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ABSTRACT

Traffic safety hinges on individual driving styles, which can vary within a single trip
through a work zone. A work zone, with its limited visibility, heavy machinery, and
unexpected traffic flow, is a major contributor to a high number of traffic accidents.
Driving style has a significant effect on driving behavior and directly impacts driving
safety. However, studies on the variation in driving styles in the specific scenario of
driving through a work zone are still missing. Also, most studies used either surveys
or machine learning methods for classifying driving styles, while there is a lack of
comparison between these two classification methods. To address the gaps, this study
aims to detect and classify variations in driving styles when driving through a work
zone and compare the results obtained from the self-evaluation method with those
from the machine learning method. Firstly, a lane closure work zone was simulated
by Webots and SUMO, based on a real-world case of an urban road section in Indiana
state. Daytime and nighttime scenarios were included to analyze variations in driving
styles. Secondly, sixteen participants were invited to drive through the road section
with a lane closure work zone using a driving simulator. Their driving speed, as
well as acceleration and deceleration, were collected by Webots. Then, the K-means
algorithm was used to classify three types of driving styles (aggressive, normal, or
calm) based on the total non-linear traits in the driving data (eg, speed, acceleration).
Finally, a self-evaluation survey on driving styles was conducted after the driving
simulation experiment, and a comparative analysis was performed between the self-
evaluation survey data and the driving simulation data. The results show that 1) The
percentage of aggressive driving style was 51.6%. Participants tended towards a calm
driving style at nighttime compared to daytime, and the normal driving style remained
consistent across both daytime and nighttime; 2) There were significant differences
between self-evaluation and K-means method on driving styles. Compared to the
results from the K-means method, drivers tended to overestimate their normal driving
style and underestimate their aggressive driving style based on the results from
the self-evaluation method; and 3) There was an observed increase in calm driving
style before and during the work zone, contrasting with a rise in aggressive driving
tendencies after exiting. The results may help understand the variance of driving styles
in a work zone and improve the classification accuracy of driving styles by comparing
the differences between driving data evaluation and post-survey data evaluation.
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INTRODUCTION

A work zone is an area in a road section where construction, maintenance,
or utility work activities are taking place, which is increasingly common and
pose potential safety hazards (Yang et al., 2015). Some studies have analyzed
the impact of work zones on driving behaviors. For instance, Banerjee &
Jeihani (2019) studied the impact of different work zone barriers on driver
behaviors using a driving simulator. Lu et al. (2021) investigated the impact
of work zone crossovers on traffic safety, revealing significant differences
in driving behaviors at different work zone positions. However, the study
of driving style variation in a work zone is still lacking. Driving style is
a different concept compared to driving behavior (Shi et al., 2015); it is
complex and dynamic, which could vary within a single trip and could be
influenced by factors such as time of day, road conditions, etc. Identifying
and classifying driving styles is crucial for transportation efficiency and safety
because some studies suggest that it can be a predictor of accidents (Wijnands
et al., 2018).

Previous studies defined driving style based on drivers’ experience and
character, including habits and attention levels (Fazeen et al., 2012; Kaplan
et al., 2015). Currently, two typical methods are used for identifying and
classifying driving styles: subjective questionnaires and machine learning
techniques. On the one hand, Xu et al. (2023) utilized the Chinese version
of the Multidimensional Driving Style Inventory (MDSI) scale (MDSI-C) to
classify driving styles based on drivers’ self-evaluation data. Useche et al.
(2019) used Qualtrics to collect data from Colombian drivers according
to the MDSI and found a significant relationship between MDSI factors
(reckless & careless, anxious, angry & hostile, and patient & careful) and
driving anger, job strain, and occupational driving crashes. Li et al. (2017)
used the confirmatory factor analysis (CFA) method to analyze underlying
factors of driving styles based on data from driver behavior questionnaires
administered to non-professional drivers in Beijing. However, self-evaluation
reports may lead to some incorrect classifications of driving style because
drivers might forget some details of their driving behaviors. On the other
hand, some studies focus on using machine learning methods to determine
driving styles based on driving data (Chang & Edara, 2017; Marina Martinez
etal.,2018). For example, Wang et al. (2017) classified normal and aggressive
driving styles using two SVM models, one with an RBF kernel and the other
with a linear kernel, reporting accuracies of 0.772 and 0.86, respectively.
Meseguer et al. (2013) developed an artificial neural network (ANN) with
a single hidden layer containing nine neurons to classify driving style into
three categories (aggressive, normal, or quiet) based on vehicle speed and
acceleration data, reporting an accuracy of 0.77. Some studies use fuel
consumption as an indicator of driving styles (Corti et al., 2013). Mei et al.
(2023) classified the driving styles from three types of road conditions based
on two machine learning methods (K-means and K-medoids). Many studies
have also used different machine learning algorithms to classify driving styles,
such as fuzzy logic, Random Forest, ANN, and SVM (Dorr et al., 2014;
Silva & Eugenio Naranjo, 2020). However, the classification results based on
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machine learning algorithms are inconsistent and difficult to understand from
a non-statistical perspective. In addition, both survey and machine learning
methods can detect and identify driving styles, but the classification results
are unstable and inconsistent between these two methods. There is still a lack
of studies comparing survey self-evaluation methods with machine learning
based on driving data methods. It is crucial to accurately explore driving
styles by establishing a connection or identifying the differences between the
two methods.

To address these research gaps, this study aims to explore the driving style
variation in a work zone and compare the results of driving style based on
survey self-evaluation and machine learning methods. Firstly, participants
were invited to complete a driving simulation experiment and a post-survey.
Subsequently, different driving styles of participants were classified based on
the driving data (using machine learning method) and post-survey data (using
self-evaluation method), respectively. Finally, the variations in driving styles
in a work zone were analyzed, and the results from different methods were
compared.

METHODOLOGY

This section introduces the research methodology. Firstly, driving scenarios
were generated using Webots and Simulation of Urban Mobility (SUMO)
software, simulating a real-world road section. Secondly, sixteen participants
completed the driving simulation experiment and a post-survey. Thirdly,
a machine learning algorithm, the K-means method, was used to classify
driving styles based on total driving data, including longitudinal acceleration
and speed collected from the simulator. And the self-evaluation method was
applied to classify driving styles based on the post-survey data. Finally, the
results of driving style classification from different methods were compared.

Driving Scenarios and Styles

A driving simulator was used in this study because it is an ideal tool for
collecting driving data and for creating more realistic driving scenarios
(Cheng et al., 2018; Wang et al., 2017). A specific urban roadway section
was selected based on crash analysis from a previous study (Wu et al., 2024).
This roadway section is in Indiana, spans 3,860 feet, has five lanes (including
a dual-turn lane in the middle) in two directions, with speed limit of 40
mph, and includes three sections (1, 2, and 3) representing the areas before,
within, and after the work zone, as shown in Figure 1. A standard work zone
layout, including traffic drums, traffic signs, and arrow board devices, was
set up according to the Indiana Manual on Uniform Traffic Control Devices
(MUTCD) (INDOT, 2022), Work Zone Traffic Control Guideline in Indiana,
and Indiana Standard Drawings. Moreover, the number of vehicles traveling
in the opposite direction at a speed of 40 mph (the road speed limit) was
simulated based on Annual Average Daily Traffic (AADT) data from the
Indiana Traffic Management System.
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Figure 1: The map and layout of the work zone scenario.

A study notes that driving styles differ for each driver and reflect stable
habits over time and a driver’s driving style can change within a single trip
and on the same roadway section (Sagberg et al., 2015; Silva & Eugenio
Naranjo, 2020). In this paper, the driving style is defined as three types
(calm, normal, aggressive) according to a previous study (Murphey et al.,
2009). These types correspond to self-evaluated points on a scale from 1
to 9. This scale is divided into three stages with intervals of 3, representing
calm, normal, and aggressive driving styles, respectively, with higher points
indicating more aggressive driving styles. In addition, the time of the day
(daytime or nighttime) was taken into consideration in this study because it
is a key factor that affects driving styles (Huang et al., 2011).

Participants and Data Collection

Sixteen participants with normal eyesight were invited to this driving
simulation test through social media and flyers. All participants possess a
valid driver’s license, with ages ranging from 19 to 63 years. The average age
of the participants is 40 years, with a standard deviation of 14.27.

The driving simulator used in this study includes three monitors and
a Logitech G29 racing wheel, as shown in Figure 2. Webots and SUMO
software were used to create driving scenarios, including road, traffic
conditions, weather, buildings, and vehicles, based on real-world roadway
information. Drivers use the steering wheel and pedals from the G29 device
to control the vehicle in the Webots platform.

Figure 2: Driving simulator for the experiment.



2080 Wang et al.

The experiment uses a Latin square design for both daytime and nighttime
to balance the learning effect on the driving test. Before the formal driving
simulation test, there was a training section to familiarize participants with
the driving simulator. The final step was a post-survey, where participants
self-evaluated their driving style. All driving data, including speed and
acceleration, were collected by Webots with a frequency of 32 Hz in the
driving simulator.

CLASSIFICATION

K-means method, which is an unsupervised method for clustering data into
k clusters (Mantouka et al., 2019), is used to classify the driving styles
(Mohammadnazar et al., 2021). For the dataset, the objective function is
used, given by:

k
J= > > dix,u(Cy)) (1)

i=1x €C;

Binary indicator variables ;€ {0, 1}, the K is the number of clusters.
Ci,...,Cg, 1 (C)) means the centroid of cluster C;, and the (x,u (C)))
means the distance between the observation x and ;). The speed and
longitudinal acceleration are selected as feature vector parameters (Cq, Cy)
for classification because they directly indicate driving preferences (Xu et al.,
2023).

RESULTS AND DISCUSSION

The classification results of driving styles using the K-means method
are shown in Figure 3, based on the total driving data, including both
daytime and nighttime. The clustering results highlight distinct driving
styles, with Cluster 0 drivers tending to drive slower and brake more
often, Cluster 1 drivers exhibiting higher speed and variable acceleration
behavior, and Cluster 2 drivers maintaining moderate speed with consistent
deceleration. Additionally, this study also used the combination of
longitudinal acceleration and speed to describe different driving styles. A low
speed with a large acceleration indicates aggressive driving. Conversely, low
speed with a small acceleration indicates calm driving (Wang & Xi, 2016).
Therefore, clusters 0, 1, and 2 correspond to calm, aggressive, and normal
driving styles, respectively.

The statistical characteristics of the driving data features are shown in
Table 1. The P-values of the features for both longitudinal acceleration and
speed are <0.01, indicating that these two features are significantly different
based on the Analysis of Variance (ANOVA) test results. This also indicates
that driving styles vary significantly in this specific scenario, a lane closure
work zone.

In addition, Table 2 shows the different percentages of each cluster for
daytime and nighttime. The percentages of clusters 0 to 2 (calm, aggressive,
and normal) are 18.25%, 51.61%, and 30.13 %, respectively. The percentage
of nighttime in cluster 0 is 10.40%, which is higher than the daytime
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percentage of 7.85%. Conversely, the percentage of nighttime in cluster 1 is
24.41%, which is lower than the daytime percentage of 27.20%. It indicates
that driving styles vary between daytime and nighttime: 1) Nighttime driving
tends to be calmer, with a higher percentage of drivers in Cluster 0 compared
to daytime; 2) Daytime driving sees more aggressive driving behaviors, with
Cluster 1 being more prominent during the day; 3) The distribution of
normal driving styles (Cluster 2) remains relatively consistent across both
daytime and nighttime. This data also suggests that drivers are generally
more cautious at night, possibly due to lower visibility, leading to a higher
percentage of calm driving style.

K-means Clustering of Driving Data (k=3)
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Figure 3: The results of the driving styles classification based on the K-means method.

Table 1. The statistical metrics of classification features in each cluster.

Dimension Cluster F P-value
0 1 2
Acceleration std 0.21 0.20 0.17 24654 <0.01
mean 0.08 0.16 -0.31
median 0.06 0.12 -0.36
Speed std 5.26 6.46 5.04 19703 <0.01
mean 31.30 46.38 41.89

median 33.53 44.14 40.99

Table 2. The percentage of different types of driving styles.

Day of Time Cluster 0 Cluster1 Cluster 2 Total
Daytime 7.85% 27.20% 14.96% 50.02%
Nighttime 10.40% 24.41% 15.17% 49.98%

Total 18.25% 51.61% 30.13% 100.00%
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Moreover, the roadway was divided into three sections based on the layout
in Figure 1. Section 1 represents the roadway before entering the work zone
area, Section 2 represents the work zone area itself, including the buffer length
and merging length, and Section 3 represents the roadway after exiting the
work zone area. The proportion of each driving style varies between these
sections, as shown in Figure 4. Cluster 0 generally increased from Section
1 to Section 3, with nighttime percentages consistently lower than daytime
in Section 1 but higher in Sections 2 and 3. Cluster 0 peaked in section 2
compared to other sections, which means drivers were driving calmer. Cluster
1 dominated across all sections, with slightly lower percentages at nighttime
compared to daytime. Cluster 1 peaked in Section 3, indicating a higher
tendency for aggressive driving post-work zone. Cluster 2 generally decreased
from Section 1 to Section 3, with higher percentages in Section 1 indicating
more normal driving style before entering the work zone. These results show
an increase in calm driving (Cluster 0) and a decrease in normal driving
(Cluster 2) from Section 1 to 3, suggesting drivers become calmer through
the work zone, especially at nighttime, with normal driving further dropping
in the post-work zone, replaced by a higher percentage of aggressive driving
style (Cluster 1).

The Percentage of Each Cluster in Each Road Section
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Figure 4: The percentage of each cluster in each road section.

Figure 5 shows the classification differences in driving styles between the
self-evaluation method and the K-means method. The distribution of the
K-means method shows that the aggressive driving style has the highest
representation (51.61%) across both daytime and nighttime. This indicates
that the aggressive driving style is the most prevalent in this experiment,
which may be caused by the perception of speed being slower in the driving
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simulator compared to real driving. However, the normal driving style plays
a key role, with a proportion of 59.4% based on the self-evaluation method.
This reveals notable differences in driving style classification between the
self-evaluation method and the K-means method. Secondly, during the
daytime, the self-evaluation method shows 37.50% of normal driving style,
compared to 14.96% from the K-means method, while aggressive driving
style is classified at 9.40% versus 27.20% separately. For nighttime, the self-
evaluation method results show 21.90% for calm driving style and 6.30%
for aggressive driving style, compared to 10.40% and 24.41% from the K-
means method, respectively. The discrepancies between actual driving data
and survey data suggest that drivers may have a skewed perception of their
driving styles, often perceiving themselves as driving more normally and
calmly rather than aggressively.

Driving data vs. Post-survey data
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Figure 5: The comparison of each driving style between the two methods.

CONCLUSION

This research aims to detect and classify the driving styles of participants
driving through a work zone based on driving data and compare the
difference between machine learning and self-evaluation methods on
classifying driving styles. This study utilized the K-means clustering
method to categorize driving styles based on driving data collected in
driving simulation experiments during both daytime and nighttime. The
results show that the aggressive driving style, at 51.61%, had a higher
proportion compared to the other two driving styles. Additionally, nighttime
driving tended toward a calmer driving style, while daytime driving
exhibited a more aggressive driving style. The comparison between self-
evaluation (i.e., survey data after experiment) and driving data evaluation
highlighted discrepancies, suggesting that drivers may not accurately perceive
their driving styles, particularly overestimating normal driving style and
underestimating aggressive driving style. These insights help understand the
gap between self-perception and actual driving style, which may improve
driver awareness and align perceptions with actual performance to enhance
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work zone safety. In addition, different roadway sections in a work zone had
varying driving styles, with an increase in calm driving before and during
the work zone (Sections 1 and 2) and a shift towards aggressive driving
after exiting (Section 3), highlighting the influence of work zone on driver
styles. This study provides new insights into driving styles by combining
self-evaluation and machine learning methods. In practice, understanding the
variations in driving styles when driving through a work zone can enhance
work zone safety. Additionally, this research can help establish a connection
between drivers’ self-perception and their actual driving style performance.
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