crash outcomes. RPL
and LC logit models were then estimated to address the
heterogeneity challenges inherent in the MNL model. Esti-
mation results for the RPL and the LC logit models are then
compared to select the best fitting alternative model to the
MNL model.

5.1.1. Random Parameters Logit Model. RPLmodel allows for
heterogeneity within observed crash data by varying the ele-
ments of the vector of estimable parameters, 𝛽𝑖. The outcome
specific constants and elements of 𝛽𝑖 may either be fixed or
randomly distributed over all parameters with fixed means.
The random parameters logit model formulation is obtained
from the standard MNL by introducing random parameters
with𝑓(𝛽𝑖 | 𝜑), where𝜑 is a vector of parameters of the chosen
density function (mean and variance) [48, 70, 74] as

𝑃𝑛 (𝑖 | 𝜑) = ∫ exp (𝛽𝑖𝑋𝑖𝑛)
∑∀𝐼 exp (𝛽𝑖𝑋𝑖𝑛)𝑓 (𝛽𝑖 | 𝜑) 𝑑𝛽𝑖, (1)

and 𝑃𝑛(𝑖 | 𝜑) is the probability of injury severity 𝑖 conditional
on 𝑓(𝛽𝑖 | 𝜑).

Formodel estimation,𝛽𝑖 can now account for unobserved
heterogeneity of the impact of 𝑋 on injury severity outcome
probabilities, with the density function 𝑓(𝛽 | 𝜑) used
to determine 𝛽𝑖. Random parameters logit probabilities are
weighted average for some different values of 𝛽 across
observations where some elements of the parameter vector 𝛽
are fixed parameters and some may be randomly distributed.
A continuous distribution relating how parameters vary
across crash observations is assumed by the researcher. For
this study, the normal distribution is assumed for model
estimation [5].

5.1.2. Latent Class Logit Model. LC logit model offers an
alternative perspective to the random parameters logit model
in terms of accommodating heterogeneity [67, 73, 75]. This
model replaces the continuous distribution assumption of
random parameter model with a discrete distribution in
which unobserved heterogeneity is captured by membership
of distinct classes [75, 76]. A latent class logit model allows
the driver injury severity to have 𝐶 different classes so that
each of the classes will have their own parameters with the
probability given by [77]

𝑃𝑛 (𝑐) = exp (𝛼𝑐𝑍𝑛)
∑∀𝐶 exp (𝛼𝑐𝑍𝑛) , (2)

where 𝑍𝑛 represents a vector that shows the probabilities of𝑐 for crash 𝑛, 𝐶 is the possible classes 𝑐, and 𝛼𝑐 represents
the estimable parameters (class-specific parameters). The
probability of driver having injury severity 𝑖 is given by

𝑃𝑛 (𝑖) = ∑
∀𝐶

𝑃𝑛 (𝑐) ∗ 𝑃𝑛 (𝑖/𝑐) , (3)

where 𝑃𝑛(𝑖/𝑐) is the probability of drivers to have injury
severity level 𝑖 for crash 𝑛 in class 𝑐. Based on the two
equations above, the latent class logit model for class 𝑐will be

𝑃𝑛 (𝑖/𝑐) = exp (𝛽𝑖𝑐𝑋𝑖𝑛)
∑∀𝐼 exp (𝛽𝑖𝑐𝑋𝑖𝑛) , (4)
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where 𝐼 represents the possible number of injury severity
levels and 𝛽𝑖𝑐 is a class-specific parameter vector that takes
a finite set of values.

The latent class logit model can be estimated with max-
imum likelihood procedures [75]. The latent class method
however does not account for the possibility of variation
within a class since it assumes homogeneous characteristics of
thewithin-class observations [76]. References [78, 79] present
the random parameter latent class model as an extension
of the latent class logit model to capture interactions with
observed contextual effects within the latent classes.

Marginal effects are typically computed to reveal the
relative impact of explanatory variables on the dependent
variable. Marginal effect in a latent class logit model is
computed for each class as the difference in the estimated
probabilities with the indicator changing from zero to one,
while keeping all the other variables at theirmeans. Reference
[80] has shown that the direct and cross-marginal effects can
be computed respectively as follows:

𝜕𝑃𝑛𝑖
𝜕𝑥𝑛𝑖𝑘 = 𝛽𝑖𝑘𝑃𝑛𝑖 (1 − 𝑃𝑛𝑖) ,

𝜕𝑃𝑛𝑞
𝜕𝑥𝑛𝑖𝑘 = −𝛽𝑖𝑘𝑃𝑛𝑖𝑃𝑛𝑞.

(5)

The direct marginal effect shows the effect of a unit change in
𝑥𝑛𝑖𝑘 on the probability, 𝑃𝑛𝑖, for crash 𝑛 to result in severity 𝑖.
The cross-marginal effect shows the impact of a unit change
in variable 𝑘 of alternative 𝑖 (𝑖 ̸= 𝑞) on the probability 𝑃𝑛𝑞
for crash 𝑛 to result in outcome 𝑞. According to [80, 81],
the final marginal effect of an explanatory variable is the
sum of the marginal effects for each class weighted by their
posterior latent class probabilities. It should be noted that
there are nodefinitive rules for selecting a set number of latent
classes to be modeled [81]. It is documented, however, that
toomany classes can negatively affectmodel convergence and
complicate model interpretation [82]. It has been suggested
to add one class at a time until further addition does not
enhance intuitive interpretation and data fit [75, 82]. To select
the model that best fits the data, likelihood ratio tests may
be performed to compare models with different number of
classes [75], or based on the Bayesian Information Criterion
(BIC) computed for the two models [83–86]. Recent studies
of crash injury severities have used the BIC measure to
determine the number of classes [63, 64, 66]. The BIC for a
given empirical model is equal to

BIC = −2𝐿𝐿 + 𝐾𝐿𝑛 (𝑄) , (6)

where 𝐿𝐿 is the log-likelihood at convergence, 𝐾 is the
number of parameters, and 𝑄 is the number of observations.
Lower BIC values indicate a better model fit.

6. Estimation Results

Examination of the classes of human-centered factors among
injury crashes revealed interesting information on what
behaviors contribute to injury crashes and, to some extent,
what types of drivers exhibit them. In order to develop a

more nuanced understanding of howhuman-centered factors
affected crash severity, a series of analyses were conducted to
examine the extent towhich the various parameters are useful
in estimating crash injury severity. A total of 12 variables were
used for model building. Table 2 shows the estimation results
for the RPL and the LC logit models. Since the RPL and LC
logit models are improved extensions of the standard MNL
model, results for the MNL model have also been shown to
confirm this.

The MNL model reveals that crashes involving fatigue,
drivers with invalid license, no seatbelt use, and old and
unemployed drivers were more likely to result into serious
injury while driver error, DUI, speed, and distracted driving-
related crashes weremore likely to lead tominor injuries.The
MNL model also shows that female drivers, young drivers,
and African American drivers were more likely be involved
in minor injury crashes. The effects of the parameters in the
MNL model are fixed across severity levels. This implies that
variables are assumed to influence either minor injuries or
serious injuries, not both. The RPL model, however, reveals
that driver error, speeding, distracted driving, no seatbelt
use, and young driver indicators were random variables. The
random variables significantly contributed to both serious
and minor injury crashes. This means that some proportion
of crashes involving a random variable, for instance, driver
error, resulted in serious injuries and some proportion
resulted in minor injuries.

Two distinct classes with homogeneous attributes were
identified to be significant for the LC logit model: latent
class 1 (LC 1) with probability of 0.72 and latent class 2
(LC 2) with probability of 0.28. The two-class model was
selected over an estimated three-class model based on BIC:
the two- and three-class models had BIC values of 98032
and 98154, respectively. An inspection of the constant term
defined for the serious injury function indicates that a crash
in LC 1 is more likely to result in serious injury than a crash
in LC 2. One interesting observation was that old drivers
had high chance of being involved in serious injury crashes
regardless of the latent class. Driver error, DUI, speed, and
distracted driving-related crashes were less likely to lead to
minor injuries in LC 2 but more likely to result in minor
injuries in LC 1. Similarly, crashes involving females, African
American, and young drivers were likely to result in serious
injury in LC 2 and minor injury in LC 1. Unemployed drivers
were more likely to be involved in serious injury crashes in
LC 1 but less likely to be involved in the same in LC 2.

Themarginal effects (Table 3) show that older drivers and
crashes involving no seatbelt use, respectively, had 0.73% and
1.89% higher likelihood of resulting in serious injury. Injury
crashes involving unemployed drivers, drivers with invalid
license, and fatigued driving, respectively, had 4.19%, 0.32%,
and 0.05% higher chance of lead to serious injury outcome.
This result also indicates that drivers with no employment
are perhaps more likely to drive with invalid license. Another
interesting result from marginal effects is that though a high
proportion of the injury crashes were attributed to driver
error, DUI, and speeding, their outcomes were more likely
to be minor injury.

A comparison of the fit statistics (e.g., McFadden pseudo
𝑅2 = 0.069, 0.183, 0.193 for MNL, RPL, and LC logit models,
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resp.) suggests a stronger support for the LC logit model
over the MNL and RPL models. Similar conclusions have
been reported by other researchers [e.g., see [75, 81, 87, 88]].
An attempt was made to develop LC random parameters
logit model for this study. However, none of the random
parameters had statistically significant standard deviations.
There was also no significant improvement in model fit
statistics when compared with the LC logit model.

7. Conclusion

In this paper, latent class logit and randomparametersmodels
were developed as alternatives to the traditional multinomial
logit model for human-centered crash injury severity analysis
to account for unobserved heterogeneity. The study was
based on 2011–2015 injury-related crash data, for the State
of Alabama, and considered only crashes that had human-
centered primary causal factors. Two crash injury outcomes
were examined: serious injury (fatal and incapacitating
injury) and minor injury (non-incapacitating and possible
injuries). Twelve variables were used to build the models.

Comparison of fit statistics shows that the two-class
latent class logitmodel outperformed the randomparameters
model, as an alternative to the traditional MNL model. This
result is generally in line with past studies in this area. An
attempt was made to identify random parameters for the
LC logit model. However, none of the random parameters
had statistically significant standard deviations. There was
also no significant improvement in model fit statistics when
compared with the LC logit model.

Both the RPL and LC models showed that six specific
driving behaviors significantly contributed to the occurrence
of serious crashes, driver error, speeding, DUI, distracted
driving, fatigue driving, and not wearing a seatbelt. These
conclusions suggest that targeted outreach and education
campaigns designed to address these specific behaviors (or
combinations thereof) could reduce serious crashes [e.g., [1,
7, 18, 23, 24]]. The analyses also showed that focusing educa-
tion efforts on specific driver types (i.e., demographic groups)
may also be effective in reducing serious crashes in Alabama.
And finally, some of the behaviorsmay be positively impacted
with increased or enhanced enforcement [e.g., [1, 14, 89]].

Human-centered (i.e., driving behavioral related) infer-
ences from the current study are limited to the driving
population of the State of Alabama. Nonetheless, there are
general observations and conclusions documented herein
that expand the understanding of the relationship between
drivers and the severity outcomes of crashes.
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The development of surrogate safetymeasures has drawn significant research interest in the field of traffic safety analysis. Innovative
data sources such as video-based traffic surveillance systems have made it possible to collect large amounts of microscopic traffic
data. By deriving traffic safety indicators such as the Deceleration Rate to Avoid a Crash (DRAC) statements concerning traffic
safety over a determined road section can be made. This work presents the derivation of a novel surrogate safety indicator based
on a Constant Initial Acceleration and reaction time assumption which considers the interaction between vehicles and describes
the traffic safety of a road section. The evaluation is based on a video-based microscopic traffic data collection. To examine the
efficiency, the new developed indicator is compared to the original Deceleration Rate to Avoid a Crash (DRAC) and the modified
indicator (MDRAC) which includes the reaction time. The results showed that the new indicator is more sensitive in detecting
critical situations than the other indicators and in addition describes the conflict situations more realistically.

1. Introduction

As advances in vehicle technologies lead to a continuous
reduction of accident counts in traffic, applications of traffic
conflict technologies have received increasing attention in the
field of traffic safety research. Amundsen [1] defines a traffic
conflict as “an observable situation in which two or more
road users approach each other in space and time for such an
extent that there is a risk of collision if theirmovement remain
unchanged.”

A detailed analysis of traffic conflicts can give us a better
insight into crash occurrence and thus leads to more efficient
traffic safety measures. With the use of conflict indicators,
such as the Deceleration Rate to Avoid a Crash, the relevant
conflict situations can be identified.

Many of the indicators covered by existing research publi-
cations assume an unchanged speed and direction of the con-
flicting vehicles [2]. This however insufficiently describes the
complex reciprocal behavior of the individual vehicles. Fur-
thermore,many of these indicators have boundary conditions
on speed. Because of this, car interactions are considered to be
safe as long as the following vehicle has a lower speed
compared to the leader although the two vehicles might have

high speeds and small gaps between each other [3].Moreover,
the reaction time of the road users is often neglected [4].

In this paper, a modified indicator for conflict situa-
tions is presented by considering a reasonable reaction time
and a more realistic acceleration behavior in the analytical
description.The modified indicator is derived and compared
with existing indicators based on a data-set of microscopic
traffic data collected by computer-vision-based technologies.
Furthermore, a discussion of the results is conducted to
analyze the benefits of themodified indicator and also further
possible developments are presented.

2. Literature Review

Critical safety road sections mostly have an inhomogeneous
traffic flow characterized by large speed differences leading
to an increase in the number and severity of acceleration and
deceleration phases [5, 6]. A homogenization of the traffic
flow can positively increase the safety level on such road
sections.

The Deceleration Rate to Avoid a Crash (DRAC) is a
suitable method to identify critical road sections, as it covers
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the varying speeds of individual vehicles and derives suitable
deceleration phases for the following vehicle [7–9].

DRAC is defined as the minimum required deceleration
rate which a vehicle has to apply to avoid a crash with the
leading vehicle.

One important factor in the analysis of traffic safety is
the minimum time required for the drivers to react to certain
situations, also called Perception Reaction Time (PRT).

Kuang et al. [4] argue that the initial determination of
DRAC does not consider the PRT of the following vehicle.
They modify this specific safety indicator by implementing
a factor including PRT. They reach the conclusion that
the Modified DRAC (MDRAC) improves crash prediction
performance.Wang and Stamatiadis [10–12] have successfully
considered the PRT in a number of their studies when
evaluating road safety at intersections.

Besides the area of surrogate safety analysis the PRT has
been also the focus of other research fields including the
planning of roads [13], the associated traffic light systems, and
their switching times [14, 15].

Even back in 1936,Greenshields [16] conducted a study on
the determination of the probability distribution of reaction
time. Reaction times are normally approximatedwith lognor-
mal probability distributionwith the parameters 𝜇 and 𝜎2 [17,
18]. In an extended study survey, Green [19] noticed that due
to the numerous influencing factors the determination of a
uniform reaction time is very difficult.

Another argument often found across publications is the
fact that the DRAC is only considering identical movement
direction of the conflicting vehicles. Therefore, Wang and
Stamatiadis [10] derived theMDRAC for typical crossing and
lane-change conflicts.

In order to reach a conclusion about whether a situation is
critical or not, the DRAC or theMDRAC has to be compared
with a threshold value [20, 21]. If the identified DRAC or
MDRAC is higher than the given threshold the situation is
derived to be critical.

3. Analytical Methods

DRAC is defined as the minimum required deceleration rate
of the following vehicle to avoid a crash with the leading vehi-
cle. The assumption in the original form of the indicator is
that the speed of the leading vehicle remains constant. Math-
ematically, theDRAC is the squared speed difference between
the following 𝑉

2
and the leading vehicle 𝑉

1
divided by their

(net) distance gap𝐷
1−2

[10, 22–24].

DRAC =
{{
{{
{

(𝑉
2
− 𝑉

1
)2

2𝐷
1−2

, if 𝑉
2
> 𝑉

1

0, otherwise.
(1)

Kuang et al. [4] add the reaction time of the vehicle following
the DRAC obtaining the Modified DRAC (MDRAC). This
parameter is calculated as follows:

MDRAC =
{
{
{

𝑉
2
− 𝑉

1

2 (TTC − 𝑅) , if TTC > 𝑅
∞, otherwise.

∀𝑉
2
> 𝑉

1
(2)

In (2) 𝑅 denotes the PRT and TTC represents the time-to-
collision value at an initial time (𝑡 = 0). TTC is defined as the
time remaining until a collision between two vehicles occurs
[25] assuming a linear trajectory based on the last known
speed value:

TTC =
{
{
{

𝐷
1−2

𝑉
2
− 𝑉

1

, if 𝑉
2
> 𝑉

1

∞, otherwise.
(3)

Besides the TTC, the reaction time 𝑅 in (2) has a significant
influence on the resulting values. Thus, it is sensible to
conduct more thorough investigation on this parameter.
Green [19] worked on the determination of the reaction time
and came to the conclusion that the shortest reaction time is
between 0.7 and 0.75 seconds. For the reaction on unexpected
but usual signals, such as the activation of the brake lights,
approximately 1.25 seconds are necessary. For unexpected
events the reaction time is approximately 1.5 seconds. Morita
et al. [26] determined throughout their experiments that the
reaction time of the following driver lies between 1.3 and 1.6
seconds when the leading vehicle starts breaking and acti-
vates the brake lights. Zhang et al. [27] estimate the reaction
time on unexpected incidents with visual indications to 1.13
seconds with a standard deviation of 0.52 seconds and on
those without visual indications to 1.25 seconds with a stan-
dard deviation of 0.60 seconds. For a 90% percentile the value
would be 1.8 or 2.02 seconds. Therefore, two reaction times
have been considered for this study. Reaction time values of
1.3 and 2.02 seconds were used for unexpected incidents with
and without visual indications, respectively.

As described in the introductory chapters, Mahmud et al.
[28] pointed out the fact that the calculation of the DRAC
is based on the hypothetical assumption that the speed of
the leading vehicle is constant. Furthermore, the trajectory
of the second vehicle is also assumed to rely on a constant
speed until the time of the reaction. These assumptions or
omissions do not adequately cover the complexity of the real
driving situation as thorough investigations carried out by
Wiedemann [29] have shown that naturalistic driving behav-
ior consists of continuous change of acceleration and speed.
This leads to a periodical change in distance between vehicles
and also indicates that the driving speed will seldom be
constant.

Due to the fact that the DRAC and the MDRAC do not
realistically represent the driving behavior by using a constant
speed during the time periods in which vehicles are not react-
ing, the derived values tend to show a lower level of risk.Thus,
the only assumption regarding the speed of the vehicles is that
they do not change their acceleration or deceleration unless
reacting to a new situation. Assumptions on the leading
or following vehicle’s hypothetical actions are not considered.

By combining the reaction time described above with
the more realistic assumption on the acceleration behavior,
this work presents a novel indicator for describing risk called
Deceleration Rate to Avoid a Crash using Constant Initial
Acceleration (DCIA).Thedetailed derivation of this indicator
will be subsequently presented.
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Figure 1: Distance-time diagram of the conflict situation. The
trajectories of the leading and following vehicle are labeled with
the numbers 1 and 2, respectively. The considered time period for
the indicator starts at the initial time 𝑡

0
= 0 with a reaction of the

following vehicle at time 𝑡
1
= 𝑅.

Figure 1 illustrates the distance-time diagram of the
considered situation. As shown in the diagram, the following
vehicle keeps a constant acceleration until it reacts on the
deceleration of the leading vehicle. From this moment the
following vehicle will start decelerating with the DCIA value
in a way that the net distance between the vehicles at time𝑇 is
infinitely small and their speeds are equal.Thismeans that the
DCIA is the minimal deceleration of the following vehicle so
that a collision is avoided.

The mathematical derivation of the DCIA is based on the
logic that the distance 𝑆

2
traveled by the following vehicle

is equal to the sum of distances 𝑆
1
of the leading one at the

moment 𝑇 with the net distance gap𝐷 at time 𝑡
0
.

𝑆
1
(𝑇) + 𝐷 = 𝑆

2
(𝑇) . (4)

During an arbitrary time 𝑡 the leading vehicle travels the
distance 𝑆

1
:

𝑆
1
(𝑡) = V

10
𝑡 + 𝑑10𝑡

2

2 ,
(5)

where V
10
is the speed and 𝑑

10
is the acceleration of vehicle 1

at time 𝑡
0
.

The distance, which has been covered by vehicle 2 in the
period 𝑡 after the reaction time𝑅, is composed of the distance
traveled during the reaction time 𝑅 and the distance traveled
in the time period 𝑡 − 𝑅.

𝑆
2
(𝑡) = V

20
𝑅 + 𝑑20𝑅

2

2 + V2 (𝑡 − 𝑅) +
DCIA (𝑡 − 𝑅)2
2 , (6)

where V
20
is the speed and 𝑑

20
the acceleration at time 𝑡

0
, V

2

is the speed after the reaction time, and 𝑑
2
is the necessary

deceleration rate to prevent a collision or to be able to drive
at an infinitely small distance behind the leading vehicle at its
speed.
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Figure 2: Speed-time profile for the conflict situation. The profiles
are numbered with 1 and 2 for the leading and following vehicles,
respectively, while V

10
and V

20
are the corresponding initial speeds.

The DCIA can be determined by substituting (5) and (6)
into (4).The required deceleration to avoid an accident is thus
calculated according to the following formula:

DCIA

=
2 (V

10
𝑇 + 𝑑

10
𝑇2/2 + 𝐷 − V

20
𝑅 − 𝑑

20
𝑅2/2 − V

2
(𝑇 − 𝑅))

(𝑇 − 𝑅)2
.

(7)

In addition to the deceleration rate, the time 𝑇 is another
unknown parameter in this equation. The following contexts
are known for the determination of 𝑇.

The speed of vehicle 1 at an arbitrary time 𝑡 is

V
1
(𝑡) = 𝑑

10
𝑡 + V

10
. (8)

The speed of vehicle 2 at the time 𝑡
1
= 𝑅 is

V
2
(𝑅) = 𝑑

20
𝑅 + V

20
. (9)

The speed of vehicle 2 at the time 𝑡 after reacting is

V
2
(𝑡) = 𝑑

2
(𝑡 − 𝑅) + V

2
(𝑡) . (10)

According to the definition of the DRAC, the following
vehicle should be delayed in such a way that the two vehicles
must travel at the same speed at an infinitely small distance
one after another, so that V

1
(𝑇) = V

2
(𝑇) must apply (see

Figure 2).
Therefore,

𝑑
10
𝑇 + V

10
= DCIA (𝑇 − 𝑅) + 𝑑20𝑅 + V20. (11)

Transformed according to DCIA, the following equation is
obtained (see Figure 3):

DCIA = 𝑑10𝑇 + V10 − 𝑑20𝑅 − V20𝑇 − 𝑅 . (12)

𝑇 results from (7) and (12):

𝑇 = V
20
𝑅 − V

10
𝑅 − 2𝐷

V
10
− 𝑑

10
𝑅 − V

20
+ 𝑑

20
𝑅. (13)
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acceleration.

In contrast to DRAC and MDRAC, DCIA is also suitable for
scenarios where the speed of the following vehicle is lower
than that of the leading vehicle. Because the DCIA does not
assume constant speed profiles but rather a constant acceler-
ation, it is able to identify risky interactions where the follow-
ing vehicle has a lower speed but a much higher acceleration
than the leading vehicle and in combination with a small
headway it would come to a crash.

According to AASHTO [20], a traffic situation is consid-
ered critical when the DRAC exceeds 3.4m/s2. Archer [30]
proposes a threshold for critical situation of 3.35m/s2. Guido
et al. [7] have also chosen a threshold of 3.35m/s2 in their
study on the traffic safety of a roundabout.

For the evaluation of the DCIA a value less than or equal
to 0 means that a collision is prevented without interven-
tion by the following vehicle. A negative value shows the
minimum deceleration rate required to avoid a collision by
adjusting the speed. In accordancewith the studies referenced
above a deceleration value greater than 3.4m/s2 was chosen
as a threshold to indicate a critical situation.

4. Field Data

In order to evaluate themethods described above, the conflict
indicators are derived from microscopic traffic data. These
were extracted from videos recorded within the research
project ESIMAS [31] from surveillance cameras in an enclo-
sure tunnel on the German motorway A3, which has 3 lanes.
The surveillance cameras are located above the lanes towards
Frankfurt also covering an exit lane. The considered section
is subject to a speed limit of 100 km/h.

The videomaterial used for evaluationwas recorded from
7:35 a.m. until 7:55 a.m. in summer time with good lighting
conditions. It includes traffic jams due to the rush hour traffic.

The derivation of the microscopic traffic data has been
performed with software being developed at the Institute
of Highway Engineering (RWTH Aachen University) within
the research project AUTUKAR regarding automatic video
analysis in tunnel surveillance systems (Figure 4). The analy-
sis methods consist of a 3D model based vehicle detection,

Figure 4: Manual position estimation tool GUI. A specific point
cloud is moved on the street surface to best fit a vehicle position.The
chosen position is then written into a database for further analysis.

classification, and tracking of individual vehicles [32]. The
3D models are point clouds of different vehicle types which
are being used to match image features of the real vehicles
present in the video. The projection of the point clouds into
the two-dimensional image is performed by first assessing
the intrinsic and extrinsic parameters of the camera matrix.
The assumptions used are that the street is planar and the
projection of the vehicle point clouds can only be performed
onto this plane. For each vehicle point cloud, an anchor
point is computed as the mean point of the outer contour
after projecting the point cloud onto the bottom plane. The
vehicle positions are determined manually with a graphical
user interface by selecting the optimal position of the anchor
on the street surface so that the point cloud best matches
the image of the vehicle on the street. An automatic analysis
is also possible where an image processing based likelihood
function finds the position with the best match. While the
automatic assessment delivers a higher amount of data,
occlusion may lead to false tracking and position estimation.
As the main focus of this work is the safety assessment rather
than automatic position estimation manual evaluation was
used. This gives the best humanly possible accuracy in the
position estimation, so that a better analysis of the safety
indicator effect can be performed.Thismanual tagging is also
used as proof for the validation of computer vision techniques
throughout different research areas.

The accuracy of the data is mostly dependent on the
camera calibration itself. An inaccurate camera calibration
would lead to inaccurate transformation of pixel coordi-
nates to street surface coordinates and thus to inaccurate
distances between vehicles. To determine the calibration
matrix, features of the road surface like the lane boundary
markings. Based on these markings, virtual positions on the
streets are used for calibration as their relative positions
can be calculated. The calibration algorithm optimizes the
calibration parameters until the back-projection of the input
points shows a high accuracy [33]. Thus accuracy of the
position estimation is dependent on the accuracy assumed
road marking geometry such as the lane width, lengths of
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Figure 5: A vehicle trajectory with crosses being originally chosen
positions and the line being the fitted smoothing spline, which was
used for a new oversampling.

the markings, and the gaps between them. Due to the traffic
and other safety precautions, another point estimation for t
camera calibration is not possible.

Themanual position estimation consists of the first step of
choosing the right point cloud which fits best to the real vehi-
cle. After specifying the vehicle type, the position is chosen in
different frames, and the two-dimensional coordinates on the
street surface with the corresponding timestamp are written
into a database. It is important to point out that, with the
chosen point cloud, the real length and width of the vehicles
are known, which are also used in the calculation of the net
distances for the safety indicator assessment.

The coordinates of the vehicles have been imported
into MATLAB where the trajectories of the vehicles were
estimated by fitting a smoothing spline over the sampled
coordinates (Figure 5). When the considered section shows
a left curvature, the splines were adjusted, respectively. Using
the fitted smoothing splines rather than the original sampled
positions, a new sampling time of 0.1 s could be used for
the estimation of the safety indicator. For the estimation of
the traffic parameters, such as speed, the values along the
smoothing spline are used so that at each 0.1 s sample the
current speed of the vehicle can be estimated.

5. Results and Discussion

In order to be able to conduct a thorough validation and dis-
cussion of the derived safety indicator, a general macroscopic
analysis of the traffic included in the video data needs to be
first undertaken.

1,290 vehicles passed through the 80-meter evaluation
section in 20 minutes including 115 lane changes. In addition,
1,174 vehicle pairs were identified, which are characterized
by the fact that the two consecutive vehicles on the same
lane were both present in the 80-meter section at the same
time. For the vehicle positions a sampling period of 0.1 s has
been chosen, which has resulted in a total of 16,036 rear-end
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Figure 7: Traffic flux diagram.

scenarios. Out of the entire set of rear-end scenarios 5,842
were recorded on lane 2.

Figures 6, 7, and 8 show the speed profile, traffic flux, and
traffic density for each of the four lanes over the regarded
time period, respectively. The values have been determined
by running average over 60 previous seconds. In case of speed
the values are also a mean over all vehicles present in the
considered section.

The traffic is in a free flowing state during the first 300
seconds. The speeds ranged, depending on the considered
lane, from approx. 90 to 125 km/h. Afterwards there was a
significant drop in the traffic speed and flux. In the video
material it can be seen that the vehicles slowed downdue to an
event at a further position along the highway section, which
resulted in a recognizable change in the speed behavior.

As from second 420 onwards, a traffic backlog was
recorded on lane 1. Starting with second 540, the speed slowly
increased and the traffic flow improved. In second 580, a
vehicle with a blue flashing light was detected that supports
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Figure 8: Traffic density diagram.

the assumption that an event had occurred in a subsequent
section. Based on the traffic parameter graphs of the exit lane
it can be seen that after the presence of the blue light many
of the vehicles leave the highway. From second 700 onwards,
a drop in the speed profile is again observed. From second
750 the traffic density increases in lane 1 and from second
800 onwards it also increases in the other lanes. As from
second 840, the speed slowly increases again and the traffic
flow improved to a stable traffic state.

With the aim of testing the impact of the PRT and
the constant acceleration/deceleration, the performances of
traditional and modified surrogate indicators are compared.

The traffic in lane 2 serves as a data base for the derivation
of the microscopic traffic safety parameters, since the major-
ity of the vehicles were monitored in this lane. In addition,
there is a reduced occlusion compared to lane 1 where
high vehicles such as trucks and busses tend to lead to a less
accurate position estimation.

In Figures 9–13 the entire height of the bar shows the
amount of existing rear-end situations over the defined time
intervals. It becomes clear that a higher traffic density leads to
a high number of rear-end situations. This is due to the fact
that many vehicles are located in this section, and thus many
vehicle pairs are registered for assessment. In addition, it can
be seen that particularly many rear-end situations occur in
the periods of slowmoving traffic between seconds 300 to 540
and seconds 780 to 840. However, the high number of rear-
end situations does not automatically lead to many critical
situations as vehicles tend to drive at low speeds.

Furthermore, the rear-end situations are classified into
different criticality groups based on thresholds of the required
deceleration rates. The number and proportion of rear-
end situations in different groups are marked by different
color representations inside the bars in the figures. If the
determined safety parameter exceeds the threshold value of
3.4m/s2 this indicates a critical situation.

As the original DRAC does not exceed the threshold of
3.4m/s2 no critical conflicts were identified using this safety
indicator (Figure 9).However, it is apparent that starting from
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Figure 9: DRAC values categorized in four groups over the
considered time interval in lane 2.
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Figure 10: MDRAC values calculated with PRT = 1.3 s categorized
in four groups over the considered time interval in lane 2.

second 660 increasingly more rear-end situations occurred
where a slight deceleration was necessary to avoid a critical
situation.

The modified version of the DRAC, MDRAC, was calcu-
lated with two different reaction times, 1.3 seconds and 2.02
seconds. The MDRAC is only calculated when V

2
> V

1
and

TTC > 𝑅. However, the number of occurrences where 𝑅 >
TTC can be relevant, as thismay indicate an extremely critical
situation.This of course does not implicitlymean that an acci-
dent occurs but follows from the theoretical assumption of
constant speed while the reaction time is measured from the
timestamp of the current assessment. For this reason, both
criteria are considered.

In Figure 10 the MDRAC was calculated with 𝑅 = 1.3 s
while in Figure 11 the reaction time value was 𝑅 = 2.02 s.

It can be seen that values between 1.7 and 3.4m/s2 (almost
critical situations) can be found at 960 to 1020 seconds
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Figure 11: MDRAC values calculated with PRT = 2.02 s categorized
in four groups over the considered time interval in lane 2.
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Figure 12: DCIA values calculated with PRT = 1.3 s categorized in
four groups over the considered time interval in lane 2.

when the reaction time used is 1.3 seconds (Figure 10).
Additionally to this time interval the safety parameter also
shows occurrences of values in this criticality group at 780
to 840 seconds when the reaction time is 2.02 seconds
(Figure 11).TheMDRACwith a reaction time of 2.02 seconds
identifies a critical traffic situation at 780–840 seconds.

For further discussions and validation of the DCIA,
considering a constant deceleration rather than constant
speed has been derived from the data with reaction times of
1.3 seconds and 2.02 seconds (Figures 12 and 13).

Compared to the MDRAC with a reaction time of 1.3
seconds the DCIA results in more critical situations when
using the same reaction time. While MDRAC only once
identified occurrences of almost critical situations at seconds
960 to 1020, DCIA registers critical situations at seconds 300
to 360, seconds 780 to 840, and second 960 to 1020, as well as
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Figure 13: DCIA values calculated with PRT = 2.02 s categorized in
four groups over the considered time interval in lane 2.

almost critical situations at seconds 900 to 960 and seconds
1080 to 1140.

The phenomenon that the DCIA is more sensitive to
critical situations compared to MDRAC is also shown in the
comparison between MDRAC and DCIA with a response
time of 2.02 seconds. DCIA identifies more critical situations
and even 2 situations where the reaction time exceeds the
time to collision (TTC).

Overall, it is clear that in the periods of traffic distur-
bances greater amounts of general rear-end as well as critical
rear-end situations occur. On the basis of the critical situa-
tions in the period of 960 to 1020 seconds, in which the traffic
is almost moving, it can be seen that critical situations or
accidents can also occur under normally good circumstances
and are attributable to the driving behavior of the vehicle
drivers.

The critical situations (deceleration > 3.4m/s2) were
subjected to a detailed analysis.Thereby it was found that four
pairs of vehicles are involved in the critical situations, which
have differently often led to exceeding the threshold depend-
ing on the indicator used (see Table 1). While no critical
vehicle combination has occurred using DRAC andMDRAC
with PRT = 1.3 s, there was one occurrence with MDRAC
with PRT = 2.02 s, three occurrences with DCIA with
PRT = 1.3 s, and four with DCIA with PRT = 2.02 s.

In addition, it was possible to ascertain through analyzing
the video material that two of the four vehicle combinations
are lane changes. Although the indicators show that these sit-
uations are critical, accelerating before changing the lane for
an overtake is a sensible driving behavior which should not be
classified as a critical situation.

6. Conclusion

In this paper a novel surrogate safety indicator was presented
which rather than assuming a constant speed for the conflict
prediction only uses a constant acceleration and also includes
a theoretical reaction time of the road users.
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Table 1: Detailed information about the four identified critical situations.

Vehicle-IDs Time Safety indicator Situation

1034/1036 964
MDRAC, PRT = 2.0 s
DCIA, PRT = 1.3 s
DCIA, PRT = 2.0 s

Lane-change

374/375 333 DCIA, PRT = 1.3 s
DCIA, PRT = 2.0 s Rear-end

872/874 798 DCIA, PRT = 1.3 s
DCIA, PRT = 2.0 s Rear-end

866/868 792 DCIA, PRT = 2.0 s Lane-change

The DRAC, MDRAC, and DCIA were assessed using a
database of 3D microscopic traffic data gathered from video
material by using innovative image processing techniques.
A thorough comparison of the three indicators showed that
the DCIA is more sensitive in detecting critical situation
throughout all criticality groups. The discussion showed
that the DCIA is considerably more realistic regarding the
description of the dynamic conflict situation.

It was shown that critical situations more often occur
at traffic disturbances. Nevertheless, the data showed that
critical conflict situations may also occur under circum-
stances including free flowing traffic due to dangerous driving
behavior.

As two of the four identified critical situations detected
by the DCIA turned out to be uncritical lane changes, more
sophisticated safety indicators need to be developed which
can cope with the 3D trajectories of the vehicles. Further-
more, the video-based traffic safety data collection and the
subsequent data showed huge potential for safety analysis;
thus a higher data volume should be gathered. Further
research work should be conducted by comparing large data
volumes to real crash data which would lead to a more
comprehensive indicator validation.
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Operating speed is a critical indicator for road alignment consistency design and safety evaluation. Although extensive studies have
been conducted on operating speed prediction, fewmodels can finish practical continuous prediction at each point along alignment
on multilane highways. This study proposes a novel method to estimate the operating speed for multilane highways in China from
the aspect of the three-dimensional alignment combination. Operating speed data collected in field experiments on 304 different
alignment combination sections are detected by means of Global Positioning System. First, the alignment comprehensive index
(ACI) is designed and introduced to describe the function accounting for alignment continuity and driving safety. The variables
used in ACI include horizontal curve radius, change rate of curvature, deflection angle of curve, grade, and lane width. Second, the
influence range of front and rear alignment on speed is determined on the basis of drivers’ fixation range and dynamical properties
of vehicles. Furthermore, a prediction model based on exponential relationships between road alignment and speeds is designed
to predict the speed of passenger cars and trucks. Finally, three common criteria are utilized to evaluate the effectiveness of the
prediction models. The results indicate that the prediction models outperform the other two operating speed models for their
higher prediction accuracy.

1. Introduction

Human-orient and safety supremacy are currently the new
guidance during the period of highway construction. The
traditional design speed-based alignment design approach
usually only specifies the minimum value of one isolated
alignment element. This designing method is prone to be
inconsistentwith successive elements of a road. Large amount
of practical studies highlights the fact that inconsistent
alignment might cause a sudden change in the characteristics
of the roadway,whichwould lead to critical driving errors and
crash risks [1, 2]. A consistent alignment design is required to
meet drivers’ expectations and promotes harmonious driving
behaviors. Since a number of experimental surveys state
that the actual speeds adopted by drivers are considerably
higher than those used to determine road design standards
[3, 4], several countries recommend the analysis of the design
consistency or safety evaluation in order to check excessive

differences of operating speed on successive elements along
the road [5–7]. It is noticed that the operating speed profile
is the most useful tool to achieve this goal [7]. For example,
Interactive Highway Safety Design Model (IHSDM) devel-
oped by the US Federal Highway Administration is wildly
used for comprehensive safety assessment [8]. The current
version of IHSDM checks the operating speed profile against
two consistency criteria. Operating speed is an expressive
parameter of driver’s behavior influenced by multiple factors,
such as alignment, vehicle dynamical properties, traffic flow
composition, traffic management and control measures, cli-
mate, and sight distance. The 85th percentile of the free-flow
speed distribution is commonly used to represent operating
speed for design consistency evaluation [1, 8].

There are extensive literatures on operating speed predic-
tion models in which the variables and the model construc-
tions vary considerably. Most models focus on horizontal
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curve by assuming constant speed on curves and therefore
deceleration and acceleration that occur entirely on the
approach tangent and on the departure tangent [3]. Lamm et
al. [9] considered the curve radius to be the most significant
indicator in determining the operating speed and used it
as the dominant independent variable to predict operating
speed on horizontal curves. They also established a process
and a classification system to evaluate horizontal design con-
sistency. Islam and Seneviratne [10] reported the differences
on feature points of alignment and established the operating
speed regression model on three sites of curve. McFadden
and Elefteriadou [11] combined the degree of curvature,
length of curve, deflection angle, and the speed on approach
tangent to make a regression analysis. Krammes et al. [12]
developed an operating speed prediction model in which all
the variables are related to the geometry characteristics of the
curve to evaluate horizontal alignment consistency based on
data collected from 138 curves. Bucchi et al. [13] conducted
the estimation of operating speed on large grade sections and
sharp curve with radius from 25m to 170m for the rural road.
Some similar speed profile models mostly used curve radius
(radius or degree of curvature) as the predictor [11, 14–17].

Meanwhile, previous works introduced the vertical align-
ment influences on operating speed [18]. Jessen et al. [19]
studied the potential influences of mileage, grade of vertical
curve, crash barrier, intersection, lane width, and volume
on operating speed by collecting the car data on 70 vertical
curves. Fambro et al. [20] presented that the sight distance
was constrained by the vertical curvaturewhich consequently
determined the operating speed. Moreover, vertical grade,
vertical curve type, and rate of vertical curvature were
considered in the prediction models. The methodology in
the IHSDM adopted these equations [8]. Gibreel et al.
[21] investigated the operating data on three-dimensional
alignments involving sag and crest vertical curves in Ontario
and set up the reliable operating speed prediction models for
two-lane highways. In addition, othermodels using statistical
methods including simple linear regression, multiple linear
regressions, and nonlinear regression were built up on the
basis of analysis between alignment variables and operat-
ing speed [22–24]. By contrast, Brazil model [25] was put
forward according to the mechanical properties and driving
behaviors.Thismodel also presented the clear explanation for
the restriction factors to improve the accuracy of prediction.
Moreover, artificial neural network and simulation technique
were introduced to estimate operating speed [26, 27].

Numerous studies have been completed for passenger
car operating speed prediction and design consistency on
rural two-lane highways [13, 16]. Relatively few researches,
however, are conducted for trucks onmultilane highways [28,
29]. J. E. Leisch and J. P. Leisch [30] found that an increase in
vertical grade or length of vertical curve hadmuch significant
influence on truck speed than car speed. They also suggested
that the speed profile models for trucks can be constructed
by considering both horizontal and vertical alignments.
In this regard, another concern has to be stressed. Most
of the existing two-dimensional (2D) models which only
considered horizontal and vertical curve have much lower
values of coefficient of determination due to the cross section

missed in the model [6, 12, 17]. Gibreel et al. [21] proposed
that the maximum differences between the predicted and the
observed speed using three-dimensional (3D) model and 2D
model on some sites reached 35%. In addition, most existing
models are based on spot speed data collected by measuring
the individual speeds of a sample of the vehicles passing a
given spot [31]. They assumed that constant speed occurs on
curves and therefore deceleration and acceleration entirely
occur on the approach tangent and on the departure tangent.
With these assumptions, spot speed data are collected at the
center of the horizontal curve and at the midpoint of the
preceding tangent. However, the maximum and minimum
speeds may not occur, respectively, at the center of tangents
and curves. Since the speed data are not collected at the
beginning and the ending deceleration or acceleration points,
these models do not accurately represent drivers’ behavior.
Therefore, previous works mainly calculated the speed of
the feature points (i.e., the midpoint of horizontal curve or
preceding tangent) of alignment using spot speed data which
is usually accompanied by human error and cosine error [10].
In fact, the analysis of an individual pointmay blur the change
pattern of operating speed and disregard the continuity of
speed variation. On the basis of the overall state of the art,
few of them can conduct the operating speed at each point
along the road [16, 20].

In terms of limitations in aforementioned methods, it
is challenging to design different approaches to explore a
comprehensive representation of the operating speed. The
report E-C151 of the Transportation Research Board [32], a
thorough review of the operating speed all over the world
which also underlined the requirements for novel speed
models for different countries because speed behavior was
influenced by multiple factors, significantly differs among
regions. Recently, limited studies on continuous operating
speed prediction were developed through relationships anal-
ysis between speed at all points and geometry alignment
[31, 33–35]. These models provided a potential for a more
accurate investigation of driver’s behavior.

The main objective of the research in this paper is to
propose a continuous operating speed prediction model
for passenger cars and trucks on multilane highways. This
new methodology, for the first time, formulates a three-
dimensional alignment comprehensive index (ACI) com-
bined with driver’s visual characteristics and vehicle dynamic
properties to achieve higher accurate and reliable speed esti-
mation at each point along the roadway. This could be useful
for researchers to evaluate alignment design consistency and
determine alignment features.

2. Methodology

2.1. Basic Hypotheses. Operating speed is affected bymultiple
factors. How to find the key information from complex
influence factors is critical for accurate prediction. Based
on the analysis of the relation among operating speed,
alignment, and other influence factors, the basic hypotheses
are summarized as follows:
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A Operating speed varies with the change of road
condition along the driving direction.

B The comprehensive influence of alignment on oper-
ating speed is not only mutually independent, but
also not equivalent to a simple linear overlay. As a
quantitative indicator to characterize horizontal, ver-
tical, and cross section alignment, the road alignment
comprehensive index is related to the speed variation.

C Operating speed on a certain section is related to
alignment features on this section and also affected
by the range of a certain length of alignment between
rear segment and front segment.

These three assumptions which focus on the influences
of front and rear alignment on operating speed are in line
with the general driving rules of vehicles run on highway.
Meanwhile, the continuity of operating speed in space is also
taken into account.

2.2. Three-Dimensional Alignment Comprehensive Index
(ACI) Description Model

2.2.1. Alignment Comprehensive Index. An ACI is defined as
a mathematical indicator 𝑓 which can characterize the influ-
ence of indices on alignment continuity and driving safety
by considering the three-dimensional geometric features of
horizontal, vertical, and cross section alignment.

It is indicated that one point corresponds to a unique
value of 𝑓 which describes the comprehensive geometry
features of various indices on each point and also reflects the
amount of the information perceived by drivers. According to
the influence of alignment on the driving safety, the consistent
relationship between alignment and 𝑓 is represented as a
smaller value of 𝑓 contributes to better alignment. In other
words, the alignment corresponding to a smaller 𝑓 will be
more benefit for driving.

The key idea of method lies in setting up the horizontal,
vertical, and cross section alignment model, respectively,
and then integrating them into the ACI description model.
According to the definition of ACI and the works in [31],
the most significant independent variables influencing the
operating speed and corresponding to each point have been
taken into account.

2.2.2. Horizontal Alignment Description Model. Three vari-
ables including radius, change rate of curvature, and deflec-
tion angle of curve are considered in the horizontal alignment
description model. Generally, these three variables can rep-
resent lateral force, rotation rate of the steering wheel, and
deflection angle of driver’s vision. When vehicles travel on
a horizontal curve with greater curvature, the worse lateral
stability may be generated due to the larger centrifugal [36].
The mutations of curvature are prone to driving risk even
crashes. Thus, the consistent relationship between curvature
and 𝑓 can be determined as the larger the curvature, the
smaller 𝑓. Similarly, the more rapidly the curvature changes
on a spiral curve, the greater the impact on the driver is
because of the workload on adjusting the steering wheels and

ultimately the greater likelihood of danger. Generally, drivers
need to shift their eyes or turn their heads to focus on a front
point as the trajectory changes. A sharp change of deflection
angel of curve would aggravate range of driver’s vision.This is
also harmful for safe driving. Therefore, 𝑓 increases as these
two variables become larger.

The relationship between each individual indices and the
intermediary variable is applied to transform and unify the
change laws of each index and the comprehensive index.
The vertical and cross section correction model also use the
same research ideas, in which speed is often taken as the
intermediary variable.

In some traditional regression models, the speed at a
given radius is formulated as an ordinary linear model (𝑉 =𝑎 − 𝑏/𝑅) or power model (𝑉 = 𝑎𝑅𝑏). Combining with the
test data, the relation between operating speed and radius
are analyzed by using these two forms function firstly. It
can be concluded that power model has limitation with
radius less than 250m. The variation is too slight to reflect
the influence of radius on operating speed. However, it is
apparently rare for highways with radius less than 250m. On
the contrary, the speed variation in linear model is too strong
and even negative value occurs with the radius less than
700m. However, this is a frequent occurrence that the radius
of horizontal curve is less than 700m. Thus, power function
is adopted to demonstrate the relation between 𝑓 and radius.
Moreover, exponential model [9, 11, 12] is widely used to
predict the variation of operating speed with change rate
of curvature and deflection angle of curve. Based on above
analyzes of each indicator, these models can be generalized as
(1) by using amultiple exponential with linearized function to
form the horizontal ACI (𝑓𝐻) model:

𝑓𝐻 = 𝑚𝑅𝑛 exp (𝑎1CCR + 𝑏1DF) , (1)

where 𝑅 is curvature; CCR represents change rate of curva-
ture; DF denotes deflection angle of curve;𝑚, 𝑛, 𝑎1, and 𝑏1 are
parameters.

2.2.3. Vertical Alignment Description Model. In the vertical
alignment descriptionmodel, grade is considered as themain
variable. It can be concluded that the driving safety would
become worse as the grade increases no matter on downhill
or uphill due to the insufficient sighting distance or speeding.
From the point of the definition of the consistent relationship
between𝑓 and alignment index,𝑓 increases with the increase
of grade. Although the variation of 𝑓 with grade is easy to
know, the quantitative relation still remains unclear. That
is, the intermediary variable, speed with the absolute value
of grade, has a distinct trend. According to the initial data
analysis, speed decreases as grade varies from downhill to
uphill. So the correlation between grade and the vertical ACI
(𝑓𝑉) is firstly expressed as linear regression is analyzed [20].
However, in fact, speed varies slightly when the grade ranges
between −2% and 2%, whereas the grade is greater than 3%
or less than −3%, and the variation of speed increases with
nonlinear function. Moreover, for the positive and negative
grade, the corresponding 𝑓𝑉 has a different value range.
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Consequently, the vertical ACI model (see (2)) is developed
based on the improvements of the linear regression equation:

𝑓𝑉 = 𝑎2𝑖 |𝑖| + 𝑏2𝑖 + 𝑐2, (2)

where 𝑖 is grade; 𝑎2, 𝑏2, and 𝑐2 are parameters.

2.2.4. Cross Section Alignment Correction Model. In the cross
section alignment model, the five independent variables are
utilized in model, including lane width, lane number, widths
of right and left shoulder, and the adjustment coefficient
which represents the variation of pavement width because
of the transition from common road to bridge or tunnel.
Generally, the interaction between adjacent vehicles along
the driving direction is smaller on the wider roadway. Such
driving environment also offers greater driving convenience
and freedomdue to a wider vision field. It indicates that wider
roadway is more favorable to the traffic. In other words, 𝑓
decreases with the increase of lane width, lane number, and
the left and right shoulder width. However, operating speed
increases as the width of pavement becomes large. In the
findings of Harwood et al. [37], the regression relationship
between speed reduction and cross section is presented. It
also suggests cumulative effects on the speed due to variations
in lane and shoulder width [17]. For example, for a given cross
section composed by a lane width smaller than 3.6m and
a shoulder width smaller than 1.8m, the reduction in speed
is the sum of the individual effects caused by each variable.
On the basis of field investigation, the cross section ACI (𝑓𝐶)
model is set up in terms of the width standard of eight-lane
highway and the reduction percentage of speed related to
cross section width as

𝑓𝐶 = 𝛽 ⋅ ln (𝑎3𝐵2 + 𝑏3𝐵 + 𝑐3) + 𝜉,
𝐵 = 𝑛3 ⋅ 𝐿 + 𝑤1 + 𝑤2, (3)

where 𝛽, 𝑎3, 𝑏3, and 𝑐3 are the parameters; 𝜉 is the adjustment
coefficient of the bridge and tunnel; 𝐵 is the total width of
single carriageway section; 𝐿 is the width of a single lane; 𝑛3
is the number of lanes; 𝑤1 and 𝑤2 are the widths of the left
and right road shoulders.

2.2.5. Model Integration. A horizontal alignment in a road-
way refers to the alignment or how “straight” the roadway
section is. A vertical alignment refers to a roadway’s change in
elevation or the “flatness” of the roadway. With respect to the
road information perceived by drivers, it is not only related
to alignment itself but also involved operating speed. In this
paper, the challenge is how to quantify the road alignment
information and integrate the horizontal, vertical, and cross
section alignment ACI into a 3D ACI description model
serving for the operating speed prediction. Because people’s
perception to the distance, shape, and speed of the objects in
real space depends on continuous learning and experience
[20], it is really difficult to achieve effective identification
performance. Currently, the perspective images are generally
used to depict the road section from high view (bird’s eye
view). However, the analysis of these images is qualitative and
subjective [38].

It is worth mentioning that tangent is a radial ray
expanded from a vanishing point in the fields of vision of
drivers [39]. Tangent is the most recognizable shape for
drivers, and the understanding of other alignment is usually
acquired based on the comparison with tangent. Drivers
could firstly predict the consistency between the front and the
current horizontal alignment, focusing primarily on the oper-
ating speed rather than on the direction.Through a change of
sight distance, drivers can attain information about vertical
alignment. Given the fact that the cross section alignment
rarely changes, the perceptions of drivers in different cross
sections are nearly the same and are less dependent on the
change of horizontal and vertical alignments.

During construct ACI model, we consider the following
several reasons: first, in some traditional regression models,
the speed at a given radius, change rate of curvature, and
deflection angle of curve are formulated as an ordinary linear
model, power model, or exponential model [9, 11, 12]. We
referenced these model forms and generalized these models
by using a multiple exponential with linearized function to
form the horizontal ACI (𝑓𝐻) model.

Second, we found speed decreased as grade varied from
downhill to uphill. So we analyze the correlation between
grade and the vertical ACI using the linear regression firstly
[20]. However, in fact, speed varies slightly when the grade is
between −2% and 2%, whereas the grade is greater than 3%
or less than −3%, and the variation of speed increases with
nonlinear function. Moreover, for the positive and negative
grade, the corresponding 𝑓𝑉 has a different value range.
Consequently, the vertical ACI model (see (2)) is developed
based on the improvements of the linear regression equation.

Third, in the findings of Harwood et al. [37], the regres-
sion relationship between speed reduction and cross section
is presented. It also suggests cumulative effects on the speed
due to variations in lane and shoulder width [17]. On the
basis of field investigation, the cross section ACI (𝑓𝑐) model
is set up in terms of the width standard of eight-lane highway
and the reduction percentage of speed related to cross section
width.

Moreover, the challenge in this study is how to integrate
the horizontal, vertical, and cross section alignment ACI
into a 3D ACI description model. By considering alignment
design features, several research findings and the cross
section alignment adjustment form mentioned in Highway
CapacityManual 2010 [40], and the ACI descriptionmodel is
put forward based on the sensitivity to each alignment index.

After repeated trial calculation and parameters calibra-
tion, the three-dimensional alignment comprehensive index
description function is set up finally. The ACI description
model is put forward based on the sensitivity to each
alignment index as shown in

𝑓 = 𝑓𝐻𝑓𝑉 + 𝑓𝐶. (4)

The reasons we choose these indicators are shown as
follows: First, on the basis of data analysis, we studied the
correlation among the single index, operating speed, and
traffic safety, including length of tangent, radius of horizontal
curve (curvature), curvature rate, curve length deflection
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angle of horizontal curve, grade, length of vertical grade,
and lane width. Then, we selected the indexes which were
often used to establish operating speed model in the related
achievements at home and aboard. In summary, the indexes
which have great influence on operating speed and safety
were selected preliminarily.

Secondly, according to the characteristics of road align-
ment, these indexes can be divided into two categories.
One category is the section design index corresponding
to the milepost, mainly including radius, curvature rate,
curve length deflection angle of horizontal curve, grade, lane
number, lane width, and shoulder width. Another category is
the indexes along the roadway, such as tangent length, curve
length, length of vertical curve length, and spiral length.

The alignment comprehensive index is based on the road
section, so the model of ACI mainly considers the first
category indexes, and the second category indexes will be
selected in the operating speed prediction model.

2.3. Determination of Influence Range. This study empha-
sizes a continuous speed prediction which is more accurate
than other researches on operating speed with a single
alignment index. The section speed is selected as objects
through discretizing the continuously variable operating
speed. Although the alignment comprehensive index and
operating speed are divided into points, the operating speed
on a certain section is always related to the front and rear
alignments within a certain length. The speed of one point
is the cumulative result of speed variation on rear alignment
that has already traveled. On the other hand, a certain
range of alignment ahead decides the driver’s expectation of
acceleration and deceleration based on the perception of the
visual information obtained at the present moment. So the
influence range of front and rear alignment on current section
speed should be determined.

The visual characteristics of drivers are the most impor-
tant factor affecting the change in operating speed. The key
step to determine the influence range of front alignment is
to quantify environmental factors of visual information to
a digital index, then using this digital index to analyze the
influence of front alignment on operating speed.

Road alignment forms a visual sensitive area in the
drivers’ view plane, generally known as fixation range [41],
including the invisible region, rear view region, and front
view region. Using as the prejudgment of alignment con-
ditions ahead, the front view region is the main influence
range of the operating speed. Easa and He [42] showed that
driver’s visual demand interval was generally approximately
3 s. Therefore, 3 s trip is used as the starting point of the most
sensitive position in driving process, which is the nearest
point of the front alignment influence. Depending on the
speed, driver vision is usually focused further as the speed
increase. However, because of the influences of elevation
fluctuation and sight distance on curves, the maximum
fixation distance on curves may be closer than that on
tangents. According to the current China Technical Standard
of Highway Engineering (JTG B01-2014) [43], a certain
stopping sight distance on curve segments is specified. When

the design speed is 120 km/h, the recommended stopping
sight distance is 210m.Thus, 1.2 times stopping sight distance
is adopted as the farthest fixation point of front alignment
influence on the basis of general consideration. To take the
maximum design speed 120 km/h into account, the influence
range of front alignment is determined from 100m to 250m.

Operating speed on a current section is the result of
cumulative speed change of the rear-traveled sections. The
speed differences existing between the front and rear sections
are induced by the acceleration and deceleration of a vehicle.
Thus, the influence range of rear alignment can be approx-
imately characterized by the acceleration and deceleration
distance. According to several previous studies [44, 45],
the deceleration or acceleration rates mainly depend on the
radius of the curve and its locations. However, the acceler-
ation and deceleration models using the spot speed data do
not reflect driver’s actual behavior because the starting and
ending points of the speed transition can not be determined
a priori. Therefore, the actual acceleration and deceleration
rates cannot be accurately obtained. Moreover, the speed
transition length dependsmore on driver characteristic (such
as age, gender, purpose of the trip, and distance traveled) than
on the alignment transition design [44].

Thanks to the continuous speed profiles observed for
each individual trajectory, 15th and 85th percentile speeds
are, respectively, 102 km/h and 123 km/h for car compared
to 69 km/h and 81 km/h for truck. Because the probability
of occurrence of speed decelerating from 85th percentile to
15th percentile is generally low, it is relatively conservative
and safe to consider these speed intervals as the speed
differences in deceleration process. Consequently, according
to the recommended deceleration of 0.9m/s2 for cars and
0.35m/s2 for trucks in our project report [46], the influence
range of the rear alignment can be determined as 200m.

2.4. Structure of Prediction Model. From the given analysis,
the operating speed 𝑉 of current section contains the follow-
ing two parts: 𝑉1 and Δ𝑉. The initial speed 𝑉1 represents the
accumulation of operating speed within the 200m influence
range of rear alignment. Δ𝑉 means acceleration or decelera-
tion according to the alignment features within the effective
fixation range from 100m to 250mahead.These two variables
are jointed to determine the operating speed 𝑉 of current
section, and the relationship can be expressed as

𝑉 = 𝑉1 + Δ𝑉. (5)

In (5),𝑉1 andΔ𝑉 are also determined by the accumulated
values of ACI of the front and rear influence ranges. However,
the influences of front and rear alignment on operating
speed are different. Therefore, considering speed superpo-
sition principle, this study puts forward the form of speed
prediction model as (6). The criteria used for identifying the
prediction performance are based on the highest coefficient
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Table 1: Site geometric design characteristics.

Variable Minimum Maximum Mean Standard deviation
Design speed (km/h) 60.00 120.00 108.32 15.62
Horizontal curve radius (m) 400.00 3500.00 868.05 218.65
Curve length (m) 284.22 1155.48 902.65 89.37
Deflection angle of horizontal curve 6.51 71.12 37.22 12.36
Length of spiral curve 135.00 1800.00 728.93 106.32
Tangent length (m) 121.00 2245.00 1253.28 185.21
Grade (%) −5.40 5.00 0.63 2.57
Length of vertical grade (m) 160.00 1300.00 776.89 165.79
Lane number 4.00 8.00 6.75 0.93
Lane width (m) 3.50 3.75 3.70 0.12
Left shoulder width [hard/soft] (m) [1.00/0.75] [1.25/0.75] [1.17/0.75] [1.02/0]
Right shoulder width [hard/soft] (m) [3.00/0.75] [3.50/0.75] [3.35/0.75] [0.56/0]

of determination 𝑅2, the significance of each predictor, and
the logical explanation of the model

𝑉 = 𝑎 exp [𝑏𝐹(𝑟200m) + 𝑐 (𝐹(𝑓250m) − 𝐹(𝑓100m))] , (6)

𝐹(𝑓250m) = ∫
250

0
𝑓 (𝑙) ⋅ 𝑑𝑙 , (7)

𝐹(𝑓100m) = ∫
100

0
𝑓 (𝑙) ⋅ 𝑑𝑙 , (8)

𝐹(𝑟200m) = ∫
0

−200
𝑓 (𝑙) ⋅ 𝑑𝑙 , (9)

where 𝑉 is the operating speed on the current point; 𝑓(𝑙)
represents the ACI function; 𝐹(𝑓250m) − 𝐹(𝑓100m) is the ACI
accumulated value in the influence range of front alignment;𝐹(𝑟200m) denotes the ACI accumulated value in the influence
range of rear alignment; 𝐹(𝑓250m), 𝐹(𝑓100m), and 𝐹(𝑟200m) can
be calculated using (7), (8), and (9); 𝑎, 𝑏, and 𝑐 are the
coefficient; other parameters are introduced before.

3. Data Collection

Speed data were collected on Shenda Highway (eight-lane in
twodirections, design speed of 120 km/h), ShenshanHighway
(six-lane in two directions, design speed of 120 km/h), and
Shendan Highway (four-lane in two directions, design speed
of 100 km/h, 80 km/h, and 60 km/h on different sites) for both
directions in two time periods: from June to October 2013
and from March to May 2014, to establish prediction model.
The testing data set used to validate the proposed model was
collected on Taijiu Highway from April to May 2014.

The test sites consists of two types alignment combina-
tions including 158 sections of a sag curve combined with a
horizontal curve and 146 sections of a crest curve combined
with a horizontal curve. In all cases, there exists a spiral
transition between tangent and circular curve.The geometric
design data were acquired from road alignment design docu-
ments.The data include radius of horizontal curve, deflection

angle of horizontal curve, length of horizontal, vertical and
spiral curve, grade, length of tangent, lane width, number of
lane, shoulder width, and the milepost of each feature points.
Table 1 summarizes the main geometric features of the test
alignment.

There are several instruments for speed data collection,
including Global Positioning System (GPS), radar gun, loop
detector, video detection system, and infrared detector. By
contrast with the features of each instruments, this study
applied GPS devices placed on passenger cars and trucks to
obtain the individual continuous operating speed profiles.
Drivers were proved to be not biased by the presence of GPS
device [32], and therefore the operating speed data collected
in the test were reasonable to reflect the normal driving
behavior. GPS also can provide high accuracy of the spatial
coordinates with a frequency of 1Hz. Therefore, it is possible
to know the position and calculate the speed of each point.

The passenger cars or trucks which would travel through
the observed sections were recruited in toll stations to
participant this project. All the participants were informed
that speed data would be used only for research purpose; thus
they were free to select their speed according to their driving
habits.

The experiments were carried out during daytime, off-
peak periods, in sunny day, under free-flow conditions which
are typically defined as having time headways of at least 5
or 6 s [18, 34], and on the condition of dry pavements. In
the experiment, one test personnel sat in the rear of the
car so as to record the nonfree flow conditions (i.e., car-
following or lane-changing). In the further analysis, all the
data influenced by the external factors were discarded in the
data processing.More than 340 passenger cars and 287 trucks
were investigated at each selected site, ensuring a minimum
of 100 speed data of each type vehicle per direction at each
point for operating speed estimation.

In order to explore the operating speed prediction mod-
els, the following speed data were processed subsequently
based on the initial analysis of continuous speed profile of
each vehicle and the reference of data collection position
proposed by Gibreel et al. [21]:
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Figure 1: Normal probability plot of cars. (a) Cumulative probability distribution. (b) Deviation from Normal.

A Points were 0m, 50m, and 100m on the approach
tangent before the beginning of the spiral curvewhere
drivers may change speed but not completely because
of the effect of the 3D combination ahead.

B Point was the start point of a horizontal curve where
drivers could finish the speed selection from a tangent
to transition of a curve.

C Points were the middle point of tangent, spiral curve,
and horizontal curve.

D Point was the end point of a horizontal curve and the
beginning of spiral curve.

E Points were 0m, 50m, and 100m on the departure
tangent after the end of spiral curvewhere driversmay
select speed according to the transition from curve to
tangent.

If the length of tangent is short, the processed points
were reduced correspondingly. Furthermore, the 3𝜎 statistical
criterion [2] was used to check the homogeneity distribution
around the mean and the maximum deviation of speed
distribution equal to 3𝜎. Consequently, speed data frommore
than 2400 points were measured. Moreover, an important
issue is to verify the speed distribution for each type site (i.e.,
tangent and curve) because it is found that speed distribution
differed from the curve to the tangent [11].

The distribution characteristics of speed data are analyzed
based on histogram features of overall frequency of speed
sample. Normal, Weibull, Gamma, and Logistic distribution
are applied to finish distribution fitting and frequency testing.
Normal probability plot is applied to accomplish qualitative
test and determine the preliminary distribution form. In
Figure 1(a), the horizontal and vertical coordinates represent

the theoretical and the actual cumulative probability, respec-
tively. It can be seen that the data points in the graph coincide
with the theoretical diagonal line. Figure 1(b) is the residual
plot calculated based on normal distribution. The data are
basically distributed over the horizontal line without regular
fluctuations. This could be a hint that the data obey nor-
mal distribution. After using the Pearson’s goodness fit test
and Kolmogorov-Smirnov test, the tangents and curves are
identifiedwithNormal andLogistic distribution, respectively.
Therefore, the operating speed that is 85th percentile speeds
measured on 2400 points is available for further calculation.

4. Results Analysis and Discussion

4.1. Parameters Calibration and Sensitivity Analysis. First,
according to the regulations of minimum and maximum
radius of curve on highway, the influence weight in (1) is
obtained. Second, the parameters in (2) are determined by
using the limitations of grade in specification and influence
ratio of grade on speed. Third, the coefficients in (3) are also
fixed taking the reduction relation between pavement width
and speed into consideration.

After repeated trial calculation and parameters calibra-
tion, the three-dimensional alignment comprehensive index
description function is set up as follows:

𝑓 (𝑙) = {430 ⋅ 𝑅−0.757 exp [3000CCR + 0.0005DF]}
⋅ 𝑓𝑉 + 𝑓𝐶, (10)

𝑓𝑉 = 0.012 ⋅ 𝑖 ⋅ |𝑖| + 0.04 ⋅ 𝑖 + 1.0, (11)

𝑓CA = −28.57
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Figure 2: Relation between single index and 𝑓. (a) Curvature. (b) Deflection angle of horizontal curve. (c) Width of roadway. (d) Grade.

⋅ ln (−0.00189 ⋅ 𝐵2 + 0.0719 ⋅ 𝐵 + 0.318)
+ 𝜉,

(12)

𝑓CD = −20.57 ⋅ ln (0.0078 ⋅ 𝐵 + 0.847) + 𝜉, (13)

where 𝑓CA and 𝑓CD are the cross section alignment function
for cars and trucks; the definitions of other parameters are the
same as aforementioned.

In order to analyze the sensitivity of each index to 𝑓 in
the description model, a single key indicator is chosen as a
variable. And then the other factors in the 3D ACI model are
fixed. Thus, the variation of 𝑓 with the single index can be
seen in Figure 2.

It can be seen from Figure 2 that𝑓 on curves considerably
increases with the increase in curvature. 𝑓 is more sensitive
to the curvature between 0.001 and 0.005 (i.e., radius is less
than 1000m). By contrast, 𝑓 has little changes on curves
with a curvature less than 0.001 (i.e., the radius is larger
than 1000m). It indicates that horizontal curve with radius of
4000m or 5000m already have very slight impact on driving
which is close to the effect of tangent. Notably, deflection
angle of horizontal curve and width of roadway markedly
affects 𝑓.

Figure 2(d) shows 𝑓 increases as a unilateral parabolic
curve with the increase of grade. 𝑓 has very obvious sen-
sitivity to bigger grade because of the higher requirements
of vehicle dynamic performance on uphill and acceleration

behavior. However, the sensitivity of 𝑓 is relatively weak with
the grade ranging from −1% to 1%. In real driving, drivers’
perceptions on such slope are usually not obvious.

Meanwhile, in order to further validate the sensitivity
of ACI to alignment condition, K63 + 000–K83 + 000 and
K63 + 300–K65 + 100 of Shendan Highway are selected to
conduct relation analysis (Figures 3(a) and 3(b)). With (11),
(12), and (13) substituted into (10), the ACI of this section can
be obtained by using the actual alignment data.

From Figure 3(a), it can be seen that each point has
different comprehensive index value as the alignment varies.
In Figure 3(b), the numbermeans the alignment combination
type (i.e., 1: spiral curve, small grade; 2: spiral curve, small
grade; 3: spiral curve, sag curve; 4: circular curve, sag curve;
5: circular curve, tangent grade; 6: circular curve, crest curve;
7: tangent, sag curve; 8: tangent, grade; 9: circular curve, large
grade). For example, the road segment K63 + 314–K63 +
474 is located on the spiral curve and grade of 1.467%. The
alignment comprehensive index gradually decreases while
the curvature tends to be smaller. The segment K64 +
630–K64 + 854 is located on the tangent and crest curve.
When grade becomes larger, the alignment comprehensive
index increases slowly. Similarly, the segment after K64 + 854
is located on the tangent grade of 2% and the comprehensive
index becomes stable and much smaller. It can be concluded
that the results comply with consistence of the sensitivity
analysis. In addition, we can see that, on the section with
larger synthetic index, the variation of cumulative curve is
also more obvious. This indicates that the alignment index
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Figure 3: Alignment comprehensive index variations. (a) ACI at each point. (b) Distribution of cumulated alignment comprehensive index.

condition is good. On the contrary, the condition is poor.
So the good corresponding relation among the alignment
features, ACI, and ACI cumulative value can reflect the
difference of alignment condition to a certain extent.

4.2. Establishment of Operating Speed Prediction Model. The
alignment comprehensive indices are divided into two cat-
egories (i.e., I uphill and other indices and II downhill and
other indices) due to the different influence degree of grade
in vertical description model on operating speed.

Considering the point in integration theory, the cumu-
lative value of the ACI in a certain length range using small
spacing as a unit is equal to the integral of ACI in this length
range. So during the calculation of the cumulative value of
ACI, it can approximately take 1m as a unit to calculate
one ACI value and then to solve the accumulation value in
a certain length range. It is worthy noting that the radius
value is taken as 3000 on the tangent or on the curve with
more than 3000m radius since it may has little influence
on driving behavior. Some operating speed data and the
cumulative value of I alignment comprehensive index are
shown in Table 2.

Through the analysis of operating speed variation with
alignment index and coefficient calibration, the following
operating speed prediction models which best fit the criteria
of the regression analysis are established. The predicting
speed for cars can be calculated by using (14) and (15).
Accordingly, (16) are suitable for the speed estimation of
trucks:

A Cars

𝑉I,A = 141.03 ⋅ exp [−1.35 × 10−4 ⋅ (𝐹(𝑟200m)) − 6.78
× 10−5 ⋅ (𝐹(𝑓250m) − 𝐹(𝑓100m))] , (14)

𝑉II,A = 140.79 ⋅ exp [−9.44 × 10−5 ⋅ (𝐹(𝑟200m)) − 1.07

× 10−4 ⋅ (𝐹(𝑓250m) − 𝐹(𝑓100m))] .
(15)

B Trucks

𝑉I,D = 89.73 ⋅ exp [−1.42 × 10−4 ⋅ (𝐹(𝑟200m)) − 1.24
× 10−4 ⋅ (𝐹(𝑓250m) − 𝐹(𝑓100m))] ,

𝑉II,D = 89.26 ⋅ exp [−1.20 × 10−4 ⋅ (𝐹(𝑟200m)) − 1.41
× 10−4 ⋅ (𝐹(𝑓250m) − 𝐹(𝑓100m))] .

(16)

4.3. Validation of Effectiveness. Four statistical validation
indicators are applied to evaluate the effectiveness of predic-
tion model including Goodness of Fit test, 𝐹-test, Residual
analysis, and 𝑡-test. The test results of I operating speed
prediction model (see (14)) for cars as an example are listed
at Table 3 and Figure 4.

In [34], the correlation coefficient 𝑅2 between predicted
average speed and variables including length of the horizontal
curve, radius of the horizontal curve, and local longitudinal
grade is 0.63. In [35], the correlation coefficient 𝑅2 between
predicted average speed and variables including averaged
curvature, average of grade for upgrades, and average of grade
for downgrades is 0.625. 𝑅2 in this study is about 0.6523,
which shows the relationship between ACI and speed is
related when the great amount of data processed is taken into
account. It is also indicated that the significance of model
is good due to significance 𝐹 much smaller than significant
level of 0.05. The regression coefficients of the variables in
the model are, respectively, 4.949, −0.00013, and −0.000068.
This finding illustrates that variables pass the significance test.
In addition, the facts that the points on the residual analysis
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Table 2: Test data for cars.

Milepost Grade (%) 𝐹(𝑟200m) 𝐹(𝑓250m) − 𝐹(𝑓100m) Operating speed (km/h)
K65 + 985 1.47 1106.47 1252.86 111.82
K66 + 049 1.47 1103.77 1354.53 108.15
K66 + 095 1.97 1125.53 1393.17 114.22
K66 + 139 2.61 1228.09 1419.28 109.14
K66 + 281 4.64 1705.29 1203.53 110.35
K66 + 423 4.90 1890.35 1488.18 98.94
K66 + 465 4.90 1878.74 1617.33 98.76
K66 + 513 4.90 1740.86 1624.97 92.63
K69 + 105 1.09 1099.20 1162.30 113.32
K69 + 263 2.42 1191.36 1330.58 113.03
K69 + 565 5.00 1778.82 1160.20 106.55
K69 + 664 5.00 1790.49 1554.80 101.46
K69 + 752 5.00 1646.05 1626.90 97.16
K69 + 829 4.68 1642.82 1585.98 99.02
K69 + 900 4.20 1817.33 1556.34 96.14
K69 + 974 3.71 2129.76 1276.69 92.91
K70 + 119 3.40 2114.19 1183.25 94.90
K76 + 370 1.50 1866.46 1056.80 103.44
K76 + 469 1.50 1908.52 981.25 105.93
K76 + 575 1.17 1718.65 1112.75 108.10
K76 + 645 0.01 1456.53 1062.38 104.18
K77 + 555 1.62 1090.20 1346.95 110.63
K77 + 592 1.62 1096.66 1336.88 112.39
K79 + 366 1.39 1112.55 1061.81 114.87
K79 + 657 0.60 1450.03 1240.57 110.63
K79 + 725 0.60 1570.39 1240.58 105.58
K79 + 808 0.60 1644.95 1196.11 106.98
K79 + 885 0.60 1654.10 1087.42 109.76
K79 + 959 0.60 1654.24 952.85 107.44

Table 3: Statistical test of speed prediction model.

Goodness of fit test
Multiple 𝑅 0.8077𝑅 square 0.6523

Adjusted 𝑅 square 0.6330
Standard error 0.0362
Observed value 39𝐹-test

df SS MS 𝐹 Significance 𝐹
Regression analysis 2 0.0887 0.0444 33.7746 5.51𝐸 − 09
Residual 36 0.0473 0.0013
Total 38 0.1360 𝑡-test

Coefficients Standard error 𝑡 stat 𝑃 value Low limit Upper limit
Intercept 4.9490 0.0381 129.9758 1.04𝐸 − 49 4.8718 5.0262𝑋 variable 1 −0.0001 1.86𝐸 − 05 −7.2385 1.6𝐸 − 08 −0.0002 −9.7𝐸 − 05𝑋 variable 2 −6.8𝐸 − 05 2.46𝐸 − 05 −2.75481 0.0092 −0.0001 −1.8𝐸 − 05
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Figure 4: Residual analysis.

plot distribute on both side of 𝑥 axis and the residual value is
located between−2 and 2 present that the regression equation
can better reflect the rules. For other models, testing results
also demonstrate the effectiveness of proposed method.

In the following section, the results of the proposed
prediction models are compared with the models proposed
by Morris and Donnell [29] and the speed models recom-
mended in Guidelines for Safety Audit of Highway (GSAH)
(JTG/T B05-2004) [47] which is the only national profes-
sion standard for operating speed prediction and alignment
consistency evaluation in China. Three common criteria are
used to evaluate the prediction performance of different
models: mean absolute error (MAE), root mean square
error (RMSE), and mean absolute relative error (MARE).
Moreover, the standard deviation (SD) is also used as the
evaluation indicator. The four indicators are defined in (17),
(18), (19), and (20):

MAE = 1𝑛
𝑛∑
𝑖=1

𝑡𝑖 − 𝑡𝑖 , (17)

RMSE = √ 1𝑛
𝑛∑
𝑖=1

(𝑡𝑖 − 𝑡𝑖)2, (18)

MARE (%) = 1𝑛
𝑛∑
𝑖=1

𝑡𝑖 − 𝑡𝑖𝑡𝑖 × 100, (19)

SD = √ 1𝑛
𝑛∑
𝑖=1

(𝑡𝑖 − 𝑡𝑖)2, (20)

where 𝑛 is the number of testing points, 𝑡𝑖 and 𝑡𝑖 denote
the actual observed values and mean values of operating
speed, respectively, and 𝑡𝑖 represents the predicting values of
operating speed.

To consider different position of operating speed accord-
ing to the GSAH model and proposed models in this paper,
we finally compare the prediction results of three models
at 480 points on 3D alignment with length of 12 km. From
Table 4, it is indicated that the estimation errors for other two

models which are calculated by using (17) through (20) are
generally higher than those for the proposed models. Some
comparison results of actual test speed data and prediction
data are shown in Figure 5. Thus, the prediction models
introduced in this study obviously outperform the GSAH
models and Morris’s models for its higher accuracy.

With respect to the consideration of vehicle dynamic
properties into the model, operating speed on a current
section is the result of cumulative speed change of the rear-
traveled sections. The speed differences existing between
the front and rear sections are induced by the acceleration
and deceleration of a vehicle. Thus, the influence range of
rear alignment can be approximately characterized by the
acceleration and deceleration distance which is related to
vehicle dynamic properties. Based on each vehicle trajectory
and recommended deceleration rate, the influence range of
the rear alignment can be determined as 200m.

The related researches on how to quantify driver’s visual
information to a digital index are lacking. The deceleration
rate of vehicles in China has significant differences from that
in worldwide. At the same time, the influence range of rear
alignment is also determined based on data analysis. Thus,
we did not discuss more about these two considerations.
In the case study, the other two models did not consider
the influence of visual characteristics and vehicle dynamics;
they just establish the relation between operating speed and
alignment indexes.We think that the comparison results may
reflect the accuracy of our model with these considerations.

5. Conclusions

One significant limitation in previous research work on
highway alignment design consistency is that the existing
operating speed prediction models are established mainly on
2D alignment or single index. Particularly when the road
is characterized by different alignment combinations, the
models may be inaccurate. Only some feature points, such
as the middle point of a horizontal curve or the end point
of a grade can be predicted correspondingly. Therefore, the
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Table 4: Comparison results of three models.

Vehicle type Criteria Estimation methods
Proposed model GSAH Morris

Cars

MAE 2.69 4.45 10.29
RMSE 3.54 6.03 13.67

MARE (%) 4.38 6.98 10.28
SD 10.7 15.32 18.21

Trucks

MAE 3.57 6.89 16.32
RMSE 7.10 10.22 21.04

MARE (%) 4.93 6.34 15.39
SD 8.85 14.17 17.33
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Figure 5: Comparison between predicted speed and actual speed. (a) Comparison for cars. (b) Comparison for trucks.

speed variation of passenger cars and trucks along each point
of the road is studied using the actual test data and alignment
indices.

The achievements of this study are twofold. The first
one is the three-dimensional alignment comprehensive index
description functions. These functions select curvature,
change rate of curvature, curve angle, grade, and lane width
as variables rather than a single index. Based on the principle
of spatial geometry and the design characteristics of road
alignment, the alignment description model is established
by taking the horizontal and vertical indices as the primary
models and the cross-sectional index as the correctionmodel.
The second process is to set up the relationship between
alignment comprehensive index and operating speed for
continuous prediction. During the establishment of this
model, the visual requirement of driver and the different
features of acceleration and deceleration of vehicles are also
considered. This modeling procedure makes it possible to
predict a reliable and continuous operating speed profile at
each point along the alignment and to significantly improve
the performance of consistency alignment design and safety
evaluations. The prediction performance of the proposed
model demonstrates its higher accuracywhen comparedwith
other models using the actual observed data.

Owing to the test data mainly collected on highways
(bidirectional four to eight lanes) in plain area in China,
the models reported in the paper can be used to predict
continuous operating speed for passenger cars and trucks
on the condition of three-dimensional alignment indexes

along roadway which can be obtained. However, the models
cannot predict the operating speeds in mountainous area or
other type roads accurately. Application of the model outside
China would require a new calibration based on local speed
surveys because of the differences in driver behavior, roadway
systems, and vehicle performances. Although design speed
and speed limit have effect on operating speed to some extent,
these factors are not considered in models. Substantially,
highway alignment is a three-dimensional curve in Euclidean
space. The interaction mechanism of multiple alignment
indices on speed is very complicated. Hence, the methods
of alignment comprehensive modeling are required further
study. With the development of automotive technology,
fusion of data collected from mobile and fixed sensors [48],
and the improvement of road conditions, results of the
prediction model may deviate from the actual values; thus,
the model can be further examined, updated, and improved.
Future efforts should focus on these factors in order to explore
more efficient models.
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[33] A. M. P. Zuriaga, A. G. Garćıa, F. J. C. Torregrosa, and P.
D’Attoma, “Modeling operating speed and deceleration on
two-lane rural roads with global positioning system data,”
Transportation Research Record, no. 2171, pp. 11–20, 2010.

[34] F. Bella, A. Calvi, and P. D’Attoma, “Operating speed prediction
for Italian two-lane rural roads using speed profiles from GPS
data,” in Proceedings of the 4th road safety and simulation
international conference, Rome, 2013.

[35] S. Cafiso and G. Cerni, “New approach to defining continuous
speed profile models for two-lane rural roads,” Transportation
Research Record, no. 2309, pp. 157–167, 2012.

[36] G. Reymond, A. Kemeny, J. Droulez, and A. Berthoz, “Role
of lateral acceleration in curve driving: Driver model and
experiments on a real vehicle and a driving simulator,” Human
Factors: The Journal of the Human Factors and Ergonomics
Society, vol. 43, no. 3, pp. 483–495, 2001.

[37] D. W. Harwood, A. D. May, and I. B. Anderson, “Capacity
and quality of service of two-Lane highways,” Transportation
Research Board of the National Academies, 1999.

[38] F. S. Mertzanis and V. J. Hatzi, “Model for sight distance calcu-
lation and three-dimensional alignment evaluation in divided
and undivided highways,” in Proceedings of the 3rd international
conference on road safety and simulation, Indianapolis, 2011.

[39] T. Kim and H. Michael Zhang, “Interrelations of reaction
time, driver sensitivity, and time headway in congested traffic,”
Transportation Research Record, no. 2249, pp. 52–61, 2011.

[40] TRB,Highway CapacityManual, Transportation research board
of the national academies, 2010.

[41] A. W. Inhoff, M. S. Solomon, B. A. Seymour, and R. Radach,
“Eye position changes during reading fixations are spatially
selective,” Vision Research, vol. 48, no. 8, pp. 1027–1039, 2008.

[42] S.M. Easa andW.He, “Modeling driver visual demandon three-
dimensional highway alignments,” Journal of Transportation
Engineering, vol. 132, no. 5, pp. 357–365, 2006.

[43] “JTG B01-2014: Technical Standard of Highway Engineering,
2015”.
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Previous studies have investigated various factors that contribute to the severity of work zone crashes. However, little has been
done on the specific effects of light conditions. Using the data from the Enhanced Tennessee Roadway Information Management
System (E-TRIMS), crashes that occurred in the Tennessee work zones during 2003–2015 are categorized into three light conditions:
daylight, dark-lighted, and dark-not-lighted. One commonly used decision tree method—Classification and Regression Trees
(CART)—is adopted to investigate the factors contributing to crash severity in highwaywork zones under these light conditions.The
outcomes from the three decision trees with differing light conditions show significant differences in the ranking and importance
of the factors considered in the study, thereby indicating the necessity of examining traffic crashes according to light conditions. By
separately considering the crash characteristics under different light conditions, somenewfindings are obtained from this study.The
study shows that an increase in the number of lanes increases the crash severity level in work zones during the day while decreasing
the severity at night. Similarly, drugs and alcohol are found to increase the severity level significantly under the dark-not-lighted
condition, while they have a limited influence under daylight and dark-lighted conditions.

1. Introduction

Work zones have been an important research topic because
they have a substantial effect on a nation’s economy and
traffic flow. Statistics show the economic cost of a fatal crash
was $1,398,916 in 2010 in the United States [1]. Based on
this estimate, the annual cost of work zone fatalities is more
than seven billion dollars per year. Moreover, considering the
26,000 nonfatal injury crashes and 60,000 property–damage-
only (PDO) crashes that occur in work zones, additional
billions of dollars of economic damage occur annually. At this
time, the number of work zones is increasing. During peak
construction season, approximately 20% of highway system
is under construction and motorists may encounter a work
zone every 100 miles [2].

To reduce adverse traffic impacts on the public, more and
more work zones require night construction. An extensive
survey conducted of 175 work zones in 13 states revealed that
58% of the work zones involvedmostly daylight construction,

33% involved primarily night work, and the remaining 9%
were active day and night [3].This has raised concerns about
whether work zones have influenced traffic safety at night.

Previous studies have found the night crash rate was
higher than daylight crash rate in work zones [4–6]. Arditi
et al. [7] used Illinois fatality crashes from work zones to
investigate safety differences between night and daylight
construction in the period 1996–2011, showing that night
work zones were more hazardous. In one study, crash rates
per million vehicle miles were higher in night work zones by
67 to 156 percent [8]. The differences in crash rate between
day and night work zones suggest that both should be
examined separately in varying light conditions. Although
there is a consensus that the night crash rate has improved,
there is debate about improvement in night crash severity.

Knowing crash risk factors is a key to create safe work
zones. With more night work zones and the evident differ-
ences between day and night work zone crashes, there is an
urgent need to investigate work zone crashes under different
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light conditions and little research has been undertaken on
this topic.

Severity is considered the most important crash outcome
and is the core of this paper. This study analyzes crash
injury severity in work zones with respect to its inherent
casualties and not frequency. A decision tree method is used
to model the severity of traffic accidents using available risk
factors. Unlike most of the previous studies, in which light
condition was treated as a single contributing factor, this
study divides light conditions into three categories: daylight,
dark-lighted, and dark-not-lighted. Three decision trees are
built to reveal the relationship between crash severity and
different contributing factors under differing light conditions
in work zones.

2. Literature Review

2.1. Effects of Light Condition on Crashes. Light condition is
a significant factor affecting traffic crashes. Previous studies
have confirmed that adverse light conditions may increase
both crash frequency and severity [4–6]. In fact, Gray et al.
[4], Abdel-Aty [5], andHuang et al. [6] all reported that injury
severity increases during darkness. Pande and Abdel-Aty [9]
concluded that there is a significant correlation between lack
of illumination and high crash severity. de Oña et al. [10, 11]
pointed out that fatal accidents are associated with roadways
with no lighting. Wanvik [12] found that good road lighting
can decrease road accidents by one-half based upon a study
of 763,000 injury accidents and 3.3 million property-damage
accidents in Norway. Some studies (e.g., [13]) found that
drivers are less likely to be injured in a construction work
zone under darkness (with good illumination) than under
daylight conditions. Moreover, researchers found that crash
prediction models can reveal detailed information about
contributing factors [14–16]. For example, Ullman et al. [17]
found that some contributing factors are significant in a
daytime crash rate model (e.g., low speed limit and the
number of entering ramps per lane per mile), while others
become significant in a nighttime model (e.g., snow and
percentage of trucks). In summary, light condition has an
important effect on traffic crashes but little has been done
to explore the relationship between work zone crash severity
and its contributing factors. More research efforts are needed
in this area.

2.2. Decision Tree Method. Crash models are used to inves-
tigate the effects of risk factors on crashes in work zones.
Regressionmodels (such as logit and probit) have beenwidely
employed [18–21]. In regression models, binary or multiple
levels of severity are typically set as dependent variables and
the risk factors affecting severity as independent variables. A
common assumption for regression models is that there is no
dependency among the risk factors. In addition, regression
models need to assume a specific functional form to model
the relationships between dependent and independent vari-
ables. Therefore, use of regression models is limited if the
assumptions do not hold well [22].

In order to overcome the limitations of regressionmodels,
classification models using data-mining approaches have

been applied to the risk factor analysis problem. Typically,
severity level is set as a class variable and risk factors as feature
variables [22–26]. The decision tree classifier is one classi-
fication model, and the three commonly used decision tree
methods are Classification and Regression Trees (CART), the
Iterative Dichotomiser 3 (ID3) algorithm [27], and the C4.5
algorithm [28]. The CART method [29] uses a split criterion
based on the Gini Index. Quinlan’s method uses Information
Gain (IG) as a split criterion based on the entropymeasure on
probabilities [30]. Subsequently Quinlan [31] also presented
the algorithmC4.5, which is an advanced version of ID3 with
a split criterion, called the Information Gain Ratio (IGR),
similar to the one used in the ID3 procedure that penalizes
variables with many states. Among these methods, CART is
the most widely used [25, 28, 32–36]. It should be noted,
however, that compared to conventional statistical models,
CART still has its limitations such as simplicity and difficulty
in interpreting. Nonetheless, previous studies have confirmed
that the CART algorithm can be adopted in crash severity
analyses and provide a more precise result compared with
other prediction models [34].

3. Method

From the above discussion, many modeling approaches have
been used to investigate the effects of risk factors on crashes
in work zones. Different modeling approaches have different
advantages and disadvantages. In this study, the decision
tree method is selected and the CART algorithm is used
to generate a decision tree. The split criterion in the CART
method is based on gini, which represents the diversity of a
factor, and is calculated as follows:

gini = 1 −
𝑛

∑
𝑖

𝑝2𝑖 , (1)

where 𝑖 is the category of the target (injury or PDO), 𝑛 is the
total number of targets, and 𝑝 is the percentage of injury or
PDO. Since CART is a binary tree here, our total number of
targets is two.

Gini is used to calculate the diversity of the beginning
node, while the Ginidex is created to measure the hetero-
geneity of the following node. For each node, the Ginidex is
calculated as follows:

Ginidex (𝑥) =
𝑛

∑
𝑗

𝑝𝑥𝑖𝑗gini (𝑥𝑖𝑗) , (2)

where 𝑥 is the contributing factor like lane number and 𝑥𝑖𝑗
means the severity 𝑖 of character 𝑗. For instance, 𝑖 can be
injury or PDO and 𝑗 may represent lane number >2 or <2.
Finally 𝑝𝑥𝑖𝑗 represents the percentage of 𝑥𝑖𝑗.

In order to determine the next split node, the category
with the largest diversity improvement is chosen:

Maxnode = Max {giniparent − Ginidex (𝑥 = 𝑖)childi} , (3)

where giniparent is the gini of higher layer and Ginidex is the
index of second layer. Then this process is repeated several
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times until the improvement equals 0 or reaches the maxi-
mum level. Since large trees could lead to higher percentage
of misclassification [22], decision trees with different layers
are tried in this study. When a decision tree with two layers
is built, it presents less information. When a four-layer tree is
built, it appears that many nodes in the fourth layer contain
less than 1% of the total crashes. According to previous
research [28], if one node contains less than 1% of samples,
the results are not reliable. Therefore, three layers are chosen
as the maximum depth for a decision tree in this study.

One of the major advantages of decision tree analysis is
the decision rule. Decision rules have logical structure like
“If A, then B”. While regression models show the impact of
single factors, a decision tree can show the effect produced by
a combination of several factors. In this study, decision rules
are inferred when injury rate > 50%, or PDO rate > 80% and
the population on that node > 1%. This is because the overall
injury rate is approximately 20%–30%, and injury rates above
50% are extreme.

In order to feel confident of the results, the data used in
this study are divided into two subsets: 70% of the data is used
for training the model, while the remaining 30% is used for
validation. The accuracy can be calculated as follows:

Percentage Correct =
∑𝑛𝑖=1 TP𝑖
∑𝑛𝑖=1 TP𝑖 + FN𝑖

∗ 100, (4)

where TP𝑖 is true positive and FN𝑖 is false negative.
In addition, the CART algorithm can also calculate the

importance of each factor based on the improvement in
Ginidex. The Importance Index (IM) is defined as follows:

IM (𝑥𝑗) =
𝑇

∑
𝑡=1

𝑛𝑡
𝑁
ΔGinidex𝑗𝑡, (5)

where 𝑥𝑗 is a variable,ΔGinidex𝑗𝑡 is the reduction in Ginidex,
𝑛𝑡 is the number of the observations in the dataset that belong
to node 𝑡, 𝑇 is the total number of nodes, and 𝑁 is the total
number of observations.Thedetailed calculationmethod and
principles can be found in Montella et al. [25], Chang and
Chien [35], and J. S. Lee and E. S. Lee [37].

4. Data

The data from the Enhanced Tennessee Roadway Informa-
tionManagement System (E-TRIMS) is used in the study.The
crashes that happened in the work zones during 2003–2015
are used. There are five variables describing light conditions
in the database including daylight, dark-lighted, dark-not-
lighted, dusk, and dawn.The light conditions are based on the
fixed streetlights in this study. Since the numbers of crashes
under dusk and dawn conditions are relatively small (279 and
215, resp.), these data are excluded. Thus, a total number of
19941 crashes are analyzed. The class variable of the study is
accident severity. The injury severity analyzed in the study
includes that of drivers, passengers, and pedestrians.

When analyzing injury risk factors, it is desirable to
include as many injury severity levels as possible because
different factors may have different effects on the injury
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Figure 1: Crash severity distribution under different light condi-
tions.

levels. However, among the 19941 crashes used in the study,
fatal crashes only account for less than 1%. The number
of fatal crashes is not high enough to conduct a reliable
analysis. Therefore, several severity levels including fatal,
incapacitating, and slight injuries are combined into a single
injury level. Similar to previous studies [22], two levels of
injury severity are used in the study: injury and property-
damage-only (PDO). PDO refers to a crash where no one
was injured but only the vehicle was damaged. Figure 1 shows
the crash data according to two severity levels and three light
conditions.

As demonstrated in Figure 1, the injury rate increases
when light conditions worsen (24.3% < 25.4% < 33.5%).
It can be seen that crashes under limited light conditions
were more severe than those under dark-lighted condition,
which is consistent with findings from other studies [4–6].
In order to investigate factors affecting work zone crashes
under different light conditions, 15 variables are identified
and presented in Table 1. In order to achieve more concise
results, all the covariates are divided into two categories
according to previous studies [20, 38, 39].

The variables describe characteristics related to the driver
(at fault, drugs and alcohol, etc.), vehicle (body type), road
(number of lanes, speed limit, terrain, and operation), and
environment (weather condition, crash date, etc.). SPSS 19 is
used to build the decision trees in the study.

5. Results and Discussion

5.1. Decision Trees under Different Light Conditions. Figure 2
and Table 2 present the results of the decision tree under the
daylight condition. The first node is split by collision type,
demonstrating that a head-on collision has a predicted injury
probability more than twice that of other noncollision types
(51.8% versus 23.5%).This is consistentwith the findings from
Kockelman and Kweon [19].

The lowest injury probability appears at node 8, with an
injury rate of 11.7%. This node represents the most advan-
tageous situation in daytime work zone crashes, indicating
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Table 1: Description of variables.

Category Variables Description: code
Light condition

Daylight Dark-lighted Dark-not-lighted
% (𝑛) % (𝑛) % (𝑛)

Driver

At fault (AF) No (N) 49.4% (7946) 42.2% (1003) 44.3% (651)
Yes (Y) 50.6% (8152) 57.8% (1372) 55.7% (817)

Drugs and alcohol (D&A) No (N) 99.2% (15974) 93.7% (2225) 92.5% (1358)
Yes (Y) 0.8% (124) 6.3% (150) 7.5% (110)

Vehicle maneuver (VM) Changing lanes or merging (CL) 25.3% (4065) 19.2% (456) 12.1% (178)
Other (O) 74.7% (12033) 80.8% (1919) 87.9% (1290)

Vehicle Body code (BC) Not-truck-related (NT) 97.1% (15632) 98.8% (2347) 98.9% (1452)
Truck-related (T) 2.9% (466) 1.2% (28) 1.1% (16)

Road

No. of lanes (NL) <=2 20.0% (3218) 13.1% (312) 23.8% (350)
>2 80.0% (12880) 86.9% (2063) 76.2% (1118)

Speed Limit (SL) <=40 50.9% (8188) 58.0% (1377) 39.2% (576)
>40 49.1% (7910) 42.0% (998) 60.8% (892)

Terrain (TR) Flat (F) 6.9% (1118) 9.1% (215) 3.7% (54)
Not flat (NF) 93.1% (14980) 90.9% (2160) 96.3% (1414)

Operation (OP) One-way (1) 0.8% (124) 0.7% (16) 0.3%(4)
Two-way (2) 99.2% (15974) 99.3% (2359) 99.7% (1464)

Environment

Traffic control device (TCD) At control (AC) 66.65% (10729) 68.67% (1631) 62.36% (918)
Not at control (NAC) 33.35% (5369) 31.33% (744) 37.64% (554)

Location (LC) Along Roadway (AR) 41.4% (6662) 27.0% (641) 46.9% (688)
At an Intersection (AI) 58.6% (9436) 73.0% (1734) 53.1% (780)

Date of Crash Other months (OM) 59.4% (9566) 77.9% (1849) 78.2% (1148)
Summer vacation (SV) 40.6% (6532) 22.1% (526) 21.8% (320)

Weather condition (WC) Clear (C) 90.6% (14592) 85.7% (2035) 80.8% (1186)
Not clear (NC) 9.4% (1506) 14.3% (340) 19.2% (282)

Relation to first roadway (RFR) Off roadway (OR) 4.7% (752) 10.6% (252) 20.0% (294)
On roadway (OR) 95.3% (15346) 89.4% (2123) 80.0% (1174)

Urban or rural (UR) Rural (R) 15.8% (2538) 1.7% (40) 28.6% (420)
Urban (U) 84.2% (13560) 98.3% (2335) 71.4% (1048)

Manner of first collision (MFC) Head-on (HO) 2.2% (358) 7.6% (181) 6.8% (100)
Not-head-on (NHO) 97.8% (15740) 92.4% (2194) 93.2% (1368)

Table 2: Decision rules for crash severity of daylight condition.

Node Rules [if (and. . .and. . .)] Then 𝑃 (%)
2 If (CT = HO) Injury 51.5
6 If (CT = HO) and (LC = AR) Injury 59.5
8 If (CT = NHO) and (LC = AI) and (TR = FL) PDO 88.2

that if the collision type is a non-head-on collision at an
intersection and if a driver is involved in a collision, there
would be an 11.7% chance of an injury and an 88.3% chance
of a PDO crash on flat terrain. It should be noted that if the
terrain is not flat, the predicted injury rate increases to 22.1%.
One possible reason could be that flat terrain provides good
visibility, which can slow crash speed and help decrease the
severity level.

Of three decision rules inferred from the tree (see
Table 3), two are injury rules. Note that both rules contain
head-on collision, suggesting that avoiding head-on colli-
sions is critical in lowering the daylight work zone crash

severity. Measures like adopting hard barrier to separate
traffic from two directions can be helpful.

Figure 3 and Table 3 present the results of the decision
tree under the dark-lighted condition. In the same manner
as discussed previously, collision type is the criterion based
on which node 0 was split under the dark-lighted condition
(Figure 3). It shows that head-on collisions account for a
much higher percentage of injury crashes that occur under
the dark-lighted condition.

However, compared to the daylight model, lane number
plays a different role in the crash severity in the dark-lighted
model. In the daylight model, an increase in lane number
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Table 3: Decision rules for crash severity of dark-lighted condition.

Rule Node Rules [if (and. . .and. . .)] Then 𝑃 (%)
(1) 2 If (CT = HO) Injury 54.5
(2) 5 If (CT = HO) and (NL <= 2) Injury 100
(3) 8 If (CY = NHO) and (NL > 2) and (WC = NC) PDO 89.2

Node 0
Injury 24.2%2724
PDO 75.8%8553
Total 100%11277

Node 2
Injury 51.8%130
PDO 48.2%121
Total 2.2%251

Collision type
Non-head-on Head-on

Node 3
Injury 21.4%1387
PDO 78.6%5085
Total 57.4%6572

Node 4
Injury 26.5%1207
PDO 73.5%3347
Total 40.4%4554

Node 5
Injury 45.2%61
PDO 54.8%74
Total 1.2%135

Node 6
Injury 59.5%69
PDO 40.5%47
Total 2.0%116

Node 7
Injury 22.1%1336
PDO 77.9%4700
Total 53.5%6036

Node 8
Injury 11.7%51
PDO 88.3%385
Total 3.9%436

Node 9
Injury 26.3%1186
PDO 73.7%3325
Total 40.0%4511

Node 10
Injury 48.8%21
PDO 51.2%22
Total 0.4%43

Node 12
Injury 25%9
PDO 75%27
Total 0.3%36

Node 13
Injury 65.8%52
PDO 34.2%27
Total 0.7%79

Node 14
Injury 45.9%17
PDO 54.1%20
Total 0.3%37

Node 11
Injury 52.5%52
PDO 47.5%47
Total 0.9%99

Location
At an intersection Along roadway

Node 1
Injury 23.5%2594
PDO 76.5%8432
Total 97.8%11026

Location
At an intersection Along roadway

Terrain
Not flat flat

Drug and alcohol Number of lanesTaffic contral devices

No controlAt controlYesNo >2 <=2

Figure 2: Decision tree under daylight condition.

increases the injury percentage of head-on collisions, while
an increase in lane number decreases the injury rate in the
dark-lightedmodel. Specifically, crashes occurring on narrow
roads (<=2 lanes) predict a 100% injury rate in a head-on
collision, whereas the predicted injury rate decreases to 47.4%
on multilane roads. At the same time, the rate on narrow
roads is 33.3%, while the rate on wider roads is 21.6% for
non-head-on collisions.This phenomenon may be attributed
to the changes in drivers’ maneuvers under different light
conditions. Weng and Meng [40] reported that drivers are
more likely to be involved in risky driving maneuvers on
multilane roads under daylight conditions, whereas at night
most risky driving behavior occurred on narrower roads.

Node 8 gave the lowest predicted injury rate of 10.8%,
indicating that the minimum severity case happens in non-
head-on collisions on multiple lane (>2) roads when the
weather condition is not clear under the dark-lighted condi-
tion.

Comparing node 9 and node 10, it can be seen that under
the same conditions of multilane road and head-on collision,
the use of a traffic control device significantly reduces the
predicted injury rate by more than one-half (33.8% versus
69.8%). This indicates that a traffic control device is very
helpful in lowering head-on crash severity on multilane
roads under the dark-lighted condition.Therefore, it is highly
recommended that traffic control devices be installed in work
zones with multiple lanes under illumination.

Similar to the daylight model, three decision rules are
obtained under the dark-lighted condition. However, the
injury rate for the dark-lighted condition is slightly higher
than that for the daylight condition.The fact that lane number
plays an important role in work zone crashes under the dark-
lighted condition may be due to decreased visibility (see rule
(2) of Table 3).

Figure 4 and Table 4 present the results of the decision
tree under the dark-not-lighted condition. Under dark-not-
lighted condition, the darkest light condition, some signifi-
cant changes in crash severity are found. Unlike the daylight
and the dark- lighted decision tree models, the first partition
node is not based on collision type but on speed limit. A
higher speed limit (>40 miles/h) contributes to more severe
crashes compared to a lower speed limit (<=40 miles/h)
(37.9% versus 23%) for the dark-not-lighted condition. As
we know, the dark-not-lighted condition is characterized
by a sharp reduction of visibility that affects the driver’s
ability to perceive obstacles. With the high speed limit and
limited visibility, drivers may have insufficient time to stop
the vehicle.

The factor of drugs and alcohol shows a significant impact
on crash severity under the dark-not-lighted condition. If a
driver is under the influence, the predicted injury percentage
climbs to 72.7% even with the speed limit lower than 40
miles/h. This rate reduces dramatically to 20.1% if the driver
is not under the influence. This verifies the findings from
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Node 0

Injury 25.5%425
PDO 74.5%1240
Total 100%1665

Node 1
Injury 23.1%354
PDO 76.9%1180
Total 92.1%1534

Node 2
Injury 54.2%71
PDO 45.8%60
Total 7.9%131

Collision type

Non-head-on Head-on

Node 3
Injury 33.2%65
PDO 66.8%131
Total 11.8%196

Node 4
Injury 21.6%289
PDO 78.4%1049
Total 80.4%1338

Node 5
Injury 100%17
PDO 0%0
Total 1%17

Node 6
Injury 47.4%54
PDO 52.6%60
Total 6.8%114

Node 7
Injury 23.4%269
PDO 76.6%883
Total 69.2%1152

Node 8
Injury 10.8%20
PDO 89.2%166
Total 11.2%186

Node 9
Injury 33.8%24
PDO 66.2%47
Total 4.3%71

Node 10
Injury 69.8%30
PDO 30.2%13
Total 0.6%43

Number of lanes

Weather condition

Not clear At controlClear

Traffic control devices

No control

Number of lanes

>2<=2>2<=2

Figure 3: Decision tree under dark-lighted condition.

Node 0
Injury 67.9%702
PDO 32.1%332
Total 100%1034

Node 1
Injury 37.9%240
PDO 62.1%394
Total 61.3%634

Node 2
Injury 23%92
PDO 77%308
Total 38.7%400

Speed Limit

Node 3
Injury 41.1%211
PDO 58.9%303
Total 49.7%514

Node 4
Injury 24.2%29
PDO 75.8%91
Total 11.6%120

Node 5
Injury 20.1%76
PDO 79.9%302
Total 36.6%378

Node 6
Injury 72.7%16
PDO 27.3%6
Total 2.1%22

Node 7
Injury 44.6%178
PDO 55.4%221
Total 38.6%399

Node 8
Injury 28.7%33
PDO 71.3%82
Total 11.1%115

Node 9
Injury 6.5%3
PDO 93.5%43
Total 4.4%46

Node 10
Injury 35.1%26
PDO 64.9%48
Total 7.2%74

Node 12
Injury 47.6%10
PDO 52.4%11
Total 2.1%21

Node 13
Injury 45.5%5
PDO 54.5%6
Total 1.1%11

Node 14
Injury 100%11
PDO 0%0
Total 1.1%11

Node 11
Injury 18.5%66
PDO 81.5%291
Total 34.5%357

Weather condition
Clear Not clear

Traffic control devicesDate of crash
Summer vocation Other months

Drug and alcohol

At control Non-head-on

No

Along roadwayNot at control
Collision type Location

Yes

At an intersectionHead on

Speed Limit > 40 m/h Speed Limit < 40 m/h

Figure 4: Classification tree under dark-not-lighted condition.
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Table 4: Decision rules for crash severity of dark-not-lighted condition.

Rules Node Rules [if (and. . .and. . .)] then 𝑃 (%)
(1) 6 If (SL <= 40) and (D & A =Y) Injury 72.7
(2) 9 If (SL > 40) and (WC = NC) and (TCD = N) PDO 93.5
(3) 11 If (SL <= 40) and (D & A = N) and (CT = NHO) PDO 81.5
(4) 14 If (SL <= 40) and (D & A = Y) and (LC = AI) Injury 100

Table 5: Rank of the importance of variables under different light conditions.

Rank Daylight Dark-lighted Dark-not-lighted
(1) Manner of first collision Manner of first collision Drugs and alcohol
(2) Location No. of lanes Speed limit
(3) Drugs and alcohol Traffic control devices Weather cond.
(4) Terrain Location Traffic control devices
(5) Urban or rural Weather cond. Date of crash
(6) Traffic control devices Drugs and alcohol Manner of first collision
(7) Speed limit Relation to first roadway Location
(8) Date of crash Urban or rural No. of lanes
(9) No. of lanes Speed limit Operation
(10) Body code Terrain Body code
(11) Relation to first roadway Relation to first roadway
(12) At fault Urban or rural
(13) Vehicle maneuver

previous studies that drug and alcohol intake significantly
increases the likelihood of severe injuries [41, 42] and further
reveals that the impact of drugs and alcohol is significantly
higher under the dark-not-lighted condition. One possible
reason may be that drivers need to be more alert under this
condition and impaired drivers under the influence are likely
not to stop, change lanes to avoid obstacles, or otherwise
avoid severe crashes.

Also, under the influence of drugs and alcohol, the injury
rate of traffic crashes doubles at intersections compared to
long open roadways at a speed limit less than 40 miles/h,
indicating that intersections introduce additional risk under
the dark-not-lighted condition. Node 9 shows the lowest
injury rate of 6.5% under the dark-not-lighted condition, at a
speed limit above 40 miles/h without traffic control devices.
This is significantly different from the findings from Chang
and Chien [35], which concluded that traffic control devices
can enhance traffic safety. The reason for the seemingly
contradictory findings may be due to the fact that traffic
control devices usually appear at crash-prone siteswhere road
conditions are more complex. It is improper to compare two
places with different geometry features and traffic patterns.
The effect of traffic control devices can only be validated by a
before-after test in a future study.

Table 4 shows the decision rules inferred from the dark-
not-lighted condition. Two of the rules are injury rules,
indicating that the involvement of drugs and alcohol and
a speed limit less than 40 miles/h are common in severe
crashes. It is highly recommended that fines for driving
under the influence be increased significantly in work zones
including dark-not-lighted zones.

0.00
20.00
40.00
60.00
80.00

100.00
120.00

Daytime
Dark-lighted
Dark-not-lighted

M
an

ne
r o

f fi
rs

t c
ol

lis
io

n
Lo

ca
tio

n
D

ru
g 

an
d 

al
co

ho
l

Te
rr

ai
n

U
rb

an
 o

r r
ur

al
Tr

affi
c c

on
tro

l d
ev

ic
es

Sp
d 

lim
it

D
at

e o
f c

ra
sh

N
o.

 o
f L

ns
Bo

dy
 co

de
Re

lat
io

n 
to

 fi
rs

t r
oa

dw
ay

At
 fa

ul
t

Ve
hi

cle
 m

an
eu

ve
r

W
ea

th
er

 co
nd

.
O

pe
ra

tio
n

(%
)

Figure 5: The importance of variables under different light condi-
tions.

5.2. Comparison of the Importance of Variables. Table 5 and
Figure 5 rank and compare the importance of various risk fac-
tors under different light conditions. For the daylight decision
tree model, the top five factors contributing to crash severity
are collision type, location, drugs and alcohol, terrain, and
urban or rural location. For the dark-lighted model, the top
five factors are collision type, number of lanes, traffic control
devices, location, and weather condition. From the dark-not-
lighted model, the top five factors are drugs and alcohol,
speed limit, weather condition, traffic control devices, and
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Table 6: Prediction Performance.

Sample Observed Predicted
Injury PDO Percentage correct

Daylight
Injury 46 1134 3.9%
PDO 32 3609 99.1%

Overall percentage 1.6% 98.4% 75.8%

Dark-lighted
Injury 19 159 10.7%
PDO 9 523 98.3%

Overall percentage 3.9% 96.1% 76.3%

Dark-not-lighted
Injury 5 155 3.1%
PDO 0 274 100.0%

Overall percentage 1.2% 98.8% 64.3%

date of crash. The ranking of the top five contributing factors
is different under the three light conditions, indicating that
the effects of the major contributing factors vary significantly
under different light conditions within work zones. Table 5
also shows that vehicle body type, location (rural or unban),
and road operation (one-way or two-way) do not show an
important effect on crash severity in work zones. In order
to achieve safer work zones, safety guidelines should be
established according to different light conditions.

5.3. Validation. Table 6 presents the results from the valida-
tion of the decision trees. For all three models, the percentage
predicted correctly was above 60%. This rate is higher than
those reported in previous studies using the same method
[35]. All three models are capable of predicting PDO crashes
with an accuracy rate above 98%. On the other hand, these
models show a poor ability to predict injury crashes with an
accuracy ranging from 3.1% to 10.7%.This rate for predicting
injuries is close to that reported in other studies using CART
decision method [36].The reasonmay lie in the dataset itself.
There are more than 70% of the crashes that are PDO while
only less than 30% belong to injury. In order to achieve the
minimum error of the whole dataset, models or prediction
methods tend to classify a result to PDO which is the major
crash type.

6. Conclusions

In this study, three decision trees are generated using the
CART method to investigate the factors contributing to
crashes in work zones. The light-based individual decision
tree models use detailed information of work zone crashes
to identify risk factors. Identification of these factors then
suggests mitigation measures that may help establish safer
work zones. In the study, the following are found.

(i) The daylight model indicates that in head-on crashes
occurring along roadways, as opposed to intersec-
tions, drivers are at a higher risk, up to 59.7%, of being
involved in injury crash.

(ii) The dark-lighted model demonstrates that the injury
rate of head-on crashes occurring on a narrow road
(<=2 lanes) could reach 100%.

(iii) Under the dark-not-lighted condition, a combination
of a speed limit less than 40miles/h and drivers being
under the influence of drugs and alcohol could lead
to an injury rate of up to 72.7%.

By examining the effects of specific light conditions on
crash severity, this study reveals some new findings never
reported before. The study shows that if drivers are under
the influence of drug/alcohol, they have a larger chance of
being involved in severe crashes when passing a work zone
without street light than a work zone with street light. This
study reveals that collision type is the most important risk
factor under daylight and dark-lighted conditions but not
under dark-not-lighted condition. On the other hand, the
study suggests that traffic control devices do not reduce crash
severity under the dark-not-lighted condition, yet, they do
under the dark-lighted condition. This implies that traffic
control devices should be designed and used differently
according to light conditions. Additionally, the number of
roadway lanes shows opposite effects on crash severity under
the daylight and the dark-not-lighted conditions. Specifically,
under the daylight condition, an increase in the number of
lanes may increase crash severity, whereas it may help reduce
crash severity under the dark-not-lighted condition.

The CART decision tree method was found to be useful
in revealing crash severity characteristics and the factors
contributing to traffic crashes in work zones. In future work,
these results may be helpful in developing work zone safety
guidelines to mitigate crash severity. In addition, it will be
of practical significance to use the decision tree method to
investigate drivers’ behavior under different light conditions.
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Hotspot identification (HSID) is a critical part of network-wide safety evaluations. Typicalmethods for ranking sites are often rooted
in using the Empirical Bayes (EB) method to estimate safety from both observed crash records and predicted crash frequency
based on similar sites. The performance of the EB method is highly related to the selection of a reference group of sites (i.e.,
roadway segments or intersections) similar to the target site from which safety performance functions (SPF) used to predict crash
frequency will be developed. As crash data often contain underlying heterogeneity that, in essence, can make them appear to be
generated fromdistinct subpopulations,methods are needed to select similar sites in a principledmanner. To overcome this possible
heterogeneity problem, EB-based HSID methods that use common clustering methodologies (e.g., mixture models,𝐾-means, and
hierarchical clustering) to select “similar” sites for building SPFs are developed. Performance of the clustering-based EBmethods is
then compared using real crash data. Here, HSID results, when computed on Texas undivided rural highway cash data, suggest that
all three clustering-based EB analysis methods are preferred over the conventional statistical methods. Thus, properly classifying
the road segments for heterogeneous crash data can further improve HSID accuracy.

1. Introduction

Network screening to identify sites (i.e., roadway segments
or intersections) with promise for safety treatments is an
important task in road safety management [1–7]. The iden-
tification of sites with promise, also known as crash hotspots
or hazardous locations, is the first task in the overall safety
management process [8]. Onewidely applied approach to this
task is the popular Empirical Bayes (EB) method. The EB
method is described and recommended in theHighway Safety
Manual [9] for roadway safety management. This method is
relatively insensitive to random fluctuations in the frequency
of accidents with two clues combined, the observed crash
frequency of the site and the expected number of crashes
calculated from a safety performance function (SPF) for

homogeneous sites (or the reference group) [10, 11]. The
EB method can correct for regression-to-the-mean bias and
refine the predicted mean of an entity [12]. Further, it is
relatively simple to implement compared to the fully Bayesian
approach.

Although the EBmethod has several advantages, there are
a few issues associatedwith themethodologywhichmay limit
its widespread application. First, the selection of the reference
population (i.e., similar sites) influences the accuracy of
the EB method. When estimating the safety performance
function, the crash data are usually obtained from distinct
geographic sites to ensure a sufficient sample size for valid
statistical estimation [10]. As a result, the aggregated crash
data often contain heterogeneity. When conducting an EB
analysis, the reference group must be similar to the target
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group in terms of geometric design, traffic volume, and so on.
Manually identifying such a reference group is a rather time
consuming task for transportation safety analysts whose time
could be better spent elsewhere. Second, the EB procedure
is relatively complicated and requires a transportation safety
analyst with considerable training and experience to imple-
ment it for a safety evaluation. Thus, the training investment
required to prepare analysts to undertake EB evaluations can
be a barrier. As a result, some quick and dirty conventional
evaluation methods may be applied as a compromise of
convenience, which may produce questionable results.

Given that the specification of correct reference groups is
critical for the accuracy of the EB methodology, the primary
objective of this research will examine different cluster-
ing algorithms (e.g., centroid-based clustering, connectivity-
based clustering, and distribution-based clustering) and
develop a procedure to identify appropriate reference groups
for the EB analysis.

2. Hotspot Identification Methods
Used in Comparison

2.1. Conventional Hotspot Identification Methods. One com-
mon HSID method is the accident frequency (AF) method.
Sites are ranked based on AF and hotspots are defined as sites
whose accident frequency exceeds some threshold value [13].
The problem of accounting for exposure in the AF method
can be accommodated by considering accident rate (AR)
instead of accident frequency. As such, AR methods have
beenused by some analysts andnormalize accident frequency
by traffic count. While AF and AR methods are easy to
implement, they have difficulty accounting for randomness
in crash data. As such, another popular HSID method was
developed, that being the Empirical Bayes method presented
by Abbess et al. [14]. Since its introduction decades ago, the
EB method has been used numerous times in many safety
studies [15–23]. One of the key advantages of using the EB
method is that it accounts for the regression-to-the-mean
(RTM) bias. The EB method can also help improve precision
in cases where limited amounts of historical accident data
are available for analysis at a given site. At its core, the EB
method forecasts the expected crash count at a particular site
as a weighted combination of (1) the accident count at the
site based on historical data and (2) the estimated number of
accidents at similar locations as determined from a regression
model [24]. The regression model is generally referred to as
a SPF and typically takes into account roadway and traffic
characteristics (e.g., average daily traffic) at similar sites. To
date, the most popular choice for the SPF has been a Negative
Binomial regression model [25–27]. In terms of HSID via the
EBmethod, EB estimates are computed for each site and then
sites are ranked according to such estimates. Sites exceeding
some thresholds are then considered as hotspots. Besides
the EB method, another relatively common HSID method
is rooted in so-called “accident reduction potential” (ARP).
The ARP metric used for ranking sites was computed by
subtracting the estimated accident count from the observed
accident count at a given site, where the estimated accident

count comes from a regression model developed from data
at similar sites to the target. Among different HSIDmethods,
the EB method is probably the most widely applied approach
for screening sites with potential for safety treatment.

2.2. Clustering for Selection of Similar Sites. In the following
section, we present three methods that can be used to group
data into different clusters. As aforementioned, crash data
often exhibit heterogeneity that can affect model estimates if
not properly accounted for. The idea here is to cluster crash
data into different groups that hopefully align to some degree
with the underlying subpopulations from which the crash
data are generated. Then, separate Negative Binomial (NB)
regressionmodels (i.e., SPFs) can be developed based on each
cluster and EB estimates can then be computed using an SPF
that hopefully considers sites that truly are “similar” to the site
in question.

2.2.1. Generalized Finite Mixture of NB Regression Models.
The generalized finite mixture of NB regression models with𝑔 components (GFMNB-𝑔) assumes that 𝑦�푖 follows amixture
of NB distributions, as shown as follows [28]:

𝑓�푌 (𝑦�푖 | x�푖,Θ) = �푔∑
�푗=1

𝑤�푗NB (𝜇�푖�푗, 𝜙�푗)

= �푔∑
�푗=1

𝑤�푗 [ Γ (𝑦�푖 + 𝜙�푗)Γ (𝑦�푖 + 1) Γ (𝜙�푗) ( 𝜇�푖�푗𝜇�푖�푗 + 𝜙�푗)
�푦𝑖

⋅ ( 𝜙�푗𝜇�푖�푗 + 𝜙�푗)
�휙𝑗] ,

(1)

𝐸 (𝑦�푖 | x�푖,Θ) = �푔∑
�푗=1

𝜇�푖�푗𝑤�푗, (2)

Var (𝑦�푖 | x�푖,Θ) = 𝐸 (𝑦�푖 | x�푖,Θ) + ( �푔∑
�푗=1

𝑤�푗𝜇2�푖�푗 (1 + 1𝜙�푗)

− 𝐸 (𝑦�푖 | x�푖,Θ)2) ,
(3)

where 𝑤�푗 is the weight of component 𝑗 (weight parameter),
with𝑤�푗 > 0 and∑�푔�푗=1 𝑤�푗 = 1; 𝑔 is the number of components;𝜇�푖�푗 = exp(x�푖𝛽�푗), the mean rate of component 𝑗; x�푖 is a vector
of covariates; 𝛽�푗 is a vector of the regression coefficients
for component 𝑗; Θ = {(𝜙1, . . . , 𝜙�푔), (𝛽1, . . . ,𝛽�푔),w} ={(𝜃1, . . . , 𝜃�푔),w} for 𝑖 = 1, 2, . . . , 𝑛; and 𝜃�푗 is vectors of
parameters for the component 𝑗.

For GFMNB-𝑔 models, the equation for developing the
weight parameter is shown in (4). By using a function of
the covariates, the GFMNB-𝑔 model makes it possible for
each site to have different weights for each component that
depends on the site-specific values of the covariates. Zou et al.
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[28] demonstrated how this additional flexibility can lead to
better classification results𝑤�푖�푗𝑤�푖�푔 = 𝑒�훾0𝑗𝑒𝛾𝑗x𝑖 , (4)

where𝑤�푖�푗 is the estimated weight for component 𝑗 at segment𝑖; 𝛾�푗 = (𝛾0�푗, 𝛾1�푗, 𝛾2�푗, . . . , 𝛾�푚�푗)�耠 are the estimated coefficients of
component 𝑗 and 𝑚 is the number of unknown coefficients;
and x�푖 is a vector of covariates.

2.2.2. K-Means Clustering. The 𝐾-means clustering algo-
rithm is often attributed to Lloyd [29] and Anderson [30],
and it is one of the most popular clustering algorithms in
use today. Inputs to the algorithm are the data points; here,
each data point can be viewed as one of the road segments in
the crash data set and its corresponding descriptive variables
(e.g., lane width and average daily traffic (ADT)). With the
data in hand,𝐾 cluster centers are initialized. Cluster centers
can be chosen as random points in the feature space (i.e.,
points that do not exist in the data set could be selected)
and random data points in the feature space (i.e., only points
in the dataset can be selected) or through a variety of other
methods. For this project, the initialization using 𝐾 random
data points in the dataset was used. The algorithm then
proceeds in an iterative process until it converges, where
convergence is defined as the point at which the cluster
assignments do not change. The first step in the iteration
assigns each data point to the cluster such that the distance
between that cluster center and the data point itself is
smallest; the distance metric used for this work is Euclidean
distance defined as shown in (5). Then, the second step
recalculates the center for each cluster. Pseudocode for the
algorithm is shown in the following:

𝑑 (𝑥�푖, 𝑥�푖) = �푚∑
�푗=1

(𝑥�푖�푗 − 𝑥�푖�푗)2 = 𝑥�푖 − 𝑥�푖2 , (5)

where 𝑑(⋅) is Euclidean distance between two points; 𝑖 is data
point index, ranging from 1 : 𝑛; 𝑗 is variable index, ranging
from 1 :𝑚 for 𝑚 variables; and ‖ ⋅ ‖ is the two norms of two
data points.

K-Means Algorithm

Cluster-Assignment Step

𝐶 (𝑖) = argmin
1≤�푘≤�퐾

𝑥�푖 − 𝑚�푘 , (6)

where𝐶(𝑖) is cluster assignment for data point 𝑥�푖;𝑚�푘 is center
of cluster 𝑘; and all other variables are defined as previous.

Center-Update Step

𝑚�푘 = 1|𝐶 (𝑘)| ∑
�푖∈�퐶(�푘)

𝑥�푖, (7)

where |𝐶(𝑘)| is cardinality (number of data points) in cluster𝐶(𝑘) and all other variables are defined as previous.

2.2.3. Hierarchical Clustering. Hierarchical clustering meth-
ods differ from 𝐾-means clustering in that the results do
not depend on the number of clusters used (i.e., the results
will always be the same for a given number of clusters)
nor an initialization. Rather, they are rooted in the use of a
dissimilaritymeasure defined between clusters that is defined
in terms of all possible pairwise combinations of data points
within two given clusters. In this research, agglomerative (i.e.,
bottom-up) hierarchical clustering in the form of complete
linkage clustering was considered. Agglomerative clustering
methods (e.g., complete linkage, single linkage, and average
linkage) take the data points (i.e., road segments and their
corresponding descriptors) as inputs and begin with each
data point as its own cluster; a lone data point forming
its own cluster is also known as a singleton. For complete
linkage clustering, the algorithm proceeds in a total of 𝑛 − 1
steps (i.e., one step less than the total number of data points
in the dataset) and at each step, the two clusters with the
smallest intergroup dissimilarity measure are joined to form
a new cluster. Thus, in each successive step, the number of
clusters is reduced by one. For complete linkage clustering the
intergroup dissimilarity is defined as follows [31]:

𝑑 (𝐴, 𝐵) = max
�푖∈�퐴,�푖∈�퐵

𝑑�푖�푖 , (8)

where 𝐴, 𝐵 are two arbitrary clusters and

𝑑�푖�푖 = 𝑥�푖 − 𝑥�푖 . (9)

Thus, for each step of the complete linkage clustering
algorithm, the two clusters with the smallest value of the
maximum between-cluster distance are joined.

2.3. Classification-Based EB Methods. At this point it is
important to clarify the main contribution of this work. It is
well-known that aggregated crash likely has some degree of
heterogeneity, as if they are generated from multiple distinct
subpopulations. As such, if one were able to try to capture
this heterogeneity and group the data into different units,
ideally based upon the subpopulations from which they were
generated, better estimates of safety andHSID rankings could
likely be obtained. Thus, three types of clustering algorithms
(GFMNB-𝑔model based, 𝑘-means clustering, and hierarchi-
cal clustering with complete linkage) are proposed to cluster
the data into distinct subgroups that hopefully correspond
to the subpopulations from which the data were generated.
The main idea/application of clustering is to define groups
(i.e., clusters) of data points such that all points assigned
to/belonging to a given cluster are closer/more similar to the
points in that cluster than any other cluster [31].

Clustering methods present an ideal means to repre-
sent/describe heterogeneity within crash data. As such, we
apply clustering-based EB methods in this study as a new
means of hotspot identification. For these methods, three
types of clustering as aforementioned are considered, and the
classification method for HSID purposes has four main steps
as follows. First, the full set of input crash data is clustered
into 𝑔 clusters via the GFMNB-𝑔 model, 𝑘-means clustering
algorithm, or hierarchical clustering algorithm. In this study,



4 Journal of Advanced Transportation

the number of clusters considered is set equal to the number
of components selected for the GFMNB-𝑔 model, which
was itself selected on the basis of the Bayesian information
criterion (BIC). Ultimately, however, the choice for selection
of both number of clusters and number of components in
the GFMNB-𝑔model is up to the analyst. The second step of
the algorithm involves splitting the data into 𝑔 groups based
on the results of the applied clustering algorithm. The third
step of the algorithm calls for estimation of an NB regression
model (i.e., SPF) for each of the 𝑔 subgroups/clusters from
the data and using these SPFs in further generation of EB
estimates for each site. For example, if 𝑔 = 2, two SPFs
will be estimated and the data in each of the two groups
will have EB estimates calculated through application of the
corresponding SPF. Fourth and finally, the EB estimates for all
sites across all 𝑔 subgroups are aggregated and ranked, after
which hotspots identification is based on threshold values or
other methods. From this point forward, the classification-
based HSID methods aforementioned will be referred to as
follows: GFMNB-based EB method, the 𝐾-means-based EB
method, and hierarchical-based EB method, respectively. A
summary of the classification-based EB method for HSID is
shown in Table 1.

2.4. Evaluation Criteria for Hotspot Identification Methods.
For the purpose of evaluating the performance of HSID
methods, some kind of standardized test procedures are
needed. Ultimately, analysts will be concerned with an HSID
method’s capability to find accident prone sites and properly
rank sites according to risk. These concerns are directly
related to the overarching objective of prioritizing safety
treatments at hotspots in a limited-funding environment.
While a multitude of tests are available and determining
which test is optimal may not be clear, one might argue that
“good” performance (to be described in the forthcoming
test descriptions) across multiple tests could be a reasonable
indicator of a method’s overall performance in HSID. As
such, we consider three commonly used tests attributed to
Cheng andWashington [32]: the Site Consistency Test (SCT),
the Method Consistency Test (MCT), and the Total Rank
Difference Test (TRDT). For more information about these
three tests, interested readers are referred to Cheng and
Washington [32].

3. Data and Analysis

3.1. Data Description. In order to examine the effectiveness
of the methodology presented herein, the research team
chose to work with a dataset used in many previous safety
studies, which being the Texas rural undivided highway
crash dataset. The dataset contains crash counts collected
over 1,499 rural undivided highway segments over a span of
five years, 1997–2001, for the National Cooperative Highway
Research Program (NCHRP) 17–29 project [33]. Since the
aforementioned tests for evaluation of the hotspot identi-
fication methods require data from different time periods
for comparison purposes, the dataset comprised of 1,499
observations was broken down into two temporal subsets.
The first subset, called “Time Period 1” henceforth, contains

the data from the original dataset recorded for 1997 and
1998. The second subset, called “Time Period 2” henceforth,
contains the data from the original dataset recorded for
1999, 2000, and 2001. Thus, the union of these two subsets
is the original dataset with 1,499 points. Variables collected
to describe the segments and be considered as independent
variables in the analysis include average daily traffic during
the analysis period (𝐹), lanewidth (LW, in feet), total shoulder
width (i.e., the sum of shoulder width on both sides of the
roadway in feet, SW in feet), and curve density (i.e., the
number of curves per mile, CD). The dependent variable
in the analysis is the number of crashes observed on each
segment over the analysis period, and another variable,
segment length (𝐿, inmiles), was considered as an offset in the
regression. Summary statistics on the dataset are presented in
Table 2.

3.2.Modeling Results. To study classification-based EBmeth-
ods, GFMNB-𝑔 models were developed from the crash
records in Time Periods 1 and 2, respectively. Data in each
time period was used to estimate the finite mixture models
with 𝑔 components; that is, 𝑔 separate NB models were
estimated for each type of mixture model that are combined
together to form a weighted estimate. Then, the GMFNB-𝑔 model was used as the basis for the clustering-based EB
methods. That is to say, the number of components used
in the model was selected as the basis for the number of
clusters to use for grouping the crash data under each of the
aforementioned clustering methods.

When estimating the GFMNB-𝑔 models, perhaps the
main problem is to determine howmany components should
be used in the model (i.e., to select 𝑔). In order to select
the number of components for each model in each time
period, the method presented in Park et al. [34] was applied
in this study. Under this approach, the analyst builds finite
mixture models with increasing numbers of components
(from two upwards) and selects the final model (and number
of components) through goodness-of-fit metrics, such as
the Akaike Information Criterion (AIC) or the previously
mentioned BIC, which balance the number of components
and overall model fit (measured via log-likelihood). Eluru et
al. [35] noted that BIC is more stringent than AIC in terms of
applying a penalty based on number of components, and thus
it may be more robust in terms of preventing overfitting. As
such, BIC was selected as the means of choosing the number
of components for the finite mixture models in each of the
two time periods:

BIC�푗 = −2 ∗ loglikelihood�푗 + 𝑔�푗 ∗ log (𝑛) , (10)

where loglikelihood�푗 is the log-likelihood of model 𝑗; 𝑔 is the
number of components in finite mixture model 𝑗; and 𝑛 is the
sample size (i.e., number of sites in dataset).

In this study, GFMNB-𝑔models were developed from the
crash data in Time Periods 1 and 2with increasing numbers of
components 𝑔 = 2, 3, or 4. Figure 1 indicates that use of 𝑔 = 2
(i.e., finitemixturemodels with two components) leads to the
best goodness-of-fit as indicated by the lowest value of BIC.
Hence, the number of components is selected as 𝑔 = 2 and
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Table 1: Classification-based EB method for HSID.

Step Description(1) Use the GFMNB-𝑔model, 𝐾-means algorithm, or hierarchical clustering algorithm to cluster the data into 𝑔 groups(2) Separate the data into 𝑔 groups based on the results of clustering(3) Estimate 𝑔 NB regression models, one for each of the 𝑔 subgroups, and use the corresponding SPF to get EB estimates for each site(4) Aggregate the EB estimates for all sites, rank the sites, and identify hotspots

Table 2: Summary statistics for road segments in Texas rural undivided highways dataset.

Variable Time Period 1 (1997 and 1998) Time Period 2 (1999–2001)
Minimum Maximum Mean (SD†) Minimum Maximum Mean (SD†)

Crash number 0 59 2.93 (4.81) 0 78 4.58 (7.81)𝐹 40 24000 6391 (3835.01) 43.33 25333.3 6761.8 (4149.84)
LW (ft) 9.75 16.5 12.57 (1.59) 9.75 16.5 12.57 (1.59)
SW (ft) 0 40 9.96 (8.02) 0 40 9.96 (8.02)
CD 0 18.07 1.43 (2.35) 0 18.07 1.43 (2.35)𝐿 (miles) 0.1 6.28 0.55 (0.68) 0.1 6.28 0.55 (0.68)

5892.85 5833.49 5868.99 5940.98

6862.76 6755.59 6810.57 6873.91

g = 1 g = 2 g = 3 g = 4

Time Period 1
Time Period 2

Figure 1: BIC values for GFMNB-𝑔models.

the GFMNB-𝑔 models can now be indicated as GFMNB-2
models. It is important to note that, in general, 𝑔 = 2may not
always be the optimal number of components and the choice
will depend on the data.That said, BIC is a reasonablemethod
to use to select 𝑔.

By examining Figure 1, one can see that the BIC values
reported for the GFMNB-2 models are not as large as those
for the regular NB model (𝑔 = 1) in the corresponding
time period suggesting that the mixture models have better
goodness-of-fit. Further, the choice of 𝑔 = 2 based on BIC
seems to suggest the existence of two distinct subpopulations
within the crash data corresponding to each time period
instead of a lone data population.

3.3. Grouping Results. According to the results of the
GFMNB-𝑔 fitting procedure, it was determined that a
GFMNB model with two components fit the data best. Thus,
for each of the clustering-based-EB procedures for HSID, the
full set of crash data was split into two groups for each time
period (i.e., four groups total) from which NB models were
estimated and corresponding EB estimates were calculated.
That is to say, given the crash data forTimePeriods 1 and 2, the
three aforementioned clustering algorithms (i.e., 𝑘-means,

hierarchical with complete linkage, and estimation of a
GFMNB-𝑔 model) were applied to group the data from each
time period into two clusters, for which EB estimates were
computed.

Table 3 shows grouping results for each component,
under each clustering method for both time periods con-
sidered in the study. For each component, the sample size
along with the mean and standard deviation (SD) for each
variable in the dataset (as described previously) is presented.
From the table, it can be seen that, in general, mean values
for the lane width, shoulder width, and segment length do
not differ much between components. That said, in some
cases, particularly for the groupings based on hierarchical
clustering for Time Period 2, the mean number of crashes
differs dramatically between components. Additionally, there
is a substantial difference in the mean values of average daily
traffic (𝐹) between components for all clustering methods
considered in both time periods. Such a trend suggests that
the data considered here may come from underlying subpop-
ulations where traffic volume is a defining characteristic for
subpopulationmembership and thus a good descriptor of the
heterogeneity in the data.

With crash data clustered for each time period according
to the three aforementioned clusteringmethods, EB estimates
were then obtained after estimating an NB regression model
for each of the two components corresponding to a given
clusteringmethod for a given time period.When interpreting
results henceforth, one should consider the sample sizes used
to estimate the NB models. For example, the sample size
of “Component 1” (i.e., one grouping) for Time Period 2 as
defined via hierarchical clustering with complete linkage has
only 66 data points. Thus, modeling results associated with
this group (namely, the results of the SPF and corresponding
EB estimates) and the overall EB estimates for Time Period 2
as determined via hierarchical clustering (i.e., the aggregation
of the EB estimates for components 1 and 2) should be
interpreted with caution.
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Table 3: Characteristics of each component.

Method Component (sample) Statistic Crashes 𝐹 LW SW 𝐿
Time Period 1

𝐾-means
Component 1 (527) Mean 5 10547.19 12.88 10.08 0.54

SD 6.58 3013.67 1.76 8.45 0.6

Component 2 (972) Mean 1.796 4138.07 12.4 9.89 0.55
SD 2.92 1820.303 1.46 7.77 0.69

Hierarchical
Component 1 (473) Mean 5.063 10895.39 12.9577 10.24 0.53

SD 6.58 2988.96 1.803 8.51 0.52

Component 2 (1026) Mean 1.939 4314.87 12.39 9.83 0.565
SD 3.27 1924.28 1.44 7.778 0.72

GFMNB-2
Component 1 (738) Mean 3 8191 12.58 11.22 0.29

SD 4.45 3867.52 1.62 8.31 0.17

Component 2 (761) Mean 2.85 4646 12.57 8.74 0.81
SD 5.13 2878.96 1.56 7.53 0.85

Time Period 2

𝐾-means
Component 1 (972) Mean 2.68 4364.14 12.4 9.89 0.55

SD 4.71 2035.808 1.46 7.77 0.69

Component 2 (527) Mean 8.07 11184.04 12.88 10.08 0.54
SD 10.6 3343.19 1.76 8.459 0.609

Hierarchical
Component 1 (66) Mean 16.69 18144.65 13.59 12.39 0.64

SD 17.71 3095.972 2.03 8.46 0.633

Component 2 (1433) Mean 4.02 6237.53 12.52 9.84 0.5496
SD 6.52 3366.45 1.548 7.98 0.66

GFMNB-2
Component 1 (452) Mean 6.27 9145.69 12.95 12.98 0.26

SD 8.6 4457.79 1.74 8.12 0.15

Component 2 (1047) Mean 3.85 5732.65 12.41 8.66 0.68
SD 7.33 3546.66 1.49 7.61 0.76

3.4. Test Results. In this section, evaluations of six different
HSIDmethods, (1) AF, (2) AR, (3) EB (here, all data are con-
sidered as being fromone population), (4)GFMNB-based EB
method, (5)𝐾-means-based EBmethod, and (6) hierarchical-
based-EB method, are conducted using the three main tests
from Cheng and Washington [32]. As all test procedures
involve comparison across two different time periods, we use
the time periods as defined in Table 2. Further, we consider
three different scenarios in terms of the number of high-risk
sites selected for consideration under each HSID method.
These scenarios correspond to considering 1%, 5%, and 10%
of all sites as high-risk (i.e., 𝑐 = 0.01, 0.05, and 0.10). For
example, in this study, when 𝑐 = 0.10, a total of approximately
150 sites (i.e., ∼10% of the 1,499 total sites) will be considered
as high-risk, and their data will be used in calculation of the
test statistics for the various HSID methods.

Table 4 shows the results of the six HSID methods con-
sidered under the Site Consistency Test. As aforementioned,
the goal of the SCT is to measure consistency of a method
in identifying sites as high-risk over time. The underlying
principle is that high-risk sites should show consistently high
crash counts over time, and thus the higher the value for the
SCT statistic, the better performing the HSID method. From
the table, it can be seen that the worst performing method
across all cutoff levels for high-risk site identification (i.e.,

all 𝑐 values) is the AR method. When one percent of sites
are considered as high-risk, the conventional EB method,𝐾-
means-based EBmethod, and hierarchical-based EBmethod
all perform equally well. For the cases in which 5% and 10%
of sites are considered as high-risk, the 𝐾-means-based EB
method is identified as the best performing HSID method
according to the SCT. That said, in both of these cases, the
value of the SCT test statistic for the hierarchical-based-EB
method gives a value quite close to those obtained by the 𝐾-
means-basedmethod, indicating that it also seems to perform
nearly as well in HSID.

The results of the six HSID methods being evaluated in
terms of the Method Consistency Test are shown in Table 4.
TheMCT is designed to assess consistent identification of the
same high-risk sites across different time periods. As such,
the higher the value of the MCT test statistic, the better the
performance of the HSID method (i.e., higher values imply
that more sites were identified as high-risk in both time
periods considered). From Table 4, one can see that, across
all three cutoff levels for proportions of sites to consider as
high-risk, the GFMNB-based EB method performs the best.
That said, for the case in which 10% of sites are considered
as high-risk, the 𝐾-means-based method performs just as
well. Additionally, for all cutoff levels, the results of all
clustering-based EBmethods (e.g., GFMNB-,𝐾-means-, and
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Table 4: Results for various methods using three different tests.

Method 𝑐 = 0.01 𝑐 = 0.05 𝑐 = 0.10
Site Consistency Test (SCT)

AF 269 1109 1911
AR 110 570 1051
EB 361 1376 2182
GFMNB-based EB method 329 1352 2115𝐾-means-based EB method 361 1396 2186
Hierarchical-based EB method 361 1395 2171

Method Consistency Test (MCT)
AF 7 43 88
AR 2 27 63
EB 7 47 100
GFMNB-based EB method 8 51 103𝐾-means-based EB method 7 49 103
Hierarchical-based EB method 7 47 99

Total Rank Difference Test (TRDT)
AF 365 7599 20721
AR 5944 24259 49548
EB 217 3543 14132
GFMNB-based EB method 162 3226 10195𝐾-means-based EB method 220 3273 12391
Hierarchical-based EB method 220 3420 14068
Note. Bold number indicates the best result.

hierarchical-based) exhibit quite similar performance. Aswas
the case for the SCT, the AR method consistently performs
the worst across all three cutoff levels for proportions of sites
to be considered as high-risk.

Table 4 presents the results of the HSID-procedure eval-
uation under the Total Rank Difference Test. Again, this test
is based on consistent identification of high-risk sites across
time periods, but here, the rankings of sites identified as high-
risk in one time period are compared to the rankings of the
same sites in another time period. Hence, the smaller the
value of the TRDT test statistic, the better the performance
of the method in HSID. From the table, it can be seen that the
GFMNB-based EBmethod yields the bestHSIDperformance
across all three cutoff levels of proportions of sites to be
considered as high-risk. Under this test, the other clustering-
based EB methods (e.g., 𝐾-means-based and hierarchical-
based) outperform the naı̈ve AF and AR methods across all
cutoff values and also outperform the EB method for the 5%
and 10% cutoffs. As was the case for the preceding two HSID
performance tests, the AR method of HSID consistently
performs theworst across all three cutoff levels of proportions
of sites to be considered as high-risk.

Overall, the preceding tests indicate that the GFMNB-
based EB method appears to exhibit the strongest HSID
performance in all three tests and across the different cutoff
levels of proportion of sites to be considered as high-risk.
That said, the results obtained from the other clustering-
based EB methods (e.g., 𝐾-means-based and hierarchical-
based) are usually close and tend to outperform the AF, AR,
and standard EB methods. From all tests, it appears that the

AR method performs the worst. One possible explanation
for this behavior may be that since the test sites are rural
road segments, many may exhibit low ADT values and thus,
as aforementioned, low-volume sites may be overrepresented
as high-risk since the AR calculation normalizes by traffic
count. Ultimately, HSID methods that themselves make use
of the EB method when computing safety estimates prior to
site ranking appear to perform better than the näıve AF and
AR methods. This finding is consistent with many previous
studies including [17, 36, 37].

3.5. Discussion. From the preceding analysis, it appears that
the GFMNB-based EB procedure for HSID performs the
best when evaluated with the three aforementioned test
procedures [32] on the Texas rural undivided highway crash
dataset. That said, it seems that all EB-based methods typi-
cally outperform the naı̈ve methods, especially the AR HSID
method. One possible reason the EB-based HSID methods
may perform better is due their use of both the observed
historical accident data and predicted accident count from
similar sites with the SPF. Further, the EB methods are
able to adjust for RTM bias. That said, the conventional EB
method is not without its limitations for HSID. The main
limitation, perhaps, arises when there is a substantial degree
of heterogeneity in the crash data making it such that the
crash data seem to arise from different subpopulations. Such
heterogeneity could arise when large amounts of crash data
collected from areas that differ dramatically geographically
and with respect to a variety of other site-specific conditions.
Oftentimes, crash data are aggregated in an effort to ensure
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that sufficient sample sizes are available for model estimates
(i.e., in an effort to reduce the standard error value of
regression coefficients). In order to remedy this issue of not
accounting for heterogeneity in the data, three clustering-
based EB methods were proposed in this report. The idea
behind these methods was to group the overall set of crash
data (i.e., full list of study sites) into smaller subsets such
that the site in each subset was more similar to sites within
their groups than sites in other groups according to features,
such as traffic volume, lane width, and other predictors.
Further, it was hoped that such clustering could potentially
help uncover the underlying groups/subpopulations from
which the data could have been generated. Indeed, it appears
that the clustering-based EB methods that applied 𝑘-means-,
hierarchical-, andGFMNB-based clusteringwere able to ana-
lyze heterogeneous data and outperform more conventional
methods in terms of HSID.

While the clustering-based EB methods for HSID have
several benefits, they are not without their limitations. Per-
haps the largest limitation of clustering-based EB methods
is that, in some cases, they can cluster data into groups
with relatively small sample sizes. Then, regression models
(i.e., SPFs) developed from these small samples are more
likely to exhibit their own issues such as biases in their
coefficient estimates. This issue can further be compounded
when analysts interpret the biased results and have the
potential tomake erroneous inferences/conclusions. As such,
it is important that one be cognizant of the sample sizes
of the clusters and what impacts they may have on model
estimates and resulting inference [38]. Ultimately, as always,
analysts are encouraged to interpret all results, especially
those corresponding to regression models developed from
small samples (e.g., 100 or less sites) with caution.

4. Conclusions

This study introduced three clustering-based EB methods
for hotspot identification purposes. The clustering methods
considered were the GFMNB-g model, 𝐾-means clustering,
and hierarchical clustering with complete linkage. The newly
developed clustering-based EB methods for HSID were
compared in terms of performance to conventional HSID
methods, including the EB method, as well as the naı̈ve AF
andARmethod, with threemethods comparing performance
in HSID across different time periods as developed by Cheng
and Washington [32]. When studying the HSID results
based on applying the methodology to Texas undivided
rural highway crash data, the results suggest that all three
clustering-based EB analysis methods are preferred over the
conventional statistical methods. Additionally, it seems that
the accuracy of HSID can be enhanced by appropriately
classifying roadway segments according to the heterogeneity
of the crash data (i.e., clustering the data before developing
SPFs for use in EB estimates). That said, one should always
be cautious when classifying roadway segments into clusters
as inappropriate classification of roadway segments can lead
to erroneous results (e.g., biased coefficient estimates from
SPFs developed from small sample sizes). Although the
proposed clustering-based EB method is not yet ready for

practical application, transportation safety analysts may use
the clustering-based EBmethod to calculate the EB estimates
and avoid manually identifying similar groups within the
heterogeneous crash dataset, a task thatmay be difficult as the
underlying subpopulations in the data are usually unknown.
Future work could evaluate development of a performance
measure to evaluate the overall HSID performance of the
three clustering-based EB methods (i.e., to determine which
clustering method is best and when it is best to use each).

Conflicts of Interest

The authors declare that they have no conflicts of interest.

Acknowledgments

The authors would like to thank Dr. Dominique Lord from
Texas A&M University for graciously providing us with the
Texas crash data. This research is sponsored jointly by the
Pacific Northwest Transportation Consortium (Contract no.
DTRT13-G-UTC40), the National Natural Science Founda-
tion of China (Grant no. 51608386 and Grant no. 71601143),
and Shanghai Sailing Program (Grant no. 16YF1411900).

References

[1] B. Persaud, C. Lyon, andT.Nguyen, “Empirical Bayes procedure
for ranking sites for safety investigation by potential for safety
improvement,” Transportation Research Record, no. 1665, pp. 7–
12, 1999.

[2] C. Dong, D. B. Clarke, X. Yan, A. Khattak, and B. Huang, “Mul-
tivariate random-parameters zero-inflated negative binomial
regression model: an application to estimate crash frequencies
at intersections,” Accident Analysis & Prevention, vol. 70, pp.
320–329, 2014a.

[3] X. Ye, V.M. Garikapati, D. You, and R.M. Pendyala, “A practical
method to test the validity of the standard Gumbel distribution
in logit-based multinomial choice models of travel behavior,”
Transportation Research Part B: Methodological, 2017.

[4] C. C. Xu, P. Liu, W. Wang, and Z. B. Li, “Evaluation of the
impacts of traffic states on crash risks on freeways,” Accident
Analysis & Prevention, vol. 47, pp. 162–171, 2012.

[5] Y. J. Zou, J. J. Tang, L. T. Wu, K. Henrickson, and Y. H. Wang,
“Quantile analysis of factors influencing the time taken to clear
road traffic incidents,” in Proceedings of the Institution of Civil
Engineers-Transport, vol. 170, pp. 296–304, 2017a.

[6] J. Tang, F. Liu, W. Zhang, R. Ke, and Y. Zou, “Lane-changes
prediction based on adaptive fuzzy neural network,” Expert
Systems with Applications, vol. 91, pp. 452–463, 2018.

[7] L. Fawcett, N. Thorpe, J. Matthews, and K. Kremer, “A novel
Bayesian hierarchical model for road safety hotspot prediction,”
Accident Analysis & Prevention, vol. 99, pp. 262–271, 2017.

[8] A. Montella, “A comparative analysis of hotspot identification
methods,”Accident Analysis &Prevention, vol. 42, no. 2, pp. 571–
581, 2010.

[9] H. S. Manual, American Association of State Highway and
Transportation Officials (AASHTO), DC, Washington, Wash,
USA, 2010.

[10] Y. Zou, K. Henrickson, L. Wu, Y. Wang, and Z. Zhang,
“Application of the empirical Bayes method with the finite mix-
ture model for identifying accident-prone spots,”Mathematical



Journal of Advanced Transportation 9

Problems in Engineering, vol. 2015, Article ID 958206, 10 pages,
2015.

[11] Y. J. Zou, H. Yang, Y. L. Zhang, J. J. Tang, and W. B.
Zhang, “Mixture modeling of freeway speed and headway data
using multivariate skew-t distributions,” Transportmetrica a-
Transport Science, vol. 13, pp. 657–678, 2017b.

[12] Y. Zou, D. Lord, Y. Zhang, and Y. Peng, “Comparison of sichel
and negative binomial models in estimating empirical bayes
estimates,” Transportation Research Record, no. 2392, pp. 11–21,
2013.

[13] J. A. Deacon, C. V. Zegeer, and R. C. Deen, Identification of
hazardous rural highway locations, 1974.

[14] C. Abbess, D. Jarrett, and C. C.Wright, “Accidents at blackspots:
estimating the effectiveness of remedial treatment, with special
reference to the ’regression-to-mean’ effect,” Traffic Engineering
& Control, vol. 22, no. 10, pp. 535–542, 1981.

[15] Z. Xu and A. Y. Huang, “Safety benefits of converting HOV
lanes to hot lanes: case study of the I-394 MnPASS,” Institute of
Transportation Engineers. ITE Journal, vol. 82, no. 2, pp. 32–37,
2012.

[16] L. Mountain, B. Fawaz, and D. Jarrett, “Accident prediction
models for roads with minor junctions,” Accident Analysis &
Prevention, vol. 28, no. 6, pp. 695–707, 1996.

[17] L. Wu, Y. Zou, and D. Lord, “Comparison of sichel and negative
binomial models in hot spot identification,” Transportation
Research Record, vol. 2460, no. 1, pp. 107–116, 2014.

[18] M. A. Mohammadi, V. A. Samaranayake, and G. H. Bham,
“Safety effect of missouri’s strategic highway safety plan: mis-
souri’s blueprint for safer roadways,” Transportation Research
Record, vol. 2465, pp. 33–39, 2014.

[19] W. Cheng,W. H. Lin, X. Jia, X.Wu, and J. Zhou, “Ranking cities
for safety investigation by potential for safety improvement,”
Journal of Transportation Safety & Security, pp. 1–22, 2017.

[20] C. Xu, W. Wang, and P. Liu, “A genetic programming model for
real-time crash prediction on freeways,” IEEE Transactions on
Intelligent Transportation Systems, vol. 14, no. 2, pp. 574–586,
2013.

[21] C.Dong, S.H. Richards, B.Huang, andX. Jiang, “Identifying the
factors contributing to the severity of truck-involved crashes,”
International Journal of Injury Control and Safety Promotion,
vol. 22, no. 2, pp. 116–126, 2015.

[22] J. J. Tang, F. Liu, Y. J. Zou, W. B. Zhang, and Y. H. Wang,
“An improved fuzzy neural network for traffic speed prediction
considering periodic characteristic,” IEEE Transactions on Intel-
ligent Transportation Systems, vol. 18, pp. 2340–2350, 2017.

[23] S. Zhang, J. J. Tang, H. X. Wang, Y. H. Wang, and S. An,
“Revealing intra-urban travel patterns and service ranges from
taxi trajectories,” Journal of Transport Geography, vol. 61, pp. 72–
86, 2017.

[24] E. Hauer, D. W. Harwood, F. M. Council, and M. S. Griffith,
“Estimating safety by the empirical bayes method: a tutorial,”
Transportation Research Record, no. 1784, pp. 126–131, 2002.

[25] F. L. Mannering, V. Shankar, and C. R. Bhat, “Unobserved
heterogeneity and the statistical analysis of highway accident
data,” Analytic Methods in Accident Research, vol. 11, pp. 1–16,
2016.

[26] F. L. Mannering and C. R. Bhat, “Analytic methods in accident
research: methodological frontier and future directions,” Ana-
lytic Methods in Accident Research, vol. 1, pp. 1–22, 2014.

[27] C. Dong, D. B. Clarke, S. H. Richards, and B. Huang, “Differ-
ences in passenger car and large truck involved crash frequen-
cies at urban signalized intersections: an exploratory analysis,”
Accident Analysis & Prevention, vol. 62, pp. 87–94, 2014b.

[28] Y. Zou, Y. Zhang, and D. Lord, “Analyzing different functional
forms of the varying weight parameter for finite mixture of
negative binomial regression models,” Analytic Methods in
Accident Research, vol. 1, pp. 39–52, 2014.

[29] S. P. Lloyd, “Least squares quantization in PCM,” Institute of
Electrical and Electronics Engineers Transactions on Information
Theory, vol. 28, no. 2, pp. 129–137, 1982.

[30] T. K. Anderson, “Kernel density estimation and K-means
clustering to profile road accident hotspots,” Accident Analysis
& Prevention, vol. 41, no. 3, pp. 359–364, 2009.

[31] J. Z. Lu, “The elements of statistical learning: datamining, infer-
ence, and prediction,” Journal of the Royal Statistical Society:
Series A (Statistics in Society), vol. 173, no. 3, pp. 693-694, 2010.

[32] W. Cheng and S. Washington, “New criteria for evaluating
methods of identifying hot spots,” Transportation Research
Record, vol. 2083, pp. 76–85, 2008.

[33] D. Lord, S. Geedipally, B. Persaud et al., “Methodology to
predict the safety performance of rural multilane highways
[Final Report for NCHRP Project 17-29], 2008”.

[34] B.-J. Park, D. Lord, and J. D. Hart, “Bias properties of Bayesian
statistics in finite mixture of negative binomial regression
models in crash data analysis,” Accident Analysis & Prevention,
vol. 42, no. 2, pp. 741–749, 2010.

[35] N. Eluru,M. Bagheri, L. F.Miranda-Moreno, and L. Fu, “A latent
class modeling approach for identifying vehicle driver injury
severity factors at highway-railway crossings,”Accident Analysis
& Prevention, vol. 47, pp. 119–127, 2012.

[36] W. Cheng and S. P. Washington, “Experimental evaluation of
hotspot identification methods,” Accident Analysis & Preven-
tion, vol. 37, no. 5, pp. 870–881, 2005.

[37] L. Wu, D. Lord, and Y. Zou, “Validation of crash modification
factors derived from cross-sectional studies with regression
models,” Transportation Research Record, vol. 2514, pp. 88–96,
2015.

[38] D. Lord, “Modeling motor vehicle crashes using Poisson-
gamma models: examining the effects of low sample mean
values and small sample size on the estimation of the fixed
dispersion parameter,” Accident Analysis & Prevention, vol. 38,
no. 4, pp. 751–766, 2006.



Research Article
Turnout Fault Diagnosis through Dynamic Time Warping and
Signal Normalization

Shize Huang,1 Fan Zhang,1 Rongjie Yu,1,2 Wei Chen,1 Fei Hu,3 and Decun Dong1

1Key Laboratory of Road and Traffic Engineering of Ministry of Education, Tongji University, Shanghai 201804, China
2State Key Laboratory of Rail Traffic Control and Safety, Beijing Jiaotong University, Beijing 100044, China
3Department of Electrical and Computer Engineering, University of Alabama, Tuscaloosa, AL 35487, USA

Correspondence should be addressed to Rongjie Yu; yurongjie@tongji.edu.cn

Received 30 May 2017; Revised 27 August 2017; Accepted 20 September 2017; Published 23 October 2017

Academic Editor: N. N. Sze

Copyright © 2017 Shize Huang et al. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Turnout is one key fundamental infrastructure in the railway signal system, which has great influence on the safety of railway
systems. Currently, turnout fault diagnoses are conducted manually in China; engineers are obliged to observe the signals and
make problem solving decisions. Thus, the accuracies of fault diagnoses totally depend on the engineers’ experience although
massive data are produced in real time by the turnout microcomputer-based monitoring systems. This paper aims to develop an
intelligent diagnosis method for railway turnout through Dynamic TimeWarping (DTW).We firstly extract the features of normal
turnout operation current curve and normalize the collected turnout current curves. Then, five typical fault reference curves are
ascertained through the microcomputer-based monitoring system, and DTW is used to identify the turnout current curve fault
through test data.The analysis results based on the similarity data indicate that the analyzed five turnout fault types can be diagnosed
automatically with 100% accuracy. Finally, the benefits of the proposed method and future research directions were discussed.

1. Introduction

Recently, the railway system has experienced rapid develop-
ment all over theworld [1] with both the freight and passenger
traffic demands increasing. According to a report from the
National Railway Administration of the People’s Republic
of China, the railway passenger and cargo transportation
volume in China were 2.535 billion and 3.358 billion tons,
respectively, in 2015 [2]. Therefore, due to the rapid develop-
ment, the maintenance of the railway system has become a
critical issue. Problems such as lack of relevant experienced
professionals and heavy workloads to monitor the railway
safety are emerging.

Turnout (shown in Figure 1), with high operation fre-
quency, is the core component of the railway infrastructure
since it is an essential device which moves the train from one
track to another [3]. Turnout failures have caused several
major railway accidents recently [4]. According to one report,
more than 100 turnout failure events occurred in Changsha

communication and signal division each year, and this
accounted for 17.5% of all faults of the signaling equipment
including turnout in the past five years [5].

Given the importance of the turnout system, microcom-
puter-based monitoring system (MMS) has been introduced
to monitor the turnout state in real time in China. The
MMS collects turnout operation current and voltage levels
data; then engineers perform the failure diagnose analysis
based on the displayed curves. The current manual diagnosis
system has not only caused low diagnosis efficiency, but also
increased the manpower and resources requirements [6]. In
addition, the accuracy of the diagnosismainly depends on the
engineers’ subjective experiences, where any misinterpreta-
tion of the data could lead to potential safety issues.Therefore,
automatic turnout pattern detection methods are needed to
identify the railway faults or failures.

Given the emerging issue, different methods have been
utilized in the turnout failure diagnosis area. Zhao and Lu
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Figure 1: Turnout system.

studied the turnout fault diagnosis system based on gray cor-
relation analysis [7]. Roberts et al. used single throwmechani-
cal equipment (STME) to detect the fault [8]. Neural network
and fuzzy theory ([9–13]), Support Vector Machine (SVM),
and improved SVM ([6, 14]) have also been applied for
turnout fault diagnoses. Atamuradov et al. utilized Dynamic
TimeWarping (DTW) and expert systems to recognize three
states including one healthy state and two failure states for
turnout [15]. Ardakani et al. established the health assessment
of the turnout by Principal Component Analysis (PCA) [16].

However, the abovementioned methods have several
limitations for the targeted problem. For example, gray
correlation analysis needs to choose suitable feature vectors
or parameters that are hard to ascertain for large scale of
fault types since a continuous search of large space is needed
until the matching feature vector or parameter is identified.
Besides, SVM-based methods cannot efficiently handle the
large sample size. And expert system needs to have much a
priori knowledge, which requires much manpower from
experienced people to summarize the rules and knowledge
based on years of experience. However, it is difficult to build a
complete knowledge base due to more microcomputer-based
monitoring systems and various environments and lack of
rich experience. Besides, neural network and fuzzy theory
models were developed based on large size of historical fault
data, which is difficult to collect, and the model training
process would be time consuming for tuning the model
parameters.

Recently, Dynamic Time Warping (DTW) [17], a Dy-
namic Programming (DP) method which has originally been
used in isolated word recognition area, has become popular.
DTW calculates the distance between reference data and test
data which has never been trained, and the smallest distance
indicates the greatest similarity [18–20]. And it holds the
benefits of requiring small amount of fault reference data,
no need of selecting feature vectors, and requiring limited
historical data and a priori knowledge. In this study, DTW
was introduced to conduct the turnout fault diagnosis.

In addition to the analysismethod, various data have been
used in the literature, such as turnout operation current [21–
23], turnout operation power [24], anddata from sensors [25–
27]. Most researchers choose the first two kinds of data since
they can be obtained directly by theMMS.Moreover, the data
from sensors requires the installation of extra sensors, which
may be cost-prohibitive. Therefore, in this study, we utilize
turnout operation current data to analyze the fault because
current data can intuitively reflect the turnout fault while
power data cannot.

Conventional methods to diagnose the fault based on
turnout operation current data do not deal with current curve
images. The turnout comes from different manufacturers,
disparate MMSs, and diverse railway bureaus. Thus, the
current curves images have much disturbance such as noise
and gridswhichmay seriously affect the accuracy of diagnosis
results. Through the normalization of the current curve [28],
we can effectively remove the noise in the image and diagnose
the types of turnout faults.

Furthermore, in this study the single-action ZD6 turnout
will be targeted given its wide range of applications. The
operation current curves were collected from the MMS. We
will first normalize the original turnout operation current
curve and ascertain turnout reference templates. Then, the
similarities between the reference templates and the test
samples will be calculated through DTW. Each turnout diag-
nosis result would be recorded and finally the classification
accuracy of the proposed approach will be evaluated.

The rest of this paper is organized as follows. Section 2
provides the meaning of the normal turnout operation
current curve for each stage and introduces the method
of image normalization method for turnout current curves.
The method and principles of DTW and reference templates
are explained in Section 3. Section 4 presents numerical
experiments and result for the real turnout operation current
curves to diagnose the faults, followed by the conclusions and
discussions in Section 5.

2. Data Preparation

2.1. Turnout Operation Current Curve. Nowadays, MMS is
the main approach to monitor the state of the turnout in
China. Turnout operation current curve can intuitively reflect
current changes of the switchmachine.The operation process
of the turnout can be divided into four stages: unlocking,
conversion, locking, and slow release [12]. We can see the
characteristics of the turnout operation current curve of
different stages from Figure 2:

(1) Stage 1 (unlocking) (𝑇0-𝑇1): the motor starts with a
large starting current which makes the curve rise
suddenly. With the operation of the turnout system,
the curve shows sharp decline and the turnout enters
the unlocking stage.

(2) Stage 2 (conversion) (𝑇1-𝑇2): the current curve is
smooth because the turnout operates smoothly dur-
ing the conversion process.

(3) Stage 3 (locking) (𝑇2-𝑇3): the pointmoves to the other
side of the rail and the current curve reduces to zero
when the locking stage is finished.

(4) Stage 4 (slow release) (𝑇3-𝑇4): 1DQJ relay slows release
and the current stays at zero continuously at slow
release stage.

2.2. Image Standardization. Turnout operation current curves
collected from different MMSs, diverse railway bureaus and
various environments, may have much disturbance which
causes fault detection errors. It is indispensable to process
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Figure 2: The turnout operation current curve.

turnout operation current curves and improve the accuracy
of fault diagnosis. We need to remove the noise such that the
disturbance in the images does not affect the experimental
results. We have used the following procedure to remove the
noise:

(1) Gray-scale transformation: it is a method of produc-
ing the gray value for each pixel of the original image
according to a target condition. The gray value of the
original image pixel is assumed as

𝐷 = 𝑓 (𝑥, 𝑦) , (1)

where 𝐷 is the gray value of the original image pixel
andxis abscissa andyis ordinate. Gray-scale enhance-
ment is expressed as

𝑓 (𝑥, 𝑦) = 𝑇 [𝑔 (𝑥, 𝑦)] (2)

and 𝑔(𝑥, 𝑦) is the function of the image threshold.
(2) Binarization: the gray-scale image is converted into

binary image which is a two-dimensional array (𝑀 ×
𝑁). The value of the pixel is set to 0 if the gray value
is less than the threshold 𝑇; otherwise the value of the
pixel is set to 1.The function of the image threshold is

𝑔 (𝑥, 𝑦) = {{{
0 𝑓 (𝑥, 𝑦) ≤ 𝑇
1 𝑓 (𝑥, 𝑦) > 𝑇. (3)

(3) Noise removal: the first step is to find out the target
region surrounded by the axis through the sum of the
rows and columns in the two-dimensional array.Then
isolated pixels are removed from the object region
with open operations including erosion and dilation.

(4) Refinement: the denoising image may have multiple
zero pixels in one column. And this situation would
lead to the phenomenon that a moment corresponds
to a number of current values in the coordinate
transformation. It is assumed that the value of 𝐿 pixel
is 0, and the value 𝑅 in that row is

𝑅 = {𝑟1, 𝑟2, 𝑟3, . . . , 𝑟𝐿} (4)

and 𝑟1 is the value of 1 pixel.

The number of rows in the 𝑘th column with the value
of pixel of 0 is

𝑟𝐾 = ∑
𝐿
𝑖=1 𝑟𝑖
𝐿 (5)

and others are set to 1.
(5) Coordinate transformation: the purpose of the coor-

dinate transformation is to convert the coordinate of
the curve from the RO’C coordinate system to the tO’I
coordinate system. We assume that the point𝑀 with
coordinate (𝑐𝑚, 𝑟𝑚) in the RO’C coordinate system has
(𝑡𝑚, 𝐼𝑚) in the tO’I coordinate system. Thus

(𝑂𝑀1𝑂𝐵 )
RO’C

= (𝑂𝑀1𝑂𝐵 )
tO’I

(𝑂𝑀2𝑂𝐴 )
RO’C

= (𝑂𝑀2𝑂𝐴 )
tO’I
.

(6)

Point coordinate is

(𝑐𝑚 − 𝑐1𝑐2 − 𝑐1 ) = (
𝑡𝑚 − 𝑡0
𝑡𝑏 − 𝑡0 )

(𝑟2 − 𝑟𝑚𝑟2 − 𝑟1 ) = (
𝐼𝑚 − 𝐼0
𝐼𝑎 − 𝑡0 ) .

(7)

𝑐1, 𝑐2, 𝑟1, and 𝑟2 are the edge line of location for the
target area and 𝑡0, 𝐼0, 𝑡𝑎, 𝐼𝑎, 𝑡𝑏, and 𝐼𝑏 are set by
engineers.

(6) Normalization: the normalization aims to zoom the
data proportionally and place it in a specific interval
in order to make the algorithm universal because the
data comes from disparate systems and manufactur-
ers. It eliminates the influence of different coordi-
nates. For example, the range of t in one image is 0 to
5 and in another it is 0 to 8. The same type of switch
machine made in different factories has different cur-
rent values but the turnout operation current curves
have the same tendency. The original data is trans-
formed linearly and the results are mapped to [0, 1].
The transformation function is as follows:

𝑋 = 𝑋 − 𝑋min
𝑋max − 𝑋min

. (8)

And 𝑋 is a point after normalization. 𝑋 is original
data. 𝑋max is the maximum value. 𝑋min is the mini-
mum value.

The normalization process is shown in Figure 3. All of
reference templates and test samples must be processed.

3. Methodology

3.1. Dynamic Time Warping (DTW). In this study, DTW
was used to calculate the similarities between test samples
and reference templates in order to diagnose the fault types.
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Figure 3: Image normalization process.

DTWwas firstly introduced in the field of speech recognition
to recognize the distortion of similar sounds, and it was a
flexible distance-based curve comparison model which has
been successfully applied to a wide range of time series data
[17]. DTW is based on the idea of Dynamic Programming
(DP), which canmatch different lengths of the time series and
avoid mismatch between the peaks on curves even if the
abscissa of peak is different. In Figure 4, the peak of the top
line is point 𝑎. It is incorrect to simply consider that point
𝑎 would correspond to point 𝑏 in the bottom curve. DTW
can identify point 𝑏 which corresponds to point 𝑎 and then
calculate the distance of two lines. It compares the similarity
of two series by calculating a similarity matrix and searching
for an optimal path with the minimum cumulative distance.

The path is not casually selected.The selected path must start
from the lower left corner and end in the upper right corner,
as shown in Figure 5. It is assumed that the grid points in the
path are (𝑛1, 𝑚1), . . . , (𝑛𝑖, 𝑚𝑗), . . . , (𝑛𝑁, 𝑚𝑀). If the path has
passed the point (𝑛,𝑚), the next passing point can only be
one of the following three cases:

(1) (𝑛,𝑚) = (𝑛 + 1,𝑚).
(2) (𝑛,𝑚) = (𝑛 + 1,𝑚 + 1).
(3) (𝑛,𝑚) = (𝑛,𝑚 + 1).
The path starts from the point (0, 0) to match the two

sequences 𝑇 and 𝑅. All the distances of points calculated
before will be accumulated when it is reaching each point.
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Figure 4: Match the peaks by using DTW.

Figure 5: The selected path.

After reaching the end point (𝑛,𝑚), the optimal path is
formed and the cumulative distance is the last total dis-
tance. The lower the cumulative distance between the time
sequences is, the higher the similarity is [14]. Thus the
minimum cumulative distance of the time sequences 𝑇 and
𝑅 is

𝐷 [(𝑛,𝑚)] = 𝑑 [𝑇 (𝑛) , 𝑅 (𝑚)] +min {𝐷 (𝑛 + 1,𝑚) ,
𝐷 (𝑛 + 1,𝑚 + 1) , 𝐷 (𝑛,𝑚 + 1)} . (9)

DTW algorithm compares the test samples with the
reference templates directly without the need of knowing
plenty of prior knowledge and historical data. It is a kind of
practical method for fault diagnosis because this algorithm
only needs several reference templates to diagnose the fault.

3.2. ConfirmingReference Templates. A total of 5 ZD6 turnout
fault type current curves were selected as the reference
templates, which are shown in Figure 6.

Figure 6(a) presents the fault that the turnout suddenly
stops running after starting. It can be seen that conversion
time is short and locking line disappears. There are several
potential reasons for that: (1) The switch machine action
current is too small. (2) The switch machine has a poor
performance. (3) The self-closing circuit of 1DQJ has faults
that 1DQJ cannot continue after sucking up. The end of
turnout jamming curve in Figure 6(b) is stable at a relatively
high value. The reason for this is that there is foreign matter
between the switch rail and the stock rail or the fault current
of the switch machine is too small. Figure 6(c) shows the
current curve when start-up circuit disconnects. The trend
of this curve is almost straight without parabolic downward
trend and the value of current stays at a high value.This failure
is due to themixed line of stator and rotor. Exceeding locking
current curve (shown in Figure 6(d)) suddenly rises in the
locking section. The reasons for this could be tight turnout
adjustment, dirty slide plate, lack of oil in slide plate, the stock
rail with a lateral move, and so on. Figure 6(e) shows the
fault that automatic actuator is not flexible. This locking line
of fault current curve is longer than normal curve and has a
larger current value. The reason is that the turnout has been
already locked and several shafts of the automatic actuator
action are not flexible due to lack of oil. It causes the following:
the automatic actuator operation becomes abnormal and the
start connections cannot be disconnected.

4. Performance Analysis

In this study, a total of 260 current curves have been tested
to verify the accuracy of proposed analysis method. Each test
sample was compared with the 6 preselected reference tem-
plates including one normal template and 5 fault templates
through DTW algorithm. Smaller distances between the test
sample and reference templates indicate larger similarity.
Shown as an example, the distances for 10 current curves
between test samples and 6 kinds of reference templates are
shown in Table 1. The system fault identification results are
shown in Table 2.

From Table 1, we can find the smallest values in each
row. That means that this curve has great similarity to the
reference template where the smallest numbers are located.
Thus, curves (1) and (9) indicate turnout jamming. Curves
(2) and (6) represent that the turnout suddenly stops running
after starting. Start-up circuit disconnection corresponds to
curves (3) and (10). Exceeding locking current is for curves
(5) and (8). Curves (4) and (7) indicate that automatic
actuator is not flexible. We have verified in real experiments
that all of our fault identification results are correct.

Table 2 shows the diagnosis results for the system. Each
type of faults has 52 curves and the normal curve is 0 for total
of 260 test samples.

Table 3 presents the accuracy of the system diagnosis
result for 5 kinds of faults, and a 100% accuracy rate was
achieved, while, in [15], the classification accuracy of fault
detection decreased along with the increase of noise level. In
this study, image normalization procedure is used to avoid the
impact of noise and other interference on the result, and
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Table 1: The distance between test samples and reference templates.

Curve Normal
Turnout suddenly
stops running after

starting
Turnout jamming Start-up circuit

disconnection
Exceeding locking

current
Automatic actuator is

not flexible

(1) 83.74164 85.27251 0.07067 893.41762 138.01478 103.46032
(2) 73.65857 4.16262 1.79𝑒 + 308 1.79𝑒 + 308 1.79𝑒 + 308 1.79𝑒 + 308
(3) 137.36763 35.84982 482.30596 0.67117 271.46292 1.79𝑒 + 308
(4) 139.69423 110.73194 108.16510 1179.04733 68.79076 0.92959
(5) 157.70522 205.33733 316.96448 978.42134 85.86655 198.50005
(6) 79.33443 5.60595 1.79𝑒 + 308 1.79𝑒 + 308 1.79𝑒 + 308 1.79𝑒 + 308
(7) 124.28016 95.15331 107.97440 1199.03284 62.16355 2.54591
(8) 169.02205 216.35205 324.22023 1001.80220 97.32649 204.93660
(9) 79.1762 81.5792 0.3843 888.6765 134.7714 105.8146
(10) 132.39715 33.21258 464.77556 1.59861 261.00913 1.797𝑒 + 308
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Figure 6: Turnout fault current curves.
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Table 2: The number of different kinds of curves.

Type of curves Normal Turnout suddenly stops
running after starting Turnout jamming Start-up circuit

disconnection
Exceeding locking

current
Automatic actuator is

not flexible
Number of curves 0 52 52 52 52 52

Table 3: Accuracy of fault diagnosis.

Type Turnout suddenly stops
running after starting Turnout jamming Start-up circuit

disconnection
Exceeding locking

current
Automatic actuator is

not flexible
Accuracy 100% 100% 100% 100% 100%

DTW scheme can greatly improve the diagnosis efficiency
and accuracy without using other algorithms, rules, or a pri-
ori knowledge.

5. Discussion and Conclusions

In this study, we have developed an automatic fault diagnostic
method based on DTW scheme for the railway turnouts.
Firstly, all the turnout current curves captured from the
MMS were normalized, and both normal and fault reference
templates were identified.Then, a total of 260 turnout current
curves which have never been trained were compared with
6 reference templates through DTW scheme. By seeking
the minimum cumulative distance between test samples
and reference templates, various fault types were identified.
The analysis results indicated that the turnout faults could
be diagnosed through the proposed method automatically
with 100% accuracy for 5 typical fault current curves. Our
scheme could avoid accidents caused by new-joined or less
experienced technicians’ errors and saves much manpower
and material resources to improve the railway safety.

In a previous study [15], DTW was also used to analyze
a similar problem; however, the analysis results showed that
noises in the curves have significantly impacted the accuracy
of the result, and the accuracy of systemdecreases as the noise
level increases.This further reduces the system reliability and
could even cause accidents because of fault misclassification.
Unlike the previous study, in this study, a curve normalization
procedure was used to eliminate the impacts of noises. In
addition, Atamuradov et al. [15] used some rules to di-
agnose the turnout failure. However, rule-based system lacks
flexibility, since the data fromdifferentMMSsmay have built-
in heterogeneity. In this study, the results indicate that the
developed method can diagnose multiple kinds of turnout
faults even if the values of current curve fluctuate much and
the operation time of turnout is different. Besides, DTWdoes
not require feature vector selection, historical data, or a priori
knowledge, which is beneficial for real-time diagnosis.

Our next work would be investigating other algorithms
(such as cluster algorithm or manifold learning or deep
learning) to recognize the undefined type of turnout fault.
Besides, big data learning issues will also be investigated since
the collected current or voltage curves are extremely large in
data size.
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In-vehicle traffic lights that assist drivers in crossing intersections are in development; however, the availability of the in-vehicle
traffic light will be limited if the waiting time of a vehicle is not considered in actual traffic conditions, especially at priority-
controlled unsignalized intersections that normally consist of one major and two minor roads. The present study therefore
investigated the effects of the waiting time on driver behaviors to improve the in-vehicle traffic light for the priority-controlled
unsignalized intersections. Gap acceptance theory that considers the waiting time was adopted in the implementation of the in-
vehicle traffic light, to assist minor-road drivers in passing through the intersections by selecting appropriate major-road gaps. A
driving simulator experiment involving 12 participants was performed for the minor and major roads, by applying the in-vehicle
traffic light with and without the consideration of waiting time. Results demonstrate that the maximum acceleration strokes of
minor-road vehicles were significantly reduced, indicating a lower possibility of aggressive driving when the in-vehicle traffic light
was applied while considering the waiting time. Meanwhile, an improved steering stability was observed from the driver behaviors
at the intersections, as the maximum lateral acceleration of minor-road vehicles significantly decreased when the waiting time was
considered.

1. Introduction

There are thousands of accidents yearly at priority-controlled
unsignalized intersections, which are one of the most com-
mon types of unsignalized intersections [1]. We previously
proposed an in-vehicle traffic light based on the application
of vehicular communications, displaying virtual traffic light
information inside vehicles to assist drivers in safely crossing
priority-controlled unsignalized intersections [2, 3]. How-
ever, the practicality of the in-vehicle traffic light at priority-
controlled unsignalized intersections will be greatly limited if
the waiting time of vehicles in actual traffic conditions is not
considered. The present study thus aims to improve the in-
vehicle traffic light by including thewaiting time in the imple-
mentation of the system and performs driving simulator

experiments to investigate the effects on driver behaviors
when the in-vehicle traffic light considering waiting time is
included.

A priority-controlled unsignalized intersection normally
consists of a major road without a stop line and two minor
roads that are controlled by stop lines. Vehicles on the major
road are permitted to cross the intersection without stopping.
In contrast, minor-road vehicles have to stop completely at
the stop line first, waiting for an appropriate major-road
gap to enter the intersection. Previous studies pointed out
that one major problem of priority-controlled unsignalized
intersections was that many drivers had difficulty in judging
adequate gaps [4, 5]. Most accidents at priority-controlled
unsignalized intersections were due to driver errors, espe-
cially the failures of minor-road drivers in selecting a proper

Hindawi
Journal of Advanced Transportation
Volume 2017, Article ID 7871561, 12 pages
https://doi.org/10.1155/2017/7871561

https://doi.org/10.1155/2017/7871561


2 Journal of Advanced Transportation

gap on the major road [6].The American Association of State
Highway and Transportation Officials therefore identified
that the use of new technologies that assist drivers in judging
gaps at priority-controlled unsignalized intersections is an
important initiative in addressing intersection accidents [7].

Several methods have been proposed to assist drivers
at priority-controlled unsignalized intersections [8–10].
Researchers from the Minnesota Department of Transporta-
tion developed an infrastructure-based system to helpminor-
road drivers make better decisions at rural unsignalized
intersections, where multiple surveillance sensors were
applied to track vehicles moving along themajor road [11, 12].
Most of the technologies studied require comparatively high
costs of infrastructure investment, including the installation
of sensors at intersections.

V-2-X communication technologies have great potential
for collecting information at priority-controlled unsignalized
intersections, in that they have low deployment costs and
wide operating distances. Given the application of vehicular
communications, a novel concept of providing virtual traffic
light information on the windshield has been presented [13,
14]. Traffic simulations have verified that traffic efficiency
might be improved with virtual traffic lights [15–18].

To apply the concept of the virtual traffic light at priority-
controlled unsignalized intersections, we proposed an in-
vehicle traffic light system in our previous driving simulator
studies according to gap acceptance theory [2, 3]. Gap
acceptance theory was used to decide whether a major-road
gapwas appropriate for the entry of aminor-road vehicle [19].
According to the theory, the smallest major-road gap that
ensures minor-road vehicles can safely cross intersections is
referred to as the critical gap [20].

Previous studies considered the critical gap to be 6.5 s [21].
However, it was reported that thewaiting time at intersections
had a notable effect on the gap acceptance behaviors of drivers
[22]. It was observed that minor-road drivers preferred to
accept smaller gaps to enter intersections earlier if they had
waited for a long time [23]. Other studies indicated that the
longer a driver waited, the more the driver was willing to
accept risks and the higher the likelihood the driver accepted
a shorter gap [24, 25].The critical gap should therefore not be
considered a constant value. In fact, it would first decrease
with waiting time and then converge to a constant value
[26].

It remains unclear how driver behaviors are affected by
the waiting time in the case of the implementation of an
in-vehicle traffic light. The objective of the present study
was therefore to analyze the effects on driver behaviors of
the application of in-vehicle traffic lights considering the
waiting time at priority-controlled unsignalized intersec-
tions.

The present paper firstly proposes the in-vehicle traffic
light with consideration of the waiting time for priority-
controlled unsignalized intersections and then details driving
simulator experiments. Results and findings on driving oper-
ations and eye behaviors are then presented and discussed.
The paper concludes with the implications of the results of
the study.
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Minor
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Major road

N

Range of lights:

Range of lights:

J

K + 1 K
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K − 1

80 m
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Figure 1: Gaps on the major road at a priority-controlled unsignal-
ized intersection.

2. Methodology

To apply the waiting time in the implementation of an
in-vehicle traffic light system, the modelling of priority-
controlled unsignalized intersections, including the defini-
tion of the major-road gap, is firstly performed. An in-
vehicle traffic light system is then proposed according to
gap acceptance theory, in which the critical gap is decided
considering the waiting time.

2.1. Modelling of Priority-Controlled Unsignalized Intersec-
tions. For a priority-controlled unsignalized intersection, as
presented in Figure 1, when aminor-road vehicle𝑁 arrives at
an intersection, the gaps on the major road can be defined as

𝐺𝐾 (𝑡) =
𝑑𝐾 (𝑡)
V𝐾 (𝑡)
,

𝐺𝐽 (𝑡) =
𝑑𝐽 (𝑡)
V𝐽 (𝑡)
,

(1)

where𝑑𝐾(𝑡) and𝑑𝐽(𝑡) are the distances to the intersection and
V𝐾(𝑡) and V𝐽(𝑡) are the velocities ofmajor-road vehicles𝐾 and
𝐽 at time 𝑡, respectively.

The major-road gap 𝐺𝑁(𝑡) for vehicle 𝑁 will then be
determined according to the vehicle’s direction of motion, as
shown in Table 1.

By comparing the major-road gap 𝐺𝑁(𝑡) with the critical
gap 𝐺𝐶, the operation of a priority-controlled unsignalized
intersection for vehicle𝑁 can then be expressed as

𝑃𝑈 (𝑡) + 𝑃𝑉 (𝑡) = 1,

𝑃𝑈 (𝑡) =
{
{
{

1, 𝐺𝑁 (𝑡) < 𝐺𝐶,

0, 𝐺𝑁 (𝑡) ≥ 𝐺𝐶,
𝑃𝑉 (𝑡) =

{
{
{

1, 𝐺𝑁 (𝑡) ≥ 𝐺𝐶,

0, 𝐺𝑁 (𝑡) < 𝐺𝐶,

(2)

where 𝑃𝑈(𝑡) and 𝑃𝑉(𝑡) represent the priority statuses of
major- and minor-road vehicles, respectively. 𝑃𝑈(𝑡) = 1
means that the major-road vehicles have priority in crossing
the intersection while 𝑃𝑉(𝑡) = 1 means that the minor-road
vehicle has priority in crossing.
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Table 1: Major-road gap for minor-road vehicle𝑁.

Direction of vehicle Gap
Forward 𝐺𝑁(𝑡) = min(𝐺𝐾(𝑡), 𝐺𝐽(𝑡))
Left turn 𝐺𝑁(𝑡) = 𝐺𝐽(𝑡)
Right turn 𝐺𝑁(𝑡) = min(𝐺𝐾(𝑡), 𝐺𝐽(𝑡))
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Major road

N
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Figure 2: In-vehicle traffic lights at a priority-controlled unsignal-
ized intersection when major-road gaps are smaller than the critical
gap.

2.2. In-Vehicle Traffic Light considering the Waiting Time. As
explained in the above section, the critical gap 𝐺𝐶 will be
affected by the waiting time of minor-road vehicles at inter-
sections. According to the data from observational studies
including [26], the critical gap is 6.5 s if drivers wait for less
than 10 s, 5.5 s if the waiting time falls within 10 to 20 s, 5.25 s
if the waiting time falls within 20 to 30 s, and 5 s if the waiting
time is longer than 30 s.The relationship between the waiting
time and critical gap at priority-controlled unsignalized
intersections can therefore be expressed as

𝐺𝐶 (𝑇) = 6.5 − 𝐻 (𝑇 − 10) − 0.25 × 𝐻 (𝑇 − 20) − 0.25

× 𝐻 (𝑇 − 30) ,
(3)

where 𝐺𝐶(𝑇) is the critical gap considering the waiting time
and 𝑇 is the waiting time of a minor-road vehicle; the value
of 6.5 s is the critical gap when the waiting time is less than
10 s;𝐻(𝑇 − 10),𝐻(𝑇 − 20), and𝐻(𝑇 − 30) are Heaviside step
functions that represent the scenarios that drivers havewaited
for 10 to 20 s, 20 to 30 s, and longer than 30 s, respectively; and
0.25 is a parameter for adjusting the critical gap according to
the changes in waiting time.

Figure 2 shows that, for aminor-road vehicle𝑁 approach-
ing the priority-controlled unsignalized intersection, the state
of the vehicle will be checked in real time to confirm whether
the vehicle has arrived at the stop line. If the vehicle has
arrived at the stop line, the in-vehicle traffic light system
will start recording its waiting time and checking whether an
oncoming minor-road vehicle exists. If an oncoming vehicle

Table 2: Example of a waiting list for minor-road vehicles.

ID Role Direction Rank
𝑁 Leader Right turn 1st
𝑁 + 1 Follower Forward 2nd

exists, the earlier minor-road vehicle will be selected as the
leader, and a waiting list will be created to manage theminor-
road vehicles waiting at the stop lines.

An example of the waiting list is shown in Table 2,
according to the traffic condition presented in Figure 2.
Minor-road vehicle 𝑁 reaches the intersection earlier than
vehicle𝑁+1 and is therefore selected as the leader. If vehicle
𝑁 wishes to make a right turn and turns on its right blinker
while vehicle 𝑁 + 1 plans to move forward, it is possible for
vehicles 𝑁 and 𝑁 + 1 to collide at the intersection as their
planned paths intersect. Vehicle𝑁 + 1 is thus ranked second
and will not enter the intersection together with vehicle𝑁.

According to the above considerations of the rank and
major-road gap, for minor-road vehicle 𝑁, an in-vehicle
traffic light considering the waiting time 𝐿𝑁(𝑡) can be
designed as

𝐿𝑁 (𝑡) = −𝐻 (80 − 𝑑𝑁 (𝑡)) + 𝑅𝑁 (𝑡) × 𝑃𝑁 (𝑡) ,

𝑅𝑁 (𝑡) =
{
{
{

2, Rank = 1st,

0, Rank ̸= 1st,
𝑃𝑁 (𝑡) =

{
{
{

0, 𝐺𝑁 (𝑡) < 𝐺𝐶 (𝑇) ,

1, 𝐺𝑁 (𝑡) ≥ 𝐺𝐶 (𝑇) ,

(4)

where 𝑅𝑁(𝑡) and 𝑃𝑁(𝑡) are functions for judging the rank
and major-road gap of vehicle 𝑁, respectively; 𝐿𝑁(𝑡) = −1
represents a red light, 𝐿𝑁(𝑡) = 0 means that no light is
displayed, and 𝐿𝑁(𝑡) = 1 represents a green light; and𝐻(80−
𝑑𝑁(𝑡)) is a Heaviside step function and 𝑑𝑁(𝑡) is the distance
from vehicle𝑁 to the intersection.

For a major-road vehicle 𝐾, as shown in Figure 2, the in-
vehicle traffic light considering the waiting time 𝐿𝐾(𝑡) can be
expressed as

𝐿𝐾 (𝑡) = 𝐻 (80 − 𝑑𝐾 (𝑡)) + 𝑃𝐾 (𝑡) ,

𝑃𝐾 (𝑡) =
{
{
{

0, 𝐺𝑁 (𝑡) < 𝐺𝐶 (𝑇) ,

1, 𝐺𝑁 (𝑡) ≥ 𝐺𝐶 (𝑇) ,

(5)

where 𝑃𝐾(𝑡) is the function applied in judging the entry of
the minor-road vehicle for vehicle 𝐾; 𝐿𝐾(𝑡) = 0 means that
no light is displayed, 𝐿𝐾(𝑡) = 1 represents a green light, and
𝐿𝐾(𝑡) = 2 represents a flashing yellow light that warns major-
road drivers to proceed with caution; and𝐻(80 − 𝑑𝐾(𝑡)) is a
Heaviside step function and 𝑑𝐾(𝑡) is the distance from vehicle
𝐾 to the intersection.

An example of the in-vehicle traffic light considering the
waiting time is shown in Figure 2, where major-road gaps are
smaller than the critical gap. For vehicle 𝐾 + 1 that has not
entered the range of the in-vehicle traffic light, or vehicles
𝐾 − 1 and 𝐽 − 1 that have crossed the intersection, no in-
vehicle traffic light will be displayed. For minor-road vehicles
in the range of the in-vehicle traffic light, including vehicle
𝑁, a red light will be displayed, requiring the vehicle to stop
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Figure 3: Driving scenario of the minor-road experiment with the participants in vehicle 𝐴.

at the stop line. Afterwards, the minor-road vehicles need to
wait for a safe major-road gap to enter the intersection. If a
safe gap appears, the light presented to theminor-road vehicle
will turn green. For major-road vehicles that have entered
the range of the in-vehicle traffic light, including vehicle 𝐾,
a green light will be displayed if no minor-road vehicle is
allowed to enter the intersection. If the entry of a minor-road
vehicle is permitted, the in-vehicle traffic light displayed to
major-road vehicles will become a flashing yellow light.

3. Experimental Study

3.1. Participants. Twelve males, ranging in age from 20 to 30
years (average of 24.5 years), participated in the study. All
participants had a valid driving license and reported that their
health did not adversely affect their driving performance.
They had been driving for 4.7 years on average (range of 1 year
to 8 years) and had a mean driving frequency of 1.2 times per
week (range of once to three times per week).

3.2. Apparatus. An advanced driving simulator was used
to produce realistic driving sensations for the participants.
The simulator was composed of a motion platform with six
degrees of freedom and a display system with a 140-degree
forward field of view.

The in-vehicle traffic light system was mainly com-
posed of a laptop computer and an iHUD head-up dis-
play (Springteq Electronics Corporation, New Taipei, Tai-
wan). The laptop computer was connected with the driving
simulator via an Ethernet cable. During the experiments,
the updated traffic information in the driving simulator,
including the positions and velocities of vehicles, was trans-
ferred to the laptop computer in real time. The program
of the in-vehicle traffic light, which was installed on the
laptop computer, used the obtained information to judge the
intersection conditions and to decide which light should be
displayed. Finally, the light was presented to the participants
via the head-up display, which was positioned according to
guidelines for the placement of in-vehicle display systems
[27].

3.3. Experimental Conditions. It was expected that the driv-
ing performances of minor-road drivers would be affected if
their waiting times were considered by the in-vehicle traffic
light system. Meanwhile, the driving safety of major-road
drivers should also be assessed as the minor-road vehicles
were allowed to enter intersections with smaller major-road
gaps when considering the waiting time. Therefore, minor-
road experiments and a major-road experiment were pre-
pared for all participants to evaluate their driving behaviors.

3.3.1. Minor-Road Experiment. In the minor-road experi-
ment, the participants were required to drive vehicle 𝐴 to
complete a right turn at intersection III. As shown in Figure 3,
to analyze the effects of the waiting time, a congested major-
road traffic flow was designed such that the participants
waited for longer than 30 s. The congested major-road traffic
flow comprised 10 vehicles and could be described with three
parameters: (1) the speeds of the vehicles were set to 40 km/h,
(2) the time headways between the vehicles were constant
values between 2 and 4 s, which prevented the possible entry
ofminor-road vehicle𝐴 before the gaps𝐺1,𝐺2, and𝐺3, when
no in-vehicle traffic light was provided, and (3) the traffic flow
rate during the experiment period was 900 vehicles/hour.
Following the congested major-road traffic flow, three major-
road gaps 𝐺1, 𝐺2, and 𝐺3 were provided as chances for the
participants to cross the intersection.

To avoid learning effects, three orders of presentation
of 𝐺1, 𝐺2, and 𝐺3 were prepared as shown in Table 3.
Meanwhile, three assistance conditions were provided for
each participant as presented in Table 4.The orders of𝐺1,𝐺2,
and 𝐺3 and the assistance conditions were combined for the
participants, considering counterbalancing.

3.3.2. Major-Road Experiment. For major-road drivers, the
in-vehicle traffic light was expected to warn them of the
entry of minor-road vehicles at intersections. According to
the relationship between the critical gap and waiting time
as shown in (3), the shortest critical gap for the minor-road
vehicles was 5 s if the waiting time was longer than 30 s.
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Figure 4: Driving scenario of the major-road experiment with the participants in vehicle 𝐵.

Table 3: Orders of major-road gaps.

Gap Order 1 Order 2 Order 3
G1 5.5 s 6.0 s 6.5 s
G2 6.0 s 6.5 s 6.0 s
G3 6.5 s 5.5 s 5.5 s

Table 4: Assistance conditions of the minor-road experiment.

Number Condition
(1) Without in-vehicle traffic light
(2) In-vehicle traffic light without considering waiting time
(3) In-vehicle traffic light considering waiting time

For assessment of the driving safety ofmajor-road drivers,
the driving scenario of the major-road experiment is pre-
sented in Figure 4. Participants were in major-road vehicle
𝐵. Another major-road vehicle 𝐶 was set to keep a constant
gap of 5 s with vehicle 𝐵 until vehicle 𝐶 crossed intersection
III, which was expected to offer a chance to minor-road
vehicle 𝐷 waiting at intersection III to enter. The major-
road vehicles before vehicle 𝐶 ensured that vehicle 𝐷 waited
for longer than 30 s. Similar to the case of the minor-road
experiment, congested major-road traffic flow comprised
10 vehicles including vehicle 𝐶. The speeds of the vehicles
were limited to 40 km/h and the traffic flow rate was 900
vehicles/hour.Meanwhile, constant time headways between 2
and 4 s were maintained. After vehicle 𝐶 crossed intersection
III, minor-road vehicle 𝐷 accepted the gap between vehicles
𝐵 and 𝐶 and entered the intersection. The participants were
required to react and avoid collisions with vehicle𝐷.

The assistance conditions of the major-road experiment
are presented in Table 5. As the gap of 5 s would not be
accepted by the in-vehicle traffic lightwithout considering the
waiting time, the driver behaviors were analyzed under only
two conditions.

3.4. Measured Variables and Evaluation Indexes. Driving
data, including the positions, velocities, and acceleration
of all vehicles, were recorded with the driving simulator.

Table 5: Assistance conditions in the major-road experiment.

Number Condition
(1) Without in-vehicle traffic light
(2) In-vehicle traffic light considering waiting time

Meanwhile, eye-gaze data were measured with a Smart Eye
Pro system (Smart Eye AB, Gothenburg, Sweden).

Four indexes were applied to evaluate driver behaviors
in the minor-road experiment: the maximum acceleration
stroke, blink rate, maximum lateral acceleration, and pos-
tencroachment time.The postencroachment time, maximum
brake stroke, and perception response time were used for the
major-road experiment.

The maximum acceleration stroke represented the max-
imum extent of the acceleration pedal stroke of vehicle 𝐴,
when the participants turned right at intersection III, ranging
from 0 to 1. The data were automatically recorded by the
driving simulator during the experiments.

The blink rate was calculated from the waiting time of
the participants at intersection III and the number of blinks
during that period. The data of blink were recorded with
the Smart Eye system which consisted of three cameras
and two flashes. Before the experiment, adjustments and
precalibrations of the eye-gaze tracking measurement were
performed for every participant. The precalibration mainly
comprised camera calibration, gaze calibration, and nine-
point calibration. For camera calibration, the orientations,
apertures, and focuses of the cameras were adjusted to keep
the faces of the participants clearly positioned in the center
of each image taken by the cameras. All the participants
were then required to look around the three cameras and
their personal profiles for eye-gaze tracking were created
according to the snapshots taken by the cameras. To better
recognize the eye-gaze, the profileswere optimized, especially
for marking the inner and outer corners of the eyes. The
gaze calibration was then performed for the three cameras
to check the accuracy of the gaze calibration. Finally, a
nine-point calibration was conducted to ensure the real-
time detection of the visual point throughout the measuring
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process. Moreover, if a deterioration in the performance of
eye-gaze tracking was observed during the experiment, a
recalibration could be performed to ensure a high-quality
continuous measurement. Based on the accurate eye-gaze
tracking data, all samples that belonged to a blink were
marked with a blink id in the output data by the system.
Meanwhile, the system had a filter that detected blinks
by evaluating the measured eyelid opening samples over a
period of approximately 700ms, which means that blinks
that lasted longer than 700ms were not considered as blinks.
Therefore, the obtained number of blinks had already been
filtered automatically and could be considered reliable for
evaluation.

Maximum lateral acceleration was the extreme value of
lateral acceleration when vehicle 𝐴 turned right at intersec-
tion III. The data of lateral acceleration were automatically
recorded by the driving simulator during the experiments.

The postencroachment time was the elapsed time
between the departure of a leading vehicle and the arrival of
an oncoming vehicle in a conflict area. A shorter elapsed time
between the departure of a leading vehicle and the arrival of
an oncoming vehicle suggests greater risk of collision. The
postencroachment time was chosen as a safety indicator at
intersections for the following reasons that it was reported to
be one of the best measures applying to the angle conflicting
events, and a low value of postencroachment time indicates
an encounter with high severity [28–30].

The postencroachment time 𝑇𝑃 can be calculated as

𝑇𝑃 =
𝑆𝑖 (𝑡)
V𝑖 (𝑡)
, (6)

where 𝑆𝑖(𝑡) and V𝑖(𝑡) are the distance to the conflict area and
the velocity of the oncoming vehicles, respectively.

In the minor-road experiment, minor-road vehicle 𝐴
driven by the participants was the leading vehicle, and the
arrival of the oncoming vehicle was actually controlled by the
driving simulator; therefore, the values of postencroachment
time were determined objectively and deemed suitable for
describing the urgency of the situation. In the major-road
experiment, major-road vehicle 𝐵 driven by the participants
acted as the oncoming vehicle. It was possible that the
participants might choose to brake severely for a larger
postencroachment time to satisfy their subjective safety
margin. Therefore, the maximum brake stroke variable was
applied for evaluating the driving safety together with the
postencroachment time.

Maximum brake stroke represented the maximum extent
of brake pedal stroke of the vehicle 𝐵, ranging from 0 to 1. It
was automatically recorded by the driving simulator during
the experiments.

The perception response time was defined as the total
time, in seconds, elapsed from the entry of minor-road
vehicle 𝐷 to the depression of the brake pedal of major-road
vehicle 𝐵, as shown in Figure 4.

3.5. Subjective Evaluations. Feelings of frustration and task
difficulty were evaluated in the minor-road experiment. The
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Figure 5: Results of the maximum acceleration stroke in the minor-
road experiment. ∗∗ indicates a significant difference at 𝑝 < 0.01 in
statistical analysis.

feeling of safety was assessed in the major-road experi-
ment. Evaluation scores were collected using a five-point-
scale measurement questionnaire at the conclusion of each
experimental session.

3.6. Data Analysis. Statistical analysis was conducted to
determine whether the consideration of waiting time signifi-
cantly affected the driver behaviors and subjective evaluations
for the 12 participants. The significance level was set at 0.05.

A one-way repeated measures ANOVA was conducted
for the driver behaviors including the maximum acceleration
stroke, blink rate, maximum lateral acceleration, posten-
croachment time, and perception response time.

A Wilcoxon signed-rank test was performed for the
subjective evaluations.

4. Results

4.1. Driver Behaviors

4.1.1. MaximumAcceleration Stroke. Themaximum accelera-
tion stroke was used in theminor-road experiment to analyze
the acceleration behaviors of the participants at intersection
III. A higher maximum acceleration stroke indicates a higher
possibility of aggressive driving.

Figure 5 shows that there was no significant difference
in the maximum acceleration stroke between the conditions
of there being no in-vehicle traffic light and there being an
in-vehicle traffic light without considering the waiting time,
although a decreasing trend was observed. The result for
the in-vehicle traffic light considering the waiting time was
significantly different from the result without an in-vehicle
traffic light (𝑝 = 0.001 < 0.05).

4.1.2. Blink Rate. Theblink rate was used to analyze the driver
condition in the minor-road experiment. A higher blink rate
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Figure 6: Results of the blink rate in the minor-road experiment. ∗
indicates a significant difference at 𝑝 < 0.05 in statistical analysis.

might be considered the result of frustration. Figure 6 shows
that when the in-vehicle traffic light considering the waiting
time was applied, the blink rate was significantly lower
than that for the in-vehicle traffic light without considering
the waiting time (𝑝 = 0.033 < 0.05). Meanwhile, a
significant difference in the blink rate was observed between
the conditions of no in-vehicle traffic light and the provision
of the in-vehicle traffic light while considering the waiting
time (𝑝 = 0.044 < 0.05). There was no significant difference
between the provision of no in-vehicle traffic light and that
of the in-vehicle traffic light without considering the waiting
time.

4.1.3. Maximum Lateral Acceleration. The maximum lateral
acceleration was used to evaluate the steering stability in the
minor-road experiment. A lower value of maximum lateral
acceleration indicates better steering performance. Figure 7
shows that the maximum lateral acceleration of the minor-
road vehicle was significantly lower when using the in-vehicle
traffic light while considering the waiting time than when
using the in-vehicle traffic light without considering the
waiting time (𝑝 = 0.049 < 0.05). A significant difference was
also observed between the conditions of no in-vehicle traffic
light and the provision of the in-vehicle traffic light without
considering the waiting time (𝑝 = 0.043 < 0.05).

4.1.4. Postencroachment Time. The postencroachment time
was calculated to evaluate the driving safety in both the
minor-road and major-road experiments. The results of the
minor-road experiment are presented in Figure 8(a). The
application of the in-vehicle traffic light while considering the
waiting time significantly increased the postencroachment
time, comparedwith the case of no in-vehicle traffic light (𝑝 =
0.01 < 0.05). Meanwhile, there was no significant difference
in the postencroachment time between the provisions of the
in-vehicle traffic light with and without the consideration
of waiting time. The results of the major-road experiment
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Figure 7: Results of maximum lateral acceleration in the minor-
road experiment. ∗∗ and ∗ indicate a significant difference at 𝑝 <
0.01 and 𝑝 < 0.05 in statistical analysis, respectively.

are shown in Figure 8(b). When the in-vehicle traffic light
with consideration of the waiting time was adopted, the
postencroachment time significantly improved to have a
mean value of 5.5 s, compared with the case of no in-vehicle
traffic light (𝑝 = 0.037 < 0.05).

A longer postencroachment time indicates a lower pos-
sibility of collision at intersections. It therefore suggests that
the driving safety in the minor-road experiment might not
be significantly affected by consideration of the waiting time.
The results of the major-road experiment imply that the
driving safety of major-road drivers could be ensured when
the shortest critical gap of 5 s was accepted by minor-road
vehicles with the application of the in-vehicle traffic light
considering the waiting time.

4.1.5. Maximum Brake Stroke. The maximum brake stroke
was used to analyze the braking behaviors in the major-road
experiment. Figure 9 shows that, for the maximum brake
stroke in the major-road experiment, there was a significant
effect of providing the in-vehicle traffic light (𝑝 = 0.047 <
0.05), which indicates that the maximum brake stroke could
be significantly reduced by the usage of in-vehicle traffic light.

4.1.6. Perception Response Time. The perception response
time was applied to evaluate the driver reactions to the entry
of minor-road vehicles in the major-road experiment. A
shorter perception response time indicates a faster reaction
to the entry of minor-road vehicles. Figure 10 shows that the
perception response time significantly reduced when the in-
vehicle traffic light considering the waiting time was used
(𝑝 = 0.002 < 0.05).

4.2. Subjective Evaluations

4.2.1. Evaluation of Frustration. Frustration was evaluated to
analyze the driver condition in the minor-road experiment.
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Figure 8: Results of the postencroachment time: (a) minor-road experiment; (b) major-road experiment. ∗ ∗ ∗ and ∗ indicate a significant
difference at 𝑝 < 0.001 and 𝑝 < 0.05 in statistical analysis, respectively.
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Figure 9: Results of the maximum brake stroke in the major-road
experiment. ∗ indicates a significant difference at 𝑝 < 0.05 in
statistical analysis.

Figure 11 shows that the participants felt significantly more
frustrated when there was no in-vehicle traffic light than
when the in-vehicle traffic light without considering the
waiting time was applied (𝑝 = 0.002 < 0.05). Moreover, the
feeling of frustration was significantly less for the provision
of the in-vehicle traffic light considering the waiting time
than for the provision of the in-vehicle traffic light without
considering the waiting time (𝑝 < 0.001).

4.2.2. Evaluation of Task Difficulty. The difficulties of com-
pleting the same driving task under different assistance
conditions were evaluated in the minor-road experiment.
Figure 12 shows that although the participants were required
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Figure 10: Results of the perception response time in the major-
road experiment. ∗∗ indicates a significant difference at 𝑝 < 0.01
in statistical analysis.

to turn right at the same intersection, they felt that it was
significantly more difficult to complete the driving task
without the in-vehicle traffic light than under the other two
conditions (𝑝 < 0.001). No significant difference in task
difficulty evaluation was observed between the cases of in-
vehicle traffic lights with and without the consideration of
waiting time.

4.2.3. Evaluation of Safety. Figure 13 presents the results
of the driving safety evaluation of major-road drivers in
the major-road experiment. A significant difference was
observed between the conditions of no in-vehicle traffic light
and the provision of the in-vehicle traffic light considering
the waiting time (𝑝 < 0.001), indicating that the participants
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Figure 11: Scores of frustration evaluation in the minor-road
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high, and 5 = very high. ∗∗∗ and ∗∗ indicate a significant difference
at 𝑝 < 0.001 and 𝑝 < 0.01 in statistical analysis, respectively.

∗∗∗
∗∗∗

Without
in-vehicle traffic

light

In-vehicle traffic
light without
considering
waiting time

In-vehicle traffic
light considering

waiting time

Experimental condition

1

2

3

4

5

Sc
or

e o
f t

as
k 

di
ffi

cu
lty

Figure 12: Scores of task difficulty evaluation in the minor-road
experiment, ranging from 1 to 5: 1 = very low, 2 = low, 3 = average, 4
= high, and 5 = very high. ∗ ∗ ∗ indicates a significant difference at
𝑝 < 0.001 in statistical analysis.

felt safer when assisted by the in-vehicle traffic light with
consideration of the waiting time.

5. Discussions

It was expected that the driving experiences of minor-road
vehicles would be improved through the consideration of
waiting time in the implementation of an in-vehicle traffic
light, without detriment to the driving safety of major-road
vehicles. The experimental results were thus carefully ana-
lyzed, and several interesting results were found to deserve
further discussion.

Figure 5 showed that the application of the in-vehicle
traffic light considering thewaiting time significantly reduced
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Figure 13: Scores of safety evaluation in themajor-road experiment,
ranging from 1 to 5: 1 = very low, 2 = low, 3 = average, 4 = high, and
5 = very high. ∗ ∗ ∗ indicates a significant difference at 𝑝 < 0.001 in
statistical analysis.

the maximum acceleration stroke of minor-road vehicles. It
was revealed that the consideration of waiting time might
be effective in preventing the aggressive driving of minor-
road vehicles. Previous studies pointed out that acceleration-
related indexes, including maximum acceleration, are suit-
able for evaluating aggressive or emotional driving [31, 32].
As for the cause of aggressive driving, it was reported that
aggressive driving was more likely to occur in situations of
dense traffic [33]. In the minor-road experiment, the con-
tinuous major-road traffic flow was considered challenging
for the minor-road drivers, which might result in aggressive
driving. Meanwhile, it has been demonstrated that challeng-
ing or unexpected traffic situations can induce frustration
and other negative emotional states [34]. According to the
frustration–aggression hypothesis, the frustration of drivers
might also lead to risky and aggressive driving behaviors,
including strong acceleration [35, 36].

Frustration was evaluated in the blink rate analysis and
subjective evaluations. It was reported that the blink rate was
highly related to the dopaminergic systems and the mental
states including frustrationmight be effectively analyzedwith
the blink rate [37, 38]. The blink rate was, therefore, analyzed
according to the hypothesis that the feeling of frustration
can be detected by monitoring the blink rate [39]. Normally,
the average blink rate is around 14 blinks per minute [40].
During the minor-road experiment, the measured blink rates
ranged from 12 to 22 blinks per minute and are therefore
considered reliable for evaluation.Moreover, previous studies
suggested that the blink rate might increase with the level
of frustration [41, 42]. According to the subjective evalua-
tion of frustration, as shown in Figure 11, drivers felt less
frustrated when provided with the in-vehicle traffic light
with consideration of the waiting time than when provided
with the in-vehicle traffic light without consideration of the
waiting time, which coincided with the blink rate analysis.
However, no significant difference in the blink rate was
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observed between the conditions of no provision of the in-
vehicle traffic light and the provision of the in-vehicle traffic
light without considering the waiting time, although the
participants reported more frustration without the in-vehicle
traffic light in their subjective evaluation. This is considered
due to the task difficulty. As presented in Figure 12, the
participants reported that it was more difficult to complete
the driving task without the in-vehicle traffic light, and it has
been suggested that the blink rate tends to decrease if the task
difficulty increases [43].

Themaximum lateral acceleration was significantly lower
when the in-vehicle traffic light was provided while con-
sidering the waiting time than when the in-vehicle traffic
light was provided without considering the waiting time
as shown in Figure 7. The result suggests that the steering
stability of minor-road vehicles is improved by considering
the waiting time when using the in-vehicle traffic light. It
has been suggested that lower maximum lateral acceleration
corresponds to less deviation from the idealized curved path
during a turn at an intersection [44].

The major-road experiment was performed to evaluate
the driving safety of major-road drivers. A critical part
of driving safely is the ability to detect and respond to
emergency traffic hazards. The entry of minor-road vehicles
in the major-road experiment was considered an emergency
hazard, and the perception response time was therefore used
to analyze the detection and response ability of major-road
drivers. As shown in Figure 10, when there was no in-vehicle
traffic light, the perception response time ranged from 1.01 to
1.15 s.When the in-vehicle traffic light considering thewaiting
time was applied, the perception response time decreased
and ranged from 0.84 to 0.96 s. It has been reported that the
mean value of the perception response time is around 1 s [45].
Meanwhile, in analyzing the duration of a driver’s perception
response to intruding vehicles at intersections, another study
found that themean time from the start ofmotion until brake
pedal applicationwas 1.14 s, whichwas in accordance with the
results when no in-vehicle traffic light was applied [46, 47]. It
is noted that, with the provision of the in-vehicle traffic light,
the major-road drivers had an advantage in detecting the
entry of minor-road vehicles, as they would be immediately
warned once other vehicles started entering intersections.
Moreover, as presented in Figure 9, the maximum brake
stroke significantly decreased with the provision of in-vehicle
traffic light. It has been demonstrated that vehicle perfor-
mance might deteriorate with an increase in the brake stroke
[48].The analysis of driving operations revealed that a longer
postencroachment time could be achieved with a smaller
maximum brake stroke by applying the in-vehicle traffic
light, which suggested that the safety of major-road drivers
might be ensured. Furthermore, as shown in Figure 13, the
subjective evaluation of driving safety was also in accordance
with the results obtained based on the driving operations.

As a limitation of the study, the practical application of the
proposed in-vehicle traffic light is still needed to be studied
with a large random sample, which can truly represent
the driver population in reality. Actually, to represent the
true driver population, a variety of factors should be taken
into consideration, including gender, age, driving experience,

education background, and personal characteristics [49–51].
Meanwhile, the practical application of the in-vehicle traffic
light requires the deployment of vehicular communication
devices for all the vehicles, and it is a difficult task to provide
the same driving conditions for every participant in an
actual vehicle experiment. Therefore, this study was mainly
executed with a driving simulator to analyze the influences of
waiting time on driver behaviors, while using the in-vehicle
traffic light at priority-controlled intersections. On the other
hand, considering the limited experimental conditions in this
study, the acceptable sample of participants was determined
to satisfy the requirement of sufficient statistical power [52].
Statistical power is the likelihood of finding statistically
significant differences given that statistically significant dif-
ferences actually do exist [53]. It depends on three factors:
alpha level, effect size, and sample size. In this study, the alpha
level and sample size were set as 0.05 and 12, respectively.
Therefore, the statistical power could be estimated based on
the effect size, which was related to the mean values and
standard deviations. Based on the calculated results of SPSS
and a widely accepted calculation method [54], the statistical
power of this study was around 0.8, which was acceptable for
consideration in general studies [55, 56].

6. Conclusion

Given the application of vehicular communications, the
present study proposed an in-vehicle traffic light system with
the consideration of waiting time to assist drivers in crossing
priority-controlled unsignalized intersections. Moreover, to
evaluate the effects of the waiting time on driver behaviors,
two driving simulator experiments were performed with 12
participants for minor-road and major-road cases.

In the minor-road case, the application of an in-vehicle
traffic light considering thewaiting time significantly reduced
the maximum acceleration stroke and blink rate, indicating
that the aggressive driving of minor-road vehicles might
be successfully avoided with such application. Meanwhile,
a significant decrease was observed in the maximum lateral
acceleration with the consideration of waiting time, showing
that better steering stability might be achieved.

In the major-road case, it was observed that the posten-
croachment time significantly increased and the perception
response time significantly decreased when applying the in-
vehicle traffic light while considering the waiting time. The
results indicate that the in-vehicle traffic light might enhance
the drivers’ ability to detect the entry of other vehicles, which
would contribute to safe driving. According to the results of
postencroachment time, it is believed that the driving safety
of major-road drivers can be ensured when the in-vehicle
traffic light is applied while considering the waiting time.

The present study may contribute to the development of
driver assistance systems at priority-controlled unsignalized
intersections and provide useful references for further appli-
cations of V-2-X communications in intelligent transporta-
tion systems.The proposed system will be implemented with
a real vehicle in future work.
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Adverse road condition is themain cause of traffic accidents. Road surface condition recognition based on video image has become a
central issue. However, hybrid road surface and road surface under different lighting environments are two crucial problems. In this
paper, the road surface states are categorized into 5 types including dry, wet, snow, ice, and water. Then, according to the original
image size, images are segmented; 9-dimensional color eigenvectors and 4 texture eigenvectors are extracted to construct road
surface state characteristics database. Next, a recognition method of road surface state based on SVM (Support Vector Machine) is
proposed. In order to improve the recognition accuracy and the universality, a grid searching algorithm and PSO (Particle Swarm
Optimization) algorithm are used to optimize the kernel function factor and penalty factor of SVM. Finally, a large number of actual
road surface images in different environments are tested.The results show that the method based on SVM and image segmentation
is feasible. The accuracy of PSO algorithm is more than 90%, which effectively solves the problem of road surface state recognition
under the condition of hybrid or different video scenes.

1. Introduction

According to statistics, 16.12% of traffic accidents on the
highway are ascribed to slippery road conditions [1] since
2007 in China. By analysis of accidents’ characteristics, it can
be concluded that the traffic accident rate increases under
the water, snow, ice, and freezing road surface conditions
and that road surface conditions greatly affect the highway
traffic safety and transport efficiency.Therefore, it is urgent to
carry out research on the road surface state recognition and
provide reference and theoretical basis for traffic control and
meteorological management to ensure traffic safety [2].

In the field of traffic meteorology, the road surface state
can be categorized in dry, wet, water, snow, and ice types
according to different forms of liquid on road surface. At
present, the road surface detection sensor is the main
entrance to obtain the information of road surface slippery
conditions. Cai et al. [3] used underground embedded road
surface condition detector to realize the recognition. Gailius
and Jacenas [4] collected the frictional noise between the tire

and the road surface and obtained the road surface charac-
teristics based on the noise spectrum analysis method. Qi et
al. [5] extracted road surface characteristics and anti-hold-
process parameters, according to the principle of maximum
proximity to identify the state of the road surface. Alonso
et al. [6] proposed a real-time acoustics road surface state
recognition system based on tire-road noise and used the
noise measurement system and the signal processing algo-
rithm for road surface state classification, and finally, precise
classification of dry and wet road state was realized. Wang
et al. [7] proposed D-S evidence theory and artificial neural
networkmethod for recognition and prediction of traffic state
level under adverse weather conditions. However, the road
surface sensor can only obtain the information of the section
and the maintenance is extremely inconvenient; hence the
actual effect is not ideal.

With the widespread application of road surveillance
cameras, more and more scholars pay attention to the image
processing technology of road surface slippery condition
recognition. Andreas and Wilco [8] extracted the gray scale
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feature of road surface image and designed the neural
network classifier for road surface state recognition. Anis et
al. [9] analyzed the set and spectrumof road surface reflection
image and described the correlation between the surface
texture and the friction coefficient, by which the reflection
image of designated location can bemonitored and identified.
Chen [10] extracted low-order statistical features of road
surface images including gray level cooccurrence matrix
texture feature parameters and used linear discriminant
function to determine the road surface state. Ueda et al. [11]
and Yoda et al. [12] measured and analyzed the road sur-
face roughness, the proportion of low-frequency reflection
signal components and high-frequency components, and the
average reflection intensity to determine the state of the road
surface based on CCD camera technology. Yamamoto et
al. [13] applied the human-computer interaction method to
extract the gray scale value and temperature characteristics
parameters of the road surface for the road surface state
prediction, and measurement accuracy was tested to be
more than 80%. Muneo et al. [14] used vehicle camera to
collect traffic information; the parameters of road surface
image polarization characteristics were utilized to establish
the road slippery condition evaluation model. Becchi et al.
[15] obtained the water condition video of the road surface;
the rain density judge values and image analysis results were
combined to evaluate the depth of water film on the road
surface, by which the road condition evolution pattern can be
forecasted. Fukui et al. [16] analyzed the slippery condition of
the road by calculating the brightness and spatial spectrum
of road surface images. Li et al. [17] extracted RGB, HIS,
and YUV of road surface images and established the road
surface state recognitionmodel based on improved BP neural
network. The recognition accuracy rate of this model could
reach more than 85%. However, it was still on the theoretical
research stage with the small size of training sample. Liu and
Huang [18] collected wet road images and then designed a
SVM classifier of road slippery state classification. Among
them, the misjudgment rate of the dry state is slightly high,
while the recognition accuracy of snow state is slightly high.
Besides, the identification of hybrid road surface statewas still
to be studied. Wan et al. [19] used the RBF neural network
model to discriminate the slippery conditions of different
roads, and the recognition accuracywas 78.4%.Among them,
the recognition accuracy of dry and silt state is low, and the
recognition accuracy of snow and ice state is high.

Image feature extraction is a key step in image recog-
nition. Zhang et al. [20] extracted the eigenvector of RGB
color moment and the Munsell color moment from the
images. The results show that the color moment feature can
describe the color characteristic of the image well. Shinde
et al. [21] extracted a variety of color features of images
to form a preprocessing database of color eigenvector and
then used machine learning to perform image classification
experiments. The experimental results show that the classi-
fication accuracy can be achieved based on multiple color
feature databases. Bhave et al. [22] extracted the color feature
by calculating the average value of each color component
and then used gray level cooccurrence matrix to extract
texture eigenvectors. Based on the feature values above, image

state can be classified. Haralick et al. [23] proposed some
easy-to-calculate texture eigenvectors based on the gray level
cooccurrence matrix. The texture feature is used to identify
the aerial images. Experimental results show that the texture
feature is the applicability of image classification. Mohanaiah
et al. [24] extracted the four image texture eigenvectors
based on the gray level cooccurrence matrix, including the
second moment, correlation, inverse moment, and entropy.
The recognition experiments show that calculation time can
be saved and the recognition accuracy is high via these texture
features.

Reviewing the above literatures, it is found that the exist-
ing problems and development trends of image recognition
technology are as follows:

(1) Image recognition technology is the main technology
of road surface recognition.However, due to the com-
plexity of the road scene and the weak adaptability
of the vision system to the illumination change, the
road condition detection method based on machine
vision has the problem of weak adaptability, the
poor robustness of illumination, and low recognition
accuracy at present.

(2) The identification of the hybrid road surface state is
one of the main problems in this study.

(3) Using SVM, neural network, and other machine
learning methods to identify the road surface state is
the development trend.

(4) Extracting appropriate multidimensional color and
texture eigenvectors can help to improve the accuracy
of road surface state recognition.

Therefore, this paper presents a new method based on
SVM classifier and image segmentation processing to solve
the problem of the small size of the sample and nonlinear
and high-dimension pattern recognition. First of all, the
comprehensive sample database of road surface state is
established by collecting road surface images in different
scenes through a variety of ways. Then, 13-dimensional color
and texture eigenvectors are extracted to build the training
database of road surface state. Next, the optimal parameters
of the SVM classifier are trained by the grid searching
optimization algorithm and the PSO algorithm, respectively.
Thus two kinds of road surface state classification models
are built and the performances of the two optimization
classification models are compared. For the hybrid road
surface state recognition, the road surface state image is
segmented into blocks and the overall state of road surface
state is presented. Finally, the algorithm proposed is tested
and the ideal recognition results are obtained based on the
large-scale samples.

2. Eigenvectors Extraction of
Road Surface State from Images

The road surface image information mainly includes color,
texture, shape, and other characteristics. In this paper, rep-
resentatively typical road surface state image samples are
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selected and color and texture eigenvectors are extracted, and
the road surface state image feature database can be formed
by researching color and the texture characteristics of road
state.

2.1. Extraction of Color Eigenvectors. Color eigenvectors of
road surface image are usually stable and not sensitive to size
or direction. Among them, the color moment feature has the
characteristics of translation invariance, rotation invariance,
and scale invariance, which can ensure the integrity of image
color information [20, 21, 25].Therefore, this paper adopts the
third-order color momentmethod to extract the road surface
image color feature. The definitions are as follows:

𝜇𝑖 = 1
𝑁
𝑁∑
𝑗=1

𝑝𝑖,𝑗,

𝜎𝑖 = {{{
1
𝑁
𝑁∑
𝑗=1

(𝑝𝑖,𝑗 − 𝜇𝑖)2}}}

1/2

,

𝑠𝑖 = {{{
1
𝑁
𝑁∑
𝑗=1

(𝑝𝑖,𝑗 − 𝜇𝑖)3}}}

1/3

,

(1)

where 𝑖 is the color channel and 𝑗 is the gray value of image.𝜇𝑖 is the first-order color moment of image 𝑖. 𝜎𝑖 is the second-
order color moment. 𝑠𝑖 is the third-order color moment. 𝑝 is
the probability of the pixels with gray scale 𝑗 occurrences in
the 𝑖th color channel of image.𝑁 is the total number of pixels
in the image. Equation (2) is a 9-dimensional color moment
vector, indicating the color feature of images, based on the
HSV (hue, saturation, and brightness) color model:

𝐹color = [𝜇𝐻, 𝜎𝐻, 𝑠𝐻, 𝜇𝑆, 𝜎𝑆, 𝑠𝑆, 𝜇𝑉, 𝜎𝑉, 𝑠𝑉] . (2)

2.2. Extraction of Texture Eigenvectors. Gray level cooccur-
rence matrix can better represent the texture information
[23, 26, 27]. In this paper, we choose the gray level cooccur-
rence matrix method to extract four commonly used texture
features of road surface images.

(1) Energy

ASM = ∑
𝑖

∑
𝑗

𝑞 (𝑖, 𝑗 | 𝑑, 𝜃)2 . (3)

Energy reflects the texture thickness of image. When the
texture is coarse relatively, ASM is larger; on the contrary,
ASM is smaller, where 𝑖, 𝑗 are gray scale values of pixels. 𝑑
is the spatial relationship between the two pixels. 𝜃 is the
generated direction of the gray level cooccurrence matrix. 𝑞
is the number of occurrences of 𝑖 and 𝑗 pixels with the spatial
relationship 𝑑.
(2) Entropy

ENT = −∑
𝑖

∑
𝑗

𝑞 (𝑖, 𝑗 | 𝑑, 𝜃) log2𝑞 (𝑖, 𝑗 | 𝑑, 𝜃) . (4)

Entropy reflects the amount of the image information.
When the image hasmore textures, the entropy value is larger.
If the image contains fewer textures, the entropy value is
smaller. If the image has no textures, the entropy value is close
to zero.

(3) Contrast

CON = ∑
𝑖

∑
𝑗

(𝑖 − 𝑗)2 𝑞 (𝑖, 𝑗 | 𝑑, 𝜃) . (5)

The contrast reflects the clarity of the image texture.
In images, the deeper the texture groove, the greater the
contrast, and the clearer the image texture visual effect.

(4) Correlation

COR = ∑
𝑖

∑
𝑗

(𝑖𝑗) 𝑞 (𝑖, 𝑗) − 𝜆1𝜆2𝜀1𝜀2 , (6)

where 𝜆1 = ∑𝑖∑𝑗 𝑖 ⋅ 𝑞(𝑖, 𝑗), 𝜆2 = ∑𝑖∑𝑗 𝑗 ⋅ 𝑞(𝑖, 𝑗), 𝜀12 =∑𝑖∑𝑖 𝑞(𝑖, 𝑗)(𝑖 − 𝜆1)2, and 𝜀22 = ∑𝑖∑𝑖 𝑞(𝑖, 𝑗)(𝑖 − 𝜆2)2.
Correlation value reflects the correlation of local gray

scale in images. When the values of the matrix elements are
evenly equal, the correlation value is large. On the contrary,
when the values of the matrix elements are very different, the
correlation value is small.

Based on the research above, a set of 13-dimensional road
surface state eigenvectors is determined as

feature = [𝜇𝐻, 𝜎𝐻, 𝑠𝐻, 𝜇𝑆, 𝜎𝑆, 𝑠𝑆, 𝜇𝑉, 𝜎𝑉, 𝑠𝑉,ASM,ENT,
CON,COR] . (7)

3. Database Construction of
Road Surface State Feature

3.1. Image Samples Collection of Road Surface State. As shown
in Figure 1, we set up a road surface image acquisition exper-
imental system including the road surface image acquisition
camera, the hard disk video recorder, and the computer. This
system can cover the entire road and achieve all-weather road
image acquisition.

The basis of road surface state recognition is to establish
the road surface state feature database, which needs to collect
a large number of road surface state image samples through
various ways. Because of the simplicity of the road surface
images collected by the experimental system, we also use the
highway video surveillance resources, network resources, and
other video resources to collect road images to expand the
sample database.

3.2. Image Samples Database Construction of Road Surface
State. The road surface state is divided into five types includ-
ing dry, wet, water, ice, and snow. According to the influence
of original images to samples database under the condition of
different images size and lighting scenes, the original image
segmentation principle is proposed as shown in Table 1.
According to Table 1, original images are divided into blocks,
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Figure 1: Road surface images acquisition system.

Table 1: Image segmentation principle.

Size of images (px) Size of blocks (px)
100000 ≤ image < 1000000 80 × 80
1000000 ≤ image < 2000000 100 × 100
2000000 ≤ image < 3000000 200 × 200
3000000 ≤ image < 5000000 300 × 300
5000000 ≤ image < 8500000 500 × 500

and then the single state blocks are selected to construct the
road surface state samples, which effectively guarantee the
quality and purity of the road surface image database.

In this paper, 500 dry images, 500 wet images, 500 water
images, 500 snow images, and 500 ice images totaling 2500
images were collected to construct the sample database. Some
of the image samples are shown in Figure 2.

3.3. Database Construction of Road Surface State Feature.
Based on the road surface state image sample database, 500
samples were collected for each state, and the color and
texture eigenvectors were extracted to build the road surface
state feature database. Figures 3–6 show part of the color and
texture feature curves of 200 samples for each state.

As shown in Figure 3, the range of 𝑉 first-order moment
of dry samples is [0.31, 0.93], the range of 𝑉 first-order
moment of the wet samples is [0.48, 0.73], the range of𝑉 first-
order moment of water samples is [0.47, 0.88], the range of𝑉
first-order moment of snow samples is [0.71, 0.94], and the
range of 𝑉 first-order moment of ice samples is [0.41, 0.93].
It can be seen that there is a large difference in first-order
moment values between dry samples and snow samples,
while the first-order moment curves of the wet, water, and
ice samples show characteristics of overlapping.

As shown in Figure 4, the range of 𝑉 second-order
moment of dry samples is [0.03, 0.21], the range of𝑉 second-
order moment of wet samples is [0.04, 0.20], the range of 𝑉
second-order moment of water samples is [0.01, 0.25], the

range of 𝑉 second-order moment of snow samples is [0.01,
0.07], and the range of secondmoment of ice samples is [0.04,
0.16]. It can be seen that the𝑉 secondmoment values of snow
samples are small, and there is a big difference with the other
four samples.The𝑉 secondmoment curves of dry, wet, water,
and ice samples are hard to distinguish because of obvious
overlapping.

As shown in Figure 5, the range of energy values of the
dry samples is [1.52, 4.74], the range of energy values of the
wet samples is [1.71, 4.92], the range of energy values of the
water samples is [0.18, 2.48], the range of energy values of the
snow samples is [0.01, 2.13], and the range of energy values of
ice samples is [1.86, 4.94]. It can be seen that the energy value
curves of water and snow samples are overlapped, while the
curves of energy values for dry, wet, and ice samples show
characteristics of overlap.

As shown in Figure 6, the range of entropy of dry samples
is [0.01, 0.35], the entropy of wet samples is [0.01, 0.36], the
range of entropy of water samples is [0.04, 0.98], the range
of entropy of snow samples is [0.14, 0.99], and the range of
entropy of the ice samples is [0.03, 0.25]. It can be seen that
the entropy curves of wet and ice samples are overlapped,
and the entropy curves of dry, water, and snow samples are
overlapped.

It can be concluded that the single feature curves of the
five states have an overlapping area, but there are obvious
differences in the feature vectors between at least two kinds
of states. The 13-dimensional feature mentioned in this paper
can help to accurately identify the road surface state.

4. Design of SVM Classification Optimization

4.1. Design of Classifier Based on SVM. The principle of SVM
[28, 29] is to find the optimal hyperplane, which ensures the
accuracy of the hyperplane classification, while the distance
on both sides of the hyperplane can be maximized. A
nonlinear multiclass SVM classifier is designed for the recog-
nition of hybrid road surface states. The nonlinear-to-linear
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Figure 2: Road surface image sample library.
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Figure 3: Color eigenvector: 𝑉 first-order moment.

transformation depends on the nonlinear transformation
from the kernel function to input space. Classifier design
algorithm is as follows.

Linear SVM classification function is as follows:

𝑓 (𝑥) = sgn {(𝑤∗ ⋅ 𝑥) + 𝑏∗}
= sgn{( 𝑡∑

𝛼=1

𝑎𝛼𝑦𝛼 (𝑥𝛼 ⋅ 𝑥𝜏)) + 𝑏∗}
𝜏 = 1, 2, . . . , 𝑙,

(8)

where 𝑥 is the input vector. 𝑦 is the vector type. 𝑙 is the
number of input vectors. 𝑤∗ is the optimal weight vector. 𝑏∗
is the optimal bias. 𝑎 > 0 is the multiplier for the Lagrangian
function. 𝑥𝛼 is the support vector. 𝑡 is the number of support
vectors.

For the nonlinear classification function, the existence of
misclassified samples is allowed by introducing nonnegative
slack variable 𝜉𝜏 (𝜏 = 1, 2, . . . , 𝑙), and the classification
hyperplane is

𝑦𝜏 [(𝑤 ⋅ 𝑥𝜏) + 𝑏] + 𝜉𝜏 ≥ 1, 𝜏 = 1, 2, . . . , 𝑙. (9)
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In this case, the reciprocal of the maximum classification
interval is minΦ(𝑤) = (1/2)‖𝑤‖2 + 𝐶(∑𝑙𝑖=1 𝜉𝜏), where 𝐶 > 0
is the penalty factor for SVM.

After constructing the optimal hyperplane, the most
widely used Gaussian kernel function 𝐾(𝑥) = exp[−𝑔|𝑥 −𝑥𝜏|2] is used [28, 29], and the input vector 𝑥 is transformed
from the input space𝑅𝑛 to the high-dimensional feature space𝐻 with𝐾 transformation,

𝑥 → 𝐾 (𝑥) = (𝐾 (𝑥1) , 𝐾 (𝑥2) , . . . , 𝐾 (𝑥𝑙))𝑇 . (10)

Then the input vector 𝑥 is replaced by the eigenvector𝐾(𝑥), and the nonlinear optimal classification function is
obtained as

𝑓 (𝑥) = sgn (𝑤 ⋅ 𝐾 (𝑥) + 𝑏)
= sgn( 𝑡∑

𝛼=1

𝑎𝛼𝑦𝛼𝐾(𝑥𝛼) ⋅ 𝐾 (𝑥𝜏) + 𝑏) . (11)

Based on the nonlinear optimal classification function,
the main idea of multiclassification can be explained as
follows: Assuming that a SVM classifier is designed between
every two types of samples, 𝑘(𝑘− 𝑙)/2 SVM classifiers need to
be designed for 𝑘 samples [28].Therefore, ten SVM classifiers
are designed for the five road states. When classifying an
unknown sample, each classifier evaluates and counts its type,
and the most statistical result can be regarded as the type of
the test sample.

4.2. Parameter Optimization of SVM. In the process of SVM
classification and identification, the penalty factor 𝐶 and
Gaussian kernel function factor 𝑔 have a great impact on
the accuracy of training [30, 31]. The higher 𝐶 can result
in overlearning state, which means training set classification
accuracy is high while test set classification accuracy is too
low. The higher 𝑔 can lead to excessive support vectors and
interfere with the efficiency of training and learning [31].
In order to solve the problems above, the grid searching
algorithm and Particle Swarm Optimization algorithm are
used to obtain the optimal parameters of𝐶 and𝑔 and improve
the recognition efficiency and accuracy of SVM.

4.2.1. Parameters Optimization Based on Grid Searching Algo-
rithm. Based on the grid searching algorithm, the principle
of parameter optimization [30] is to make the SVM penalty
factor 𝐶 and Gaussian kernel function factor 𝑔 divide the
image into grids in a certain range and then traverse all the
points in the grids to obtain the values. For the defined𝐶 and𝑔, the K-CV (cross-validation) method is used to get the
training set of this group to verify the classification accuracy.
Finally, the best combination of 𝐶 and 𝑔 with the highest
classification accuracy of verified raining set is obtained.
Where the range of 𝐶 is set to [2−8, 28], the range of 𝑔 is set to
[2−8, 28].

Among them, there will be many combinations corre-
sponding to the highest verification classification accuracy.
The combination of the smallest 𝐶 is selected as the best one,
and if the corresponding 𝑔 are more than one, the firstly
searched combination can be selected as the best one.

4.2.2. Parameters Optimization Based on Particle SwarmAlgo-
rithm. The basic principle of Particle Swarm Optimization
(PSO) [31–33] is as follows: suppose that an ethnic group𝑋 = (𝑥1, 𝑥2, . . . , 𝑥𝑛) consists of 𝑛 particles in a𝑚-dimensional
search space, where the position of the 𝑖th particle (the
optimal solution) is 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, . . . , 𝑥𝑖𝑚)𝑇, the velocity is
𝑉𝑖 = (V1, V2, . . . , V𝑚)𝑇, and the optimal position 𝑃𝑖 =(𝑝𝑖1, 𝑝𝑖2, . . . , 𝑝𝑖𝑚)𝑇 of the particle is denoted as 𝑝𝑏𝑒𝑠𝑡. The
globally optimal solution 𝑃𝑔 = (𝑝𝑔1, 𝑝𝑔2, . . . , 𝑝𝑔𝑚)𝑇 of the
ethnic group is denoted as 𝑔𝑏𝑒𝑠𝑡. After finding the two
optimal solutions, the particle velocity and position vector are
updated based on

V𝑖𝑑 (𝑡 + 1) = 𝑤 ⋅ V𝑖𝑑 (𝑡) + 𝑐1𝑟1 ⋅ (𝑝𝑏𝑒𝑠𝑡 (𝑡) − 𝑥𝑖𝑑 (𝑡))
+ 𝑐2𝑟2 ⋅ (𝑔𝑏𝑒𝑠𝑡 (𝑡) − 𝑥𝑖𝑑 (𝑡)) ,

𝑥𝑖𝑑 (𝑡 + 1) = 𝑥𝑖𝑑 (𝑡) + V𝑖𝑑 (𝑡 + 1) ,
(12)

where 1 ≤ 𝑖 ≤ 𝑛 and 1 ≤ 𝑑 ≤ 𝑚. 𝑤 is the inertia weight.𝑐1, 𝑐2 are acceleration constants, generally set as 2. 𝑟1, 𝑟2 are
random numbers ranging between 0 and 1. 𝑡 is the number of
iterations.

Parameters optimization based on the particle swarm
algorithm is as follows.

Step 1. Initialize the size and initial velocity of the particle(𝐶, 𝑔), and initialize the parameters 𝑐1, 𝑐2 and the maximum
number of iterations 𝑡.
Step 2. The fitness value of each particle (𝐶, 𝑔) is calculated,
and the classification accuracy, 𝑅 = number of samples
correctly classified/total number of samples, trained by cross-
validation of SVM is used to evaluate the fitness value of each
particle.

Step 3. Thefitness value of each particle (𝐶, 𝑔) and its optimal
position are compared, respectively, and the optimal value𝑝𝑏𝑒𝑠𝑡 is obtained. If the current value is better than 𝑝𝑏𝑒𝑠𝑡,𝑝𝑏𝑒𝑠𝑡 is set as the current value, which means the 𝑝𝑏𝑒𝑠𝑡
location is set as the current location.

Step 4. Comparing the fitness value of each particle (𝐶, 𝑔)
and the optimal value 𝑔𝑏𝑒𝑠𝑡 of the ethnic group, if the current
value is better than𝑔𝑏𝑒𝑠𝑡, the subscript andfitness value of the
current particle are set as the subscript and the fitness value
of 𝑔𝑏𝑒𝑠𝑡.
Step 5. According to (12), the particle velocity and position
are updated.

Step 6. When the end condition is reached, the 𝑡 times
of iterations are completed, and the optimal value 𝑔𝑏𝑒𝑠𝑡 is
output and the best parameter (𝐶, 𝑔) can be obtained.

5. Image Blocks Validation of
Road Surface State

Firstly, two SVM parameters optimization algorithms are
used to obtain two groups of optimal training parameters
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Table 2: The road surface condition classification model.

Number of training samples Parameters optimization time consuming (s) Optimal (𝐶, 𝑔) Training accuracy

2000 Grid algorithm 2.6482 Grid algorithm (16, 0.5) Grid optimization model 90.97%
PSO algorithm 0.6848 PSO algorithm (12, 0.46) PSO optimization model 99.12%

Table 3: Classification model performance test.

Number of test samples Test accuracy

500 Grid optimization model 88.63%
PSO optimization model 97.02%

(𝐶, 𝑔). Then 80% of the samples in the road surface state
feature database are trained based on the best training param-
eters (𝐶, 𝑔), and two road surface state classification models
are obtained. After that, the remaining 20% of the data sam-
ples are tested to examine the performance of the two clas-
sification models. Finally, the road surface state samples in
an actual environment are selected for experimental valida-
tion.

5.1. Establishment of Training Model. (1) Mark the surface
state conditions: dry as D, wet as Wt, water as Wr, snow as
S, and ice as I. The eigenvectors of 400 samples of each road
state were extracted to form the training database.

(2) The training data is inputted into SVM classifier; the
best training parameters (𝐶, 𝑔) are gotten. And then, two
kinds of classification models are established.

FromTable 2, it can be seen that the training accuracies of
the two classification models are almost the same. However,
the PSO algorithm is significantly less time-consuming and
with better applicability than the grid searching algorithm.

(3) 20%of the sample datawere tested by the classification
model to verify the recognition performance of the two
classification models. The test results are shown in Table 3.

From Table 3, it can be seen that the accuracy of the PSO
model is higher than that of the grid searching algorithm, and
the performance of the PSO model is better.

5.2. Image Segmentation Recognition of Actual Road Sur-
face. Firstly, the actual road surface image is divided into
blocks according to the segmentation principle. Next, the 13-
dimensional feature of each block is extracted.Then the road
surface block feature vectors are input into two classification
models mentioned above. And the state of each block will
be recognized. When all the blocks are recognized, the
proportion of each state will be counted.

5.2.1. ImageValidation ofDry State. Therecognition results of
the dry road surface state under good illumination condition
(from the experimental system) are shown in Figure 7 and
Tables 4 and 5.

Table 6 shows the statistic results of each road surface
state.

From Table 6, it can be seen that the test ratio of dry state
is 93.33% after the grid searching optimization. After the

Table 4: Recognition results of grid.

Column Row
1 2 3 4 5 6 7 8 9

1 D D D D D D D D D
2 D D D D D D D D D
3 D D D D D D D D D
4 D D D D D D D D D
5 D D D D D D D D D

Table 5: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7 8 9

1 D D D D D D D D D
2 Wt D D D D D D D D
3 D D D D Wt D D D D
4 D D D D D D D D D
5 D D D D D D Wt D D

optimization by PSO, the ratio of dry state is 100% and
increases by 6.67%.

The recognition results of dry road surface state under
adverse lighting conditions (from the experimental system)
are shown in Figure 8 and Tables 7 and 8.

Table 9 shows the statistic results of each road surface
state.

FromTable 9, it can be seen that the proportion of the test
images identified as dry is 77.78% after optimization by the
grid search algorithm. After the PSO optimization, the test
image recognition rate is 95.56% and increases by 17.78%.

5.2.2. Image Validation of Wet State. The recognition results
of the wet road surface state under good illumination condi-
tion (from the surveillance system) are shown in Figure 9 and
Tables 10 and 11.

Table 12 shows the statistic recognition results of each
road surface state.

FromTable 12, it can be seen that the proportion of the test
images identified as wet is 81.25% after optimization by the
grid search algorithm. After the PSO optimization, the test
image recognition rate is 93.75% and increases by 12.50%.

The recognition results of the wet road surface state
under adverse illumination condition (from the experimental
system) are shown in Figure 10 and Tables 13 and 14.

Table 15 shows the recognition results of each road surface
state.

FromTable 15, it can be seen that the proportion of the test
images identified as wet is 80.00% after optimization by the
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Table 6: The dry road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

45

42 45 93.33% 100%
Wet Wt 3 0 6.67% 0
Water Wr 0 0 0 0
Snow S 0 0 0 0
Ice I 0 0 0 0

(a) (b)

Figure 7: Image test results of dry road surface state under good lighting condition (from the experimental system). (a) Image of dry road
surface. (b) Image blocks.

(a) (b)

Figure 8: Image test results of dry road surface state under adverse lighting condition (from the experimental system). (a) Image of dry road
surface state. (b) Image blocks.

Table 7: Recognition results of grid.

Column Row
1 2 3 4 5 6 7 8 9

1 D D D D Wt D D D D
2 Wt D D D D D D Wt D
3 D Wt D D Wt D D D Wt
4 D D D Wt D D D D Wt
5 Wt D D D D D Wt D D

grid search algorithm. After the PSO optimization, the test
image recognition rate is 93.33% and increases by 13.33%.

5.2.3. Image Validation of Water State. The recognition
results of the water road surface state under good illumi-
nation condition (from the mobile camera) are shown in
Figure 11 and Tables 16 and 17.

Table 18 shows the recognition results of each road surface
state.

Table 8: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7 8 9

1 D D D D D D D D D
2 D D D D D D D D D
3 D D D D D D D D D
4 D D D D Wt D D D D
5 D D D D D D D Wt D

From Table 18, it can be seen that the proportion of the
test images identified as water is 78.57% after optimization
by the grid search algorithm. After the PSO optimization, the
test image recognition rate is 96.42% and increases by 17.85%.

The recognition results of the water road surface state
with reflection (from the Internet images) are shown in
Figure 12 and Tables 19 and 20.

Table 21 shows the recognition results of each road surface
state.
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Table 9: The dry road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

45

35 43 77.78% 95.56%
Wet Wt 10 2 22.22% 4.44%
Water Wr 0 0 0 0
Snow S 0 0 0 0
Ice I 0 0 0 0

(a) (b)

Figure 9: Image test results of wet road surface state under good lighting condition (from the surveillance system). (a) Image of wet road
surface state. (b) Image blocks.

(a) (b)

Figure 10: Image test results of wet road surface state under good lighting condition (from the experimental system). (a) Image of wet road
surface state. (b) Image blocks.

(a) (b)

Figure 11: Image test results of water road surface state under good lighting condition (from the mobile camera). (a) Image of water road
surface state. (b) Image blocks.
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(a) (b)

Figure 12: Image test results of water road surface state with reflection (from the Internet images). (a) Image of water road surface state. (b)
Image blocks.

(a) (b)

Figure 13: Image test results of snow road surface (from the Internet images). (a) Image of snow road surface state. (b) Image blocks.

From Table 21, it can be seen that the proportion of the
test images identified as water is 75.00% after optimization by
the grid search algorithm. After the PSO is optimized, the test
image recognition rate is 89.59% and increases by 14.59%.

5.2.4. Image Validation of Snow State. The recognition results
of the snow road surface state (from the Internet images) are
shown in Figure 13 and Tables 22 and 23.

Table 24 shows the recognition results of each road
surface state.

From Table 24, it can be seen that the proportion of the
test images identified as water is 67.35% after optimization by

Table 10: Recognition results of grid.

Column Row
1 2 3 4 5 6 7 8

1 Wt Wt Wt Wt Wt D Wt Wt
2 Wt Wt Wt Wt Wt D Wt D
3 Wt Wt Wt Wt Wt Wt D D
4 Wt Wt Wt Wt Wt Wt Wt D
5 D Wt Wt Wt Wt Wt Wt Wt
6 D Wt Wt Wt Wt Wt Wt D

the grid search algorithm. After the PSO optimization, the
test image recognition rate is 85.71% and increases by 18.36%.
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(a) (b)

Figure 14: Image test results of snow road surface (from the surveillance system). (a) Image of snow road surface state. (b) Image blocks.

(a) (b)

Figure 15: Image test results of ice road surface under good illumination condition (from the experimental system). (a) Image of ice road
surface state. (b) Image blocks.

Table 11: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7 8

1 Wr Wt Wt Wt Wt Wt Wt Wt
2 Wt Wt Wt Wt Wt Wt Wt Wt
3 Wt Wt Wt Wt Wt Wr Wt Wt
4 Wt Wt Wt Wt Wt Wt Wt Wt
5 Wt Wt Wt Wr Wt Wt Wt Wt
6 Wt Wt Wt Wt Wt Wt Wt Wt

The recognition results of the snow road surface state
(from the surveillance system) are shown in Figure 14 and
Tables 25 and 26.

Table 27 shows the recognition results of each road
surface state.

From Table 27, it can be seen that the proportion of the
test images identified as water is 77.55% after optimization by
the grid search algorithm. After the PSO optimization, the
test image recognition rate is 91.84% and increases by 14.29%.

5.2.5. Image Validation of Ice State. The recognition results of
the ice road surface state under good illumination condition
(from the experimental system) are shown in Figure 15 and
Tables 28 and 29.

Table 30 shows the recognition results of each road
surface state.

From Table 30, it can be seen that the proportion of the
test images identified as ice is 93.33% after optimization by
the grid search algorithm. After the PSO optimization, the
test image recognition rate is 97.78% and increases by 4.45%.

The recognition results of the ice road surface state with
snow (from the Internet image) are shown in Figure 16 and
Tables 31 and 32.
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Table 12: The wet road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

48

9 0 18.75% 0
Wet Wt 39 45 81.25% 93.75%
Water Wr 0 3 0 6.25%
Snow S 0 0 0 0
Ice I 0 0 0 0

(a) (b)

Figure 16: Image test results of ice road surface with snow (from the Internet image). (a) Image of ice road surface state. (b) Image blocks.

(a) (b)

Figure 17: Image test results of hybrid road surface (from the mobile image). (a) Image of hybrid road surface state. (b) Image blocks.

Table 33 shows the recognition results of each road
surface state.

From Table 33, it can be seen that the proportion of
the test images identified as ice is 71.11% after optimization
by the grid search algorithm. After the PSO optimization,
the test image recognition rate is 77.78% and increases by
6.67%.

5.2.6. Image Validation of Hybrid State. The recognition
results of the ice, wet, andwater hybrid state (from themobile
image) are shown in Figure 17 and Tables 34 and 35.

Table 36 shows the recognition results of each road
surface state.

From Table 36, it can be seen that the error rate of each
image block is relatively high on hybrid road condition after
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Table 13: Recognition results of grid.

Column Row
1 2 3 4 5 6 7 8 9

1 Wt Wt Wt Wt Wt D Wt Wt D
2 Wt Wt Wt Wt Wt Wr Wt D Wt
3 Wt Wt D Wt Wt D Wt Wt Wt
4 Wt Wt Wt Wt Wt D Wt I Wt
5 Wt Wt Wt Wt Wt D Wt Wt Wt

Table 14: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7 8 9

1 Wt Wt Wt Wt Wt Wt Wt Wr Wt
2 Wt Wt Wt Wt Wt Wt Wt Wt Wt
3 Wt Wt Wt I Wt Wt Wt Wt Wt
4 Wt Wt Wt Wt I Wt Wt Wt Wt
5 Wt Wt Wt Wt Wt Wt Wt Wt Wt

Table 15: The wet road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

45

7 0 15.56% 0
Wet Wt 36 42 80.00% 93.33%
Water Wr 1 1 2.22% 2.22%
Snow S 0 0 0 0
Ice I 1 2 2.22% 4.44%

(a) (b)

Figure 18: Image test results of hybrid road surface (from the surveillance system). (a) Image of hybrid road surface state. (b) Image blocks.

the grid searching optimization. After PSO optimization,
the recognition accuracy of each block of the test image is
improved, and the distribution of road conditions can be
given accurately.

The recognition results of the ice, wet, and water hybrid
state (from the surveillance system) are shown in Figure 18
and Tables 37 and 38.

Table 39 shows the recognition results of each road
surface state.

From Table 39, it can be seen that the error rate of each
image block is relatively high on hybrid road condition after

the grid searching optimization. After PSO optimization,
the recognition accuracy of each block of the test image is
improved, and the distribution of road conditions can be
given accurately.

6. Conclusions

There are a large number of traffic accidents caused by bad
weather condition or slippery road condition.Therefore, road
states greatly affect the traffic safety and transport efficiency
on highway. It is of great social significance to study the
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Table 16: Recognition results of grid.

Column Row
1 2 3 4 5 6 7

1 Wr S Wr Wr Wr Wr I
2 Wr Wr Wr Wt Wt Wr Wr
3 Wr Wr Wt Wr Wr I Wr
4 I Wr Wr Wr Wr Wr Wr
5 Wr Wr Wr Wr Wr Wr Wr
6 Wr Wr Wr Wr Wr Wr D
7 Wr S Wr Wr Wr Wr I
8 I Wr Wr Wr Wr Wr I

Table 17: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7

1 Wr Wr Wr Wr Wr Wr Wr
2 Wr Wr Wr Wr Wr Wr Wr
3 Wr Wr Wr Wr Wr Wr Wr
4 Wr Wr Wr Wr Wr Wr Wt
5 Wr Wr Wr Wr Wr Wr Wr
6 Wr Wr Wr Wr Wr Wr Wr
7 Wr Wr Wr Wr Wr D Wr
8 Wr Wr Wr Wr Wr Wr Wr

Table 18: The water road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

56

1 1 1.79% 1.79%
Wet Wt 3 1 5.36% 1.79%
Water Wr 44 54 78.57% 96.42%
Snow S 2 0 3.57% 0
Ice I 6 0 10.71% 0

Table 19: Recognition results of grid.

Column Row
1 2 3 4 5 6

1 Wr S Wr Wr Wr I
2 Wr Wr Wr Wt Wr Wr
3 Wr Wt Wr Wr I Wr
4 I Wr Wr D Wr Wr
5 Wr Wr Wr Wr Wr Wr
6 Wr Wr Wr Wr Wr Wr
7 Wr S Wr Wr Wr I
8 I Wr Wr Wr Wr I
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Table 20: Recognition results of PSO.

Column Row
1 2 3 4 5 6

1 Wt Wr Wr Wr Wt Wr
2 Wr Wr Wr Wr Wt Wr
3 Wr Wr Wr Wr Wr Wr
4 Wr Wr Wr Wr Wt Wr
5 Wr Wr Wr Wr Wr Wr
6 Wr Wr Wr Wr Wr Wr
7 Wr Wr Wr Wr Wr Wr
8 I Wr Wr Wr Wr Wt

Table 21: The water road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

48

2 0 4.17% 0
Wet Wt 2 4 4.16% 8.33%
Water Wr 36 43 75% 89.59%
Snow S 2 0 4.17% 0
Ice I 6 1 12.5% 2.08%

Table 22: Recognition results of grid.

Column Row
1 2 3 4 5 6 7

1 Wr S S S S S I
2 S I S S S S S
3 S I S I S S S
4 S I S S I S S
5 I S S S S S I
6 I I S S S I Wr
7 I I S S S I S

Table 23: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7

1 Wr S S S S S S
2 S S S S S S S
3 S S S S S S S
4 S S S S I S S
5 I S S S S S S
6 S I S S S I Wr
7 S S S S S I S

classification of wet and slippery road condition, which can
provide reference and theoretical basis for traffic control and
meteorological management and ensure traffic safety.

There are many limitations in using instrument to rec-
ognize road surface conditions, and image recognition is
becoming the main technology for recognizing road surface

state.However, recognition under hybrid road conditions and
different lighting conditions are two problems that need to be
solved.

Based on SVM algorithm and image segmentation pro-
cessing technology, we propose a method of video image
processing technology for road surface state recognition. First
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Table 24: The snow road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

49

0 0 0 0
Wet Wt 0 0 0 0
Water Wr 2 2 4.08% 4.08%
Snow S 33 42 67.35% 85.71%
Ice I 14 5 28.57% 10.20%

Table 25: Recognition results of grid.

Column Row
1 2 3 4 5 6

1 S S S S S I
2 D D S S S S
3 S S S S D D
4 S S S Wr D S
5 S S S S S S
6 S S S S S S
7 S S S D Wt S
8 S S S D Wt S

Table 26: Recognition results of PSO.

Column Row
1 2 3 4 5 6

1 S S S S S I
2 S S S S S S
3 S S S S S I
4 S S S S S S
5 S S S S S S
6 S S S S S S
7 S S S S Wt S
8 S S S S S I

Table 27: The snow road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

49

7 0 14.29% 0
Wet Wt 2 1 4.08% 2.04%
Water Wr 1 0 2.04% 0%
Snow S 38 45 77.55% 91.84%
Ice I 1 3 2.04% 6.12%

Table 28: Recognition results of grid.

Column Row
1 2 3 4 5 6 7 8 9

1 I I I I I I I Wt I
2 I I I I I I I Wt I
3 I I I I I I I I I
4 I I I I I I I I I
5 I I I I I Wt I I I
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Table 29: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7 8 9

1 I I I I I I I I I
2 I I I I I I I I I
3 I I I I I I I Wt I
4 I I I I I I I I I
5 I I I I I I I I I

Table 30: The ice road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

45

0 0 0 0
Wet Wt 3 1 6.67% 2.22%
Water Wr 0 0 0 0
Snow S 0 0 0 0
Ice I 42 44 93.33% 97.78%

Table 31: Recognition results of grid.

Column Row
1 2 3 4 5 6

1 D I Wt I I I
2 I I I I I D
3 D I I I I I
4 Wt I I I I Wt
5 I Wr I I I I
6 D Wt D I I I
7 I I I I I I
8 I I I D D Wt

Table 32: Recognition results of PSO.

Column Row
1 2 3 4 5 6

1 I I I I S I
2 I I I S I I
3 I I I S S I
4 I I I I I I
5 I I I I I Wt
6 I Wt Wt I I I
7 I I I I Wt Wt
8 I I I I I Wt

Table 33: The ice road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

45

42 45 93.33% 100%
Wet Wt 3 0 6.67% 0
Water Wr 0 0 0 0
Snow S 0 0 0 0
Ice I 0 0 0 0
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Table 34: Recognition results of grid.

Column Row
1 2 3 4 5 6 7 8

1 Wt D Wr Wr Wr Wr D D
2 Wt Wt D Wr Wr Wr D Wt
3 Wt Wt D Wr Wr Wr D Wt
4 Wt Wt Wr Wt Wr Wt D Wt
5 S S Wt Wt Wt Wt D Wt
6 D Wt Wr Wt D D D D

Table 35: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7 8

1 Wt D D Wt Wr Wt Wr Wr
2 D D D Wt Wr Wt Wr Wt
3 D D Wr Wr Wr Wt Wt Wr
4 D D Wr Wr Wr Wt D Wt
5 D Wt Wr Wr Wr Wr Wt Wt
6 D D Wr Wr Wr Wr Wr Wt

Table 36: The hybrid road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

48

14 13 29.17% 27.08%
Wet Wt 19 14 39.58% 29.17%
Water Wr 13 21 27.08% 43.75%
Snow S 2 0 0.42% 0
Ice I 0 0 0 0

Table 37: Recognition results of grid.

Column Row
1 2 3 4 5 6 7 8 9

1 Wt Wr I Wr Wt I I I S
2 Wt I I I Wt I I Wt S
3 Wt Wr S Wr Wt I Wt Wt S
4 Wt Wr I Wr Wt Wt I Wr Wr
5 Wt Wr I Wr Wt I Wr Wr S

Table 38: Recognition results of PSO.

Column Row
1 2 3 4 5 6 7 8 9

1 I I I I I I Wt Wt I
2 I Wt Wt I I I I I I
3 S S S I I I I I I
4 S I S I I I Wt I I
5 S I I I I I S I Wt

of all, according to the segmentation principle, the road
surface samples are divided into blocks and the road surface

state sample database is constructed. Then, 9-dimensional
color eigenvectors and 4-dimensional texture eigenvectors
are extracted to form a 13-dimensional eigenvectors database
which can describe the road surface state. After that, the
SVMclassifier is trained by using grid searching optimization
and PSO optimization to obtain the road surface state
classification model. And then, the performances of two
classification models are tested. Finally, a road surface state
recognition program was developed to test the actual road
surface state images in a variety of environments.

The test results show that (1) the establishment of a perfect
sample database is the basis for accurate recognition of road
surface state. The quality and purity of the sample database
can be ensured by dealing with single state image blocks. (2)
Each feature value of the five states has overlapping parts,
while 13-dimensional eigenvectors can satisfy the need of
state recognition accurately. (3) After the SVM parameter
optimization, the performance of road state classification
model is superior, in which the performance of the PSO algo-
rithm is better than that of the grid searching optimization
algorithm, and the accuracy of state recognition is improved.
(4) Image segmentation method can be used to obtain the
distribution of road surface state, which solves the problem
of hybrid road surface state and road surface under different
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Table 39: The hybrid road surface image identification results statistics.

State State symbol Number of blocks Grid search PSO Grid search/% PSO/%
Dry D

45

0 0 0 0
Wet Wt 14 6 31.11% 13.33%
Water Wr 12 0 26.67% 0
Snow S 5 7 11.11% 15.56%
Ice I 14 32 31.11% 71.11%

light conditions. The recognition accuracy of single state is
above 90%, and the recognition accuracy of hybrid state is
more than 85%.
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