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For decades, road crashes have caused many deaths and injuries and generally have had a severe social and economic impact on
societies. According to studies, driver distraction has led to an increase in driving-related risks. In recent years, there have been more
distracting factors that commonly afect drivers, highlighting the need for a resolution. Terefore, as technology is becoming more
advanced, there is an opportunity to minimize these risks, for which driver distraction detection would be required. As there are
a variety of distractions that might afect drivers and their performance, there are many studies focusing on this topic. To better
understand the feld of driver distraction detection, this paper has reviewed the existing studies in this feld. For this purpose, diferent
variables of the existing methodologies and experimental setups are identifed and explained. Also, the results of these experiments
and the impacts of diferent distraction factors on drivers’ physiological responses, visual signals, or their performances are cat-
egorized and described. Furthermore, this study discusses the factors of the existing methodologies and their results, along with
pointing out the research gaps.Te purpose of this study is to assist future research and investigation in this feld, by creating a review
that comprehensively covers diferent aspects of existing studies and discusses and assesses their methodologies and fndings.

1. Introduction

For decades, road safety has been a concern for society. Tis
concern exists because road safety can have major social and
economic impacts [1]. According to a report launched by the
World Health Organization (WHO) in 2018 [2], in a year, there
were more than 1.3 million recorded road deaths as a result of
trafc crashes. It has been documented that road trafc injuries
are the leading causes of death in the age group of 5 to 29
worldwide [3, 4]. Also, the WHO [2] has reported between 20
and 50 million non-fatal injury cases annually because of road
crashes. In addition to the data concerning the efects of car
accidents on human life and well-being, there are also signif-
icant economic consequences associated with road safety. It is
well acknowledged that there is a signifcant negative infuence
of increasing trends of road crashes on the economic growth
and expenditure of a country [5–11]. Furthermore, according to

a study conducted by Chen et al. [12], it is estimated that road
injuries will cost the world economyUS$1.8 trillion in a 15-year
period. Terefore, it is paramount to improve road safety by
acquiring information regarding the causes of road crashes and
potentially developing methods to minimize them. It has been
determined that driver distraction (DD) is a major factor that
deteriorates road safety [13, 14]. DD can be defned as en-
gagement with activities or tasks that would divert the drivers’
attention away from what is required for safe driving [15].

With the development and deployment of level 2 au-
tomated driving systems (ADSs) [16], the role of the driver is
becoming central in supervising such systems, and such
technologies require constant driver attention [17]. Te role
of the driver as a safety backup remains crucial, even with the
approval of level 3 ADS for Honda in Japan and Mercedes in
Germany. Te vehicles with National Highway Trafc Safety
Administration (NHTSA) level 2 and 3 automation
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capabilities, in which vehicles have authority over the
function of primary control, require drivers’ supervision and
intervention [18, 19]. While there are techniques such as the
platoon strategy that can assist with the improvement of
trafc safety [20, 21], it is essential to acknowledge the
importance of driver’s availability to take over the control of
the driving task. Based on protocols developed by NCAP,
Europe is to enforce the requirement for driver monitoring
systems in vehicles equipped with automated capabilities
[17, 22]. Terefore, it could be claimed that with the de-
velopment of ADS, and the importance of drivers’ attention
in the utilization of this technology, DD could be a threat to
its function.

Tis review has explored studies [23–35] that have fo-
cused on the causes of DD and the development of methods
to detect them. To achieve this, most of these studies have
conducted experiments, which aim to evaluate the infuence
of one or several distractions on a driver and/or their driving
performance. Such studies have laid the foundation for
future research and further investigation into the real-time
processing of DD. Additionally, there are existing studies
that have conducted reviews on the existing research in this
feld [23–35]. While acknowledging the contribution of
these review studies in furthering the research of DD de-
tection, this study expands on the review of conducted
research in this feld. Te mentioned review studies have not
considered all aspects of the existing methodologies or
fndings. For instance, some have focused on one specifc
distracting factor such as mobile phones or one category of
distracting factors such as external visual distractions
[29, 31], while some have not covered the utilization of AI-
based methods [26] for data analysis or only considering
a specifc demographic [32]. Tis study aims to review the
existing studies on DD detection and to fnd the research
gaps, either in methodologies or fndings, of the existing
studies. Also, this review presents a more comprehensive
understanding of the infuence of diferent distracting fac-
tors on drivers’ physiological reaction, visual signals, and
their driving performance.

In the existing methodologies and experiment setups
section (Section 2), the distraction factors, the environments
that these experiments are conducted in, and methods of
data collection and analysis are identifed, categorized, and
described. Results of the existing studies section (Section 3)
include the impacts that distractions have on drivers’
physiological and visual signals and their driving perfor-
mance measures. In the discussion section (Section 4), as-
pects of the methodologies utilized in the existing research
and their fndings are described and their gaps are discussed.
In the fnal section of this review, its conclusion is presented.

Te following are the main objectives of this review:

(1) Identify the diferent experimental methodologies
that have been employed to investigate DD
(Section 2).

(2) Identify the outcomes of the studies in this feld
(Section 3).

(3) Discuss these methodologies and results and point
out the potential gaps in this research (Section 4)

2. Components Incorporated within
Methodologies of Existing Studies

Tis section provides a comprehensive review of the
methodologies and procedures utilized in the examined
studies to accomplish their objectives, which involve the
detection of DD and/or the assessment of its impact. Te
characteristics of these studies are infuenced by several
critical elements, including factors that may cause distrac-
tions, the experimental setting, the methodologies and in-
struments employed for data collection, and the approach
used to analyze the data, ultimately leading to the attainment
of experimental outcomes.

2.1. Applied Distracting Factors. Tere are many factors that
could be classifed as distracting. In fact, any engagement to
a secondary task, that would divert attention from driving,
could be considered as a driving distraction [15]. Terefore,
activities such as using a mobile phone, eating, or having
a conversation [36–40] could ultimately be distractions to
a driver. For example, the distracting factor in a study by
Hosking et al. [39] was using a cell phone for sending and
receiving text messages, while in another study by Cassidy
and MacDonald [41], listening to music was the distracting
factor. Tere are a variety of ways to categorize these dis-
tractions. For instance, according to Lee et al. [15], dis-
tractions can be classifed by their sources, which consist of
an object, person, event, and activity. Another study con-
ducted by Pettitt et al. [42] provided a more comprehensive
list of distraction factors and categorized them into 3 groups:
external sources, internal sources (technology-based), and
internal sources (non-technology-based). Young and Lenné
[43] provided a list of individual risky activities without
categorizing them. Given that there are a variety of specifc
distracting factors that have been implemented in the
reviewed studies’ experiments, it is essential that they are
categorized to make the identifcation and comparison of
studies and their outcomes possible. Te categories in-
troduced in this review paper, as included in Table 1, include
hands-free cell phone, hand-held cell phone, texting, con-
versation, cognitive distractions, music, clothing, hair or
makeup, entertainment or information systems, auditory
distractions, eating or drinking, passenger-related distrac-
tions, reaching or turning, and other visual or external
distractions. Te distraction factors were categorized as
such, to create a sufciently descriptive distinction in the
methodologies of each study (see Figure 1).

2.2. Experiment Environments. Tere are two major types of
classifcations for the environments of experiments in this
feld: real and simulated. Te real data are the data gathered
in real-life settings using a real vehicle, and the virtual data
are gathered when a simulation is set as the experiment
environment. Each of these settings ofers specifc advan-
tages. It is argued that the experiments performed in real-life
settings are more reliable as they include more natural
conditions [26, 86]. However, simulators can create envi-
ronments to gather data on isolated and repeatable
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conditions and mitigate the risks of real-life setting exper-
iments [96]. In this study, we classifed the experimental
environments into two groups: real-life settings and
simulation-based settings (see Figure 2).

2.2.1. Real-Life Settings. Some studies design their experi-
ments to take place in real-life settings [46, 49–51, 55, 97].
Tis is where the experiment participants either drive their
own vehicles or a vehicle provided to them to perform their
daily life driving or perform specifc driving scenarios. Most
studies in this feld have their unique defnition of their
experiment environments. One major distinction that could
be pointed out between how studies have defned their
experiment environments under this category is if the routes
and the scenarios of the experiments are predetermined. To
clarify, some studies do not have predetermined scenarios
and encourage the participants to drive their vehicles as they
normally do [98], while some studies have more defned and
predetermined environments, such as test tracks and
closed roads.

(1) Open Road and Naturalistic Settings. As mentioned
above, some experiments choose open roads or naturalistic
settings as their experiment environment. For example, in
studies conducted by Foss and Goodwin [60] and Campbell
[99], acquisition systems, such as sensors and cameras, were
installed in participants’ personal vehicles in order to collect
data on their daily driving behavior. However, it may be
ethically questionable to purposely equip vehicles to capture
DD, given the impact on road safety. Given that it has been
shown that the recent deployment of detection cameras has
reduced the number of mobile phone and seat belt violations
[100], it could be surmised that when drivers are being
observed, their driving behavior could change.

(2) Closed Roads and Test Tracks. Some studies in the feld of
DD chose closed roads or test tracks as their experiment
environment. For instance, in a study carried out by Owens
et al. [51], data collection tools were implemented in a Ford
Contour, and participants were to drive in a 1.4 mile-long
section of a closed two-lane road. In another study by
Ranney et al. [101], their experiment on DD was conducted

on a three-lane high-speed test track located in Ohio. It can
be argued that in these studies, there is more control over the
conditions of the experiment and there are fewer risks as-
sociated with the experiment, when compared with exper-
iments conducted on open roads and in naturalistic settings.

2.2.2. Simulation. Driving simulators are becoming more
popular to be used instead of real-life setting experiments for
analyzing driving behavior and distraction factors
[78, 82, 84, 85, 88, 89]. Tey are cost-efective tools that can
replicate a real-life driving environment [102, 103]. In ad-
dition, using simulators minimizes the risks associated with
these studies and allows researchers to create a variety of
driving and road conditions, which makes them more de-
sirable than the traditional experiment environments. For
instance, a study utilized a static simulator in the Texas A&M
University’s Transportation Institute to collect their desired
data on a simulated four-lane highway [82]. In an experi-
ment carried out by Ahangari et al. [88], simulations of six
diferent road conditions were used to gather the partici-
pants’ driving performance data. Also, to be able to replicate
a more realistic sense of driving, some studies have used
motion simulators in their experiment setup [104, 105].
Motion simulators are able to regenerate motion cues of
a simulated vehicle to deliver a realistic driving experience
[106]. It can be argued that, in the absence of realistic driving
experience, driving behavior can be afected negatively and
the participants might not be able to respond to the required
tasks accurately. An example of this is an experiment
conducted by Horberry et al. [45], where a motion platform
was used to evaluate the impact of hands-free and in-car
entertainment systems on drivers’ performance.

2.3.DataCollectionMethods. Tere are diferent methods of
data collection that have been utilized in the previewed
studies. Most studies use unique datasets that are collected in
their experiments. Tis could be achieved by utilizing
sensors, extracting data from simulators, or gathering
subjective information by questionnaires. Some studies
analyze datasets that are collected from previous studies or
other resources. Te following are some of the more
commonmethods of data collection used in previous studies
(see Figure 3).

Distracting
Factors

Hands-Free Cell
Phone

Conversations

Hand-Held Cell
Phone

Music

Information or
Entertainment

Systems

Eating or
Drinking Etc.

Cognitive
Distractions

Figure 1: Distracting factors associated with DD.

Closed Roads or
Test Tracks

Real-Life
Settings

Simulated
Environments

Open Roads or
Naturalistic

Settings

Experiment
Environment

Figure 2: Diferent environments in DD experiments.
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2.3.1. Sensors. Tere are a variety of sensors that can be used
for the detection of DD. Tis could be through collecting
data on performance measures. For instance, one of the
sensors that have been used is a smartphone’s accelerometer,
gyroscope, and magnetometer to acquire performance
measure data [73, 79, 86]. Also, brake and pedal pressure
could be collected by sensors connected to the pedals
[57, 86, 107]. Furthermore, sensors could be used for the
collection of participants’ physiological data. An example of
that is the implementation of electroencephalography (EEG)
and electrocardiogram (ECG) sensors in an experiment to
gather data regarding the brain activity and heartbeats of the
participants [44, 69, 83, 89, 108–110]. Also, functional near-
infrared spectroscopy (fNIRS) sensors, which determine the
active parts of the cerebral cortex, can be used to monitor
drivers’ state of alertness [111]. Diferent cameras have been
utilized to detect visual features that could assist in detecting
DD [51, 87]. Tese visual features are a series of images
capturing the position of participants’ bodies, heads, or eyes
or recording their movements [46, 57]. To detect certain
body positions, which represent specifc distractions, such as
using a mobile phone, adjusting the radio, or drinking and
eating, a study has used image analysis by utilizing cameras
as the sole method of data collection [87]. Another study
conducted by Rao et al. [91] used a set of images of drivers
safe-driving or distracted, provided by State Farm Insurance
Company of the United States, to construct a multilayer
convolutional neural network (CNN) mode to detect DD.
Also, studies have utilized the “FaceLAB” or other eye-
tracking devices to collect eye behavior data that would
indicate visual engagements with distractions [39, 53,
66, 68, 69, 83, 89, 112–114].

2.3.2. Extracted from Driving Simulation Software.
Another common method to collect data is the extraction of
performance measure data from simulation environments of
simulators. For example, studies extracted driving perfor-
mance measures, such as speed, acceleration, throttle, the
angular velocity of the steering wheel, the lateral and lon-
gitudinal position, time spent and distance traveled veering
outside the lane, number of undesired lane crossings, and
number of collisions during experiments’ simulation, from

simulated vehicle dynamic environment [39, 41,
45, 47, 48, 53, 59, 61–67, 70, 71, 74–76, 78, 81, 84, 88].

2.3.3. Questionnaire. Questionnaires are used in some of the
conducted studies as a method of gathering subjective data
for classifcation and detecting distraction [41, 55, 62,
75, 77, 115]. A multidimensional workload measure called
Driving Activity Load Index (DALI) has been developed and
used to evaluate participants’ mental load while distracted
[58, 116]. Te Driver Behavior Questionnaire (DBQ) is
another applied questionnaire to collect data from partici-
pants’ trafc violations, errors, and other aberrant driver
behaviors [75, 117].

2.4. Data Analysis Methods. Data analysis is an important
aspect of each of the conducted studies in the feld of DD
detection. To classify the methods of data analysis in this
review study, they are divided into two general categories
where either artifcial intelligence (e.g., machine learning) or
conventional data analysis methods are implemented (see
Figure 4).

2.4.1. Conventional Data Analysis. Tere are conventional
approaches of data analysis that have been used for a variety
of quantifable datasets in studies conducted in the feld of
DD detection [76, 77, 81, 83, 89, 90]. For example, a study
implemented an analysis of variance (ANOVA) test to in-
vestigate changes in eye movements of drivers under dif-
ferent conditions [114]. Tere are other examples of
conventional data analysis, which were used to assess the
impact of diferent distracting factors on driving perfor-
mance, such as linear regression [64] and t-tests [90]. For
better understanding the topic of DD and its detection, there
are many factors and variables that should be considered, so
a complex model would be required for the analysis of
collected data. Terefore, it can be argued that conventional
methods of data analysis are not ideal for this purpose and
for providing accurate outcomes. Tis might be the reason
that AI-based methods of data analysis are being used more
often in recent studies in this feld.

2.4.2. Artifcial Intelligence-Based Methods. With the cur-
rent advances in the feld of artifcial intelligence, machine
learning-based methods are becoming more desirable to
implement when data analysis is required [78, 85–88,
91, 118, 119]. Tis is because utilizing these algorithms will
allow the analysis of data that are difcult to interpret,
potentially improve the accuracy and efciency of the
analysis, and give access to real-time feedback of the
implemented DD detection systems [120–122]. Tere are
a variety of machine learning methods that have been used
for the analysis of experimental data in DD detection.
Studies found that support vector machine (SVM) can help
in detecting DD with high accuracy by analyzing drivers’
performance measures, physiological or visual data
[46, 53, 73, 88]. In a study conducted by Ahangari et al. [78],
a Bayesian network was implemented to predict DD by using

Sensors Questionnaire

Extracted from
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Figure 3: Methods of data collection in studies on DD.
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some of the participants’ driving performance measures.
Also, in one study, as the created dataset included visual
information and images, a two-stream deep CNN was ap-
plied to analyze the data and accurately detect manual
distractions [87]. Despite machine learning being consid-
ered an improvement over the conventional methods of data
analysis, the efectiveness and accuracy of machine learning-
based methods will depend on the nature of the data and the
sample size provided [123]. Terefore, some studies have
compared diferent machine learning models to discover the
best performing one based on their datasets [80, 82]. In an
experiment conducted by McDonald et al. [82], seven dif-
ferent machine learning approaches were compared for
a dataset consisting of physiological signals and performance
measures. It was concluded that the random forest algorithm
is the most desirable option as it had the best performance
and accuracy for that dataset [82, 124]. In another study,
seven classical machine learning algorithms and seven end-
to-end deep learning algorithms were used and compared to
detect DD by its participants’ physiological and visual signals
[80]. Tis study concluded that a classical machine learning
algorithm, which was extreme gradient boosting (XGB), had
the best performance amongst the compared methods [80].

3. Results of the Existing Studies

Te results of the studies reviewed in this paper focused on
the infuence of diferent distraction factors on drivers or
their driving performance. For this, the impact of these
factors is classifed in driving performance measures and
drivers’ physiological and visual signals. Te following
subsections describe the fndings of reviewed studies re-
garding these classifcations in detail.

3.1. Driving Performance Measures. Driving performance
measures are data that are not directly collected from the
driver, but rather their performance and data relating to the
vehicle. In this subsection, the brake and steering behavior,
throttle, vehicle speed and acceleration, lateral and longi-
tudinal control, and crash and error possibility are discussed
(see Figure 5).

3.1.1. Brake and Brake Response. As braking and brake
responses are important aspects of driving performance and
the prevention of crashes, it can be concluded that it is

essential to have a comprehensive understanding of the
impact of distractions on them. To do so, some research
studies focus on or incorporate these measures in their
studies on DD detection. Several performance measures that
are studied in the reviewed research papers are categorized
under “brake/brake response.” One of the factors in this
category of performance measures is the brake response
time. Studies have found that brake responses were slower
when there were auditory distractions in the vehicle [54, 69].
Another measure covered in this category is the force ap-
plied to the brake pedal [54]. Collecting data regarding this
measure could help predict the urgency of the brake re-
sponse. For example, a study used this measure to develop
a system for the detection of distractions during driving [82].
In addition, a study with the primary focus on brake re-
sponse has concluded that drivers distracted by mobile
phones tend to reduce their initial speed with a delay and
brake more aggressively when there is a need for de-
celeration, compensating for this delay [63]. Other studies
have investigated the correlation between distractions, such
as hand-held/hands-free phone use, texting, and other vi-
sual, manual, and cognitive distractions, and brake response,
with similar fndings [48, 49, 62, 63, 73, 76, 88, 125]. It has
been found that this efect worsens during night time [49].
Some studies have found listening to music while driving
does not infuence the brake response or response time
[126]. Lastly, this performance measure has been used to
developmachine learning models to detect distracted drivers
[57, 59, 78].

3.1.2. Speed, Speed Rate, and Trottle. Vehicle speed is
another performance measure that has been widely studied
when it comes to its correlation with DD. Vehicle velocity
and the ability of the driver to control it are crucial in road
safety and hazard management [127, 128]. Tus, many
studies compare the average increase or decrease in vehicle
speed, as well as speed fuctuations and variations. It has
been found that when drivers are distracted by secondary
tasks, such as phone use and texting, they lower their speeds
to compensate for their distraction [45, 48, 50, 52, 62,
63, 71, 75, 77, 84, 89, 90, 129]. One study claimed that being
distracted by clothing, eating, or drinking causes drivers to
drive slower when compared to no cell phone, hands-free
call, hand-held call, voice command text, and texting con-
ditions [84]. Furthermore, according to studies, the vehicle
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speed of a distracted driver is dependent on diferent factors
[84, 88]. For example, a study found that when drivers are
distracted (by hand-held/hands-free phone, texting, the in-
fotainment system, or clothing and eating) in rural roads with
low trafc fow, drivers tend to drive over the speed limit [88].
Also, studies have found that listening tomusic could infuence
this performancemeasure [41, 55]. However, a study has found
that there is no signifcant correlation between this form of
distraction and driving speed [44]. Moreover, a research study
found that some distraction factors including phone conver-
sation, texting, engagement with music player, and listening to
music will create an increase in the speed fuctuations or reduce
speed control [74, 81, 82]. On the other hand, based on another
research, listening to subjectively interesting audio could re-
duce the variance in vehicle speed [69]. Furthermore, vehicle
speed, its rate of change, and throttle have been used as input
elements of machine learning models to detect DD
[53, 57, 59, 78, 79, 86, 88].

3.1.3. Lane Position and Lateral Control. Lane positioning
and lateral control are considered another important cate-
gory of performance measures that are afected by DD. In
some studies in this feld, it is mentioned that distractions
can cause a higher level of lateral deviation from the
intended lateral position, which is usually the center of road
lanes and could be linked to a higher level of crash risk [81].
For instance, in some studies, the standard deviation of
vehicle’s lane positions in baseline (non-distracted) and
distracted conditions was measured and it was found that
these values are higher when drivers are distracted by lis-
tening to subjectively interesting audio, texting, phone
conversations, or visual distractions [39, 47, 48,
61, 67, 69, 70, 75, 89]. Another study concluded that visual
distractions’ efect on lane positioning depends on the gaze
direction and manual interference. Tis shows that if the
driver is gazing away from the road due to the distraction,
and when they engage in a manual task, they change lane
positioning more frequently [66]. Also, it has been found
that conversation, texting, operating the music player, and
listening to music during driving activities can increase the
standard deviation of the lane position. Another related
factor evaluated in studies in this feld includes undesired
lane crossings. Some research studies have claimed that there
are no signifcant impacts on this factor when drivers listen
to music and use hand-held or hands-free phones [44, 56].
However, some studies have found more lane departures
when there is engagement with secondary tasks such as
texting and phone conversation [64, 65, 74, 75]. Some other
studies have stated that the impact of texting on this factor,
undesired lane departures, is more apparent if the duration
of this task is longer, or if the driver is older than 60 years old
[64, 75]. Also, some studies have used lane positioning
behavior to defne abnormal or distracted driving behavior
or create a model to detect distracted driving [59, 73, 78, 82].

3.1.4. Steering. Steering behavior is another key category of
performance measures that can be accounted for as the
outcome of being distracted while driving. One factor that

would be under this is the variation in steering wheel angle.
Some studies have found that the standard deviation of the
steering wheel angle would be higher if the driver is dis-
tracted by phone conversations and manual distractions
such as music player, texting, or listening to music
[51, 67, 70, 81]. It should be noted that it has been found that
some forms of distraction, such as texting, have a higher
efect on variation in steering wheel angle, and some, such as
listening to music, have a lower infuence on this factor
[70, 81]. In addition, it has been claimed that in the younger
and the male demographics, the variation of steering wheel
angles is impacted less by distractions, when compared to
other demographics [70, 81]. Another factor that could be
used to detect distraction is the quantity of statistically large
steering corrections or steering wheel reversal rate, which is
normally caused by compensation for unintended or un-
desired lateral positions. Research studies have found that
when drivers are distracted by secondary tasks, they will
have more steering wheel corrections [66, 70]. Te intensity
of this factor, the steering wheel correction, is dependent on
the type of distraction. A study fnds that non-visual dis-
tractions cause smaller steering wheel reversal rates than
visual tasks [66]. Moreover, it is found that the maximum
steering wheel velocity and its standard deviation can be
infuenced by distractions. Some research studies also
conclude that texting while driving increases the maximum
steering wheel velocity and its standard deviation [51, 75].
Also, in conducted studies, steering performance factor data
have been used to develop machine learning models to
detect distraction in drivers [53, 57, 59, 79, 86].

3.1.5. Headway and Longitudinal Control. Headway or the
distance between the subject vehicles and the vehicles in
front of them could be of interest in studying DD. Some
studies have measured this distance or the headway time and
compared baseline conditions with distracted ones [50, 81].
Research studies have found that when drivers are distracted
by a mobile phone conversation, texting, manual distrac-
tions (infotainment systems), or auditory distractions (audio
or music), they leave more space between their vehicles and
the vehicles in front [39, 47–50, 56, 67, 69, 76, 81]. Some
studies suggested that younger and male participants’
headway distance, in their experiments, was less infuenced
by distractions, such as texting [61, 81]. Also, it has been
concluded that this impact becomes more severe during
nighttime [49]. However, there are claims that hands-free
phone conversations do not afect this performance measure
[56]. Furthermore, this performance measure has been used
for the development of a machine learning model to detect
visual and cognitive distractions [59, 82].

3.1.6. Crash Probability and Error Rate. Te crash proba-
bility and error rate of drivers could be another driving
performance measure that is evaluated for the detection of
driving distractions. One study found that on rural roads, the
chance of collision during an interruption, such as animal
passing, becomes higher; also, on freeways, the probability of
crashes with other cars moving at the expected velocity
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increases, when the driver is distracted by phone, texting, or
manual distractions [88]. Other studies have found that when
the participants were distracted by music, especially high
arousal music, the number of collisions, unintended lane
crossings, and disregarded red trafc lights rises [41, 44].
Another study concluded that phone conversations, texting,
using the music player, and listening to music cause driving
performance degradation which leads to a higher risk of car
crashes [81]. Moreover, it has been shown that using hand-
held phones and texting can considerably increase the risk of
crashes, while hands-free phones do not have this impact
[56, 60, 62, 64, 71, 75, 76, 129]. It has been argued that while
distracted by texting, older drivers have a higher probability of
crashes [75]. Also, these distractions would increase the
chances of mistakes in navigation and following driving in-
structions [47]. Moreover, the probability of crashes for
distracted driving has been a factor used for developing
a machine learning method to detect driving distraction [78].

3.2. Drivers’ Physiological and Visual Signals. Drivers’
physiological and visual data can be impacted by distractions
based on the results of the previous studies
[46, 89, 113, 130–132]. Te physiological data are data di-
rectly gathered from the drivers’ bodies such as heart rate,
brain activity, breathing rate, skin temperature, and eye
movement. Te visual data refer to collected information
relating to the position or movement of diferent body parts
of the drivers. Tese studies either discuss the quantifable
changes observed in these physiological and visual signals or
use these data for the development of distraction detection
methods (see Figure 6).

3.2.1. Heart Rate. One of the physiological signals that have
been used for the detection of distracted drivers is their heart
rate. Tis is because short-term heart rate variability could
refect the cognitive workload of a driver [130]. Studies have
found that visual and cognitive distraction can cause an
elevated heart rate in a driver [52, 89]. Te rate of this el-
evation is dependent on the complexity and the engagement
level of the distractor [89]. Also, a study has found that the
efect of cognitive distraction on heart rate is more severe in
young drivers and not considerable in middle-aged drivers
[52]. According to a study, there is not a measurable dif-
ference between the heart rate of a driver listening to music
or subjectively interesting or uninteresting audio or one not
listening to any audio [44, 69]. However, this physiological
signal has been used to develop a machine learning model
for the detection of driving distraction by texting or having
a conversation [82].

3.2.2. Brain Activity. It has been found that it is possible to
detect changes to brain activity while performing specifc
tasks during driving [131]. Terefore, brain activity and
mental workload are other physiological signals that can be
evaluated to detect distraction in drivers. Studies have ob-
served that when drivers are distracted by cognitive dis-
tractions, there will be a higher brain activity in their frontal

lobe based on EEG band readings [93, 133, 134]. Another
study found that brain activity, or to be more specifc, alpha
spindles rate, increases when drivers are distracted by an
auditory distraction [135]. Also, a study implemented a se-
ries of questionnaires to collect subjective ratings of the
mental load of the participants and used this information to
detect DD [58].

3.2.3. Breathing Rate. Breathing rate is another physiolog-
ical signal that could be used for the detection of DD. It has
been found that performing highly demanding mental tasks
causes a higher respiratory rate [136]. As mentioned in the
previous subsection, driving distractions could lead to ele-
vated mental workload. Terefore, data regarding a driver’s
breathing rate could be used for the detection of DD. Also,
this kind of physiological data has been used for the de-
velopment of a machine learning model to detect distracted
drivers [82, 132].

3.2.4. Skin Conductivity and Perspiration. Measuring skin
conductivity, which is directly related to perspiration, is
another method that has been used for the detection of
distracted drivers. It has been found that skin conductivity
increases when drivers are distracted by visual and auditory
distractions [89]. Studies have used the palm electrodermal
activity and nasal electrodermal activity to measure skin
conductance response and used the collected data to develop
machine learning methods or other statistical methods to
detect distraction, such as cognitive distractions and texting
activities while driving [65, 80, 82].

3.2.5. Body and Head Movement. Another method for
detecting distraction in drivers could be studying body or
head positions and movements. According to a study, head
position data, or to be more specifc the pitch and yaw of the
driver’s head, could be used to indicate the driver’s feld of
view and focus of attention [46]. Tis information could be
used for the detection of diverted vision of drivers. Some
studies use drivers’ body or head positions, which are usually
measured by cameras and image analysis using machine
learning methods, to detect diferent DD conditions such as
using the phone, texting, engaging with the infotainment
systems, reaching or turning, eating and drinking, doing
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makeup, and talking with passengers [57, 59, 68, 72,
85, 87, 92, 95].

3.2.6. Eye Movement/Pupil Size/Blinking. Tis category of
physiological signals is a commonly used set of information
utilized to detect driving distractions. One factor in this
category is the vision focus. A study has found that when
drivers are engaged with hand-held or hands-free smart-
phones, they lose some peripheral vision or exhibit tunnel
vision [113]. Furthermore, based on some other conducted
studies, distractions, such as specifc tasks during phone use
and other manual and visual distractions, would cause
longer and a higher number of of-road glances
[39, 51, 56, 66, 83, 89, 94]. It has been found that this efect is
more prevalent in younger drivers [60]. However, one study
has claimed that cognitive distractions can cause drivers to
be more focused on the center of the road, when compared
to the not distracted condition [89]. Moreover, pupil di-
ameter is another factor under this category that has been
considered as a physiological signal that could assist with the
prediction of distraction during driving activities. A study
has reported that the diameter of the driver’s pupil will have
a slight decrease on average and a considerably lower
standard deviation with the existence of audio distractions
[69]. In addition, it has been found that hand-held and
hands-free phones could increase the frequency of blinking
during a driving task of taking over a car in front [114]. In
general, eye-tracking data have been used to develop
a machine learning model to detect distractions while
driving [57, 68, 80].

 . Discussion

In this section, the reviewed studies are assessed, and the
research gaps associated with them are discussed. Table 1 has
been created to build a more comprehensive understanding
of each element of themethodology and results of the studies
that are reviewed. As illustrated, diferent aspects of the
methodologies and the outcomes of the reviewed research
papers are categorized. In Table 1, the experiment envi-
ronments, distracting factors, analysis method, and the
method of distraction detection are classifed. Tis table
visualizes the work done in this feld. In this review, the
methodologies and experiment setups of the reviewed
studies are discussed in detail. Tese factors have been
reviewed and described to assist future research and to create
a clear image of the existing methods regarding the research
in the feld of DD detection. Based on the objectives of
research or the availability of tools and technology, these
methodologies could be selected for the related studies.

Te distracting factors considered are a major element of
the reviewed studies. In some of the studies discussed above,
it has been pointed out that diferent distracting factors will
have an impact on the intensity of distraction and sub-
sequently on the drivers’ performance [56, 60, 62,
64–66, 71, 74–76, 129]. It could be argued that to have
a comprehensive research experiment, the infuence of
several distracting factors and their intensity that cause

diferent types of distractions, such as visual, cognitive,
auditory, and manual, are studied and analyzed. As dis-
cussed in Subsection 2.2, while there are advantages of real-
life setting experiment environments, simulators can sim-
plify research by mitigating most risks that are associated
with a driving experiment and allow scholars to research on
specifc scenarios or study the impact of a specifc factor.
Terefore, it could be claimed that they would be more
desirable to be utilized as the experiment environment [96].
Also, the use of driving simulators has allowed the re-
searchers to widen the type of experiments they can explore
in a safer environment as well as to retrieve performance
measure data from these simulators. It should be noted that
utilizing a motion platform could increase the complexity of
experiments because if the visual and motion cues of the
simulation do not fully match, they can cause motion
sickness [137]. However, they are capable of creating a more
realistic experience for the participants and therefore bring
out natural reactions from experiment participants [138]. In
addition, using simulators, researchers will have more
control over the types of scenarios, weather conditions, types
of terrains, trafc conditions, etc. Tis can be quite im-
portant as it has been shown that conditions such as extreme
weather can infuence the risks associated with driving and
performance measures [139, 140].

As mentioned in Subsection 2.3, there are several
methods to collect data for the conducted experiments. It is
important that the validity and accuracy of the collected data
are considered. For example, questionnaires could be in-
formative measures, but they are subjective and could create
uncertainty in the validity of the gathered data [141, 142]. On
the other hand, certain questionnaires, such as the Sus-
ceptibility to Driver Distraction Questionnaire (SDDQ),
which are developed to better understand driver distrac-
tions, are shown to be relatively reliable for the purpose,
while providing important data to the scholars [143]. Also,
implementing sensors is a common method to gather
a variety of data. With the use of current technology, it has
become easier to collect data regarding the physiological
signals of experiment participants. For instance, EEG signals
have been utilized to monitor the rates of participants’ brain
activity and the level of attention [144]. However, they are
likely to be infuenced by participants’ muscular activities or
heartbeat, which will lead to inaccurate readings of EEGs
[145]. Terefore, it is important when using sensors that
their accuracy and potential error in the data they provide
are considered and assessed.

Furthermore, as it has been previously mentioned,
a method of data analysis for many of the reviewed studies
is the artifcial intelligence-based analysis method. As
shown in Table 1, the AI-based methods are becoming
increasingly popular for certain datasets related to DD.
While the utilization of AI-based models might be pre-
ferred to the conventional data analysis methods, each of
these models has its pros and cons and is suitable for certain
types of datasets. For example, support vector machine
(SVM) algorithms have been used for DD detection by
performance measure, physiological and visual data
[46, 53, 73, 88]. It has been claimed that this method of
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machine learning is not ideal for large datasets as it has
a high training time, it is sensitive to unscaled data, and it
does not perform well when there is a high level of noise in
the data [82, 146–148]. Another machine learning algo-
rithm that has been used in the existing studies in this feld
is random forest (RF) [82, 124]. While in these cases, this
algorithm was more accurate in prediction of DD than
SVM algorithms, it has been claimed that the disadvantages
of using this algorithm include inaccuracy when used for
regressions, being slow due to its complexity, lack of
control or knowledge on what the model does, and in-
stability and sampling errors [82, 146, 148–150]. Another
study compared several classical machine learning and
end-to-end deep learning methods, including random
forest (RF), extreme gradient boosting (XGB), long short-
term memory (LSTM) network, and spectro-temporal
ResNet (STRNet), for the detection of DD by physiologi-
cal and visual signals. Tis study concluded that the XGB
algorithm was more accurate than RF and the other al-
gorithms for its data analysis purposes [80]. Tis algorithm
has been shown to be accurate and efcient [151–153];
however, it could be claimed that it has a relatively higher
risk of overftting than some of the other algorithms [153].
Furthermore, in recent years, studies have commonly used
deep learning algorithms, such as convolutional neural
network or LSTM network, for image classifcation and
detection of specifc distraction factors [72, 80, 85,
154–159]. It should be pointed out that deep learning
models are generally intensive computational models,
which require a large, clean, and well-structured data
sample [160]. Terefore, it is important to recognize that
even if one machine learning algorithm performs well for
one dataset, it might not be ideal to use it in another ex-
periment. Also, the feld of artifcial intelligence is con-
stantly growing and improving. Terefore, it can be argued
that the accuracy and efciency of AI-based models could
improve further. Te feld of artifcial intelligence (AI) is
constantly evolving and advancing, and there are many
exciting future works that could be conducted. One im-
portant area of focus will be on developing AI systems that
are more transparent and explainable, so that users can
understand how they make decisions and trust their out-
puts [161]. Another challenge will be to continue improving
AI algorithms and models to make themmore accurate and
efcient, while also addressing issues of bias and fairness
[162]. Additionally, as AI becomes more ubiquitous in our
daily lives, there will be a need to ensure that ethical
considerations are incorporated into the development and
deployment of these systems [163]. Overall, the future of AI
in DD detection is promising, but there are also many
important challenges that must be addressed to ensure its
benefcial use.

Te impacts of distractions on drivers’ performance
measures have been comprehensively researched. Tere is
a clear agreement that the brake responses are delayed
when drivers are distracted, especially if the distraction
causes the driver to look away from the road. Also, to
compensate, drivers tend to reduce their speed while
distracted and their headway distance gets infuenced.

Furthermore, their steering behaviors and lane control
responses sufer, as there are more sudden steering and
undesired lane positions when they are distracted. Be-
sides, the conducted studies have concluded that the
probability of crashes and driving errors increases when
drivers are engaged in secondary tasks. Drivers’ physio-
logical and visual signals have been utilized to detect
distracted drivers in previous studies’ experiments.
Physiological signals have not been utilized for long, in the
feld of DD detection, but some of the existing studies have
found a direct link between some physiological signals,
such as heart rate, brain activity, and skin conductivity,
and DD. It has been found that DDs cause the elevation of
heart rate, brain activity, and skin conductivity
[52, 89, 133, 134]. Also, it has been shown that some
driving distractions would decrease the peripheral vision,
increase of-road glances, and change pupil diameter.
Some other studies have used this information to develop
machine learning-based methods to detect distracted
drivers [39, 51, 56, 66, 83, 89]. With image analysis and
implementation of machine learning techniques, such as
neural networks, the visual signals of drivers, which
consist of their head and body movements, can be used to
monitor DD [72, 80, 154–156].

From Table 1, the following gaps can be found, using the
categories described in the fowchart (see Figure 7).

4.1. Experiment

(a) Tere is a lack of comprehensive research on the
infuence of distraction on drivers in vehicles with
partial, high, or full automation (level 2+ in SAE
classifcation)
While the infuence of DD in level 2 automated
driving has been investigated [83], there is a gap in
the research on DD and its impact on driving in
higher levels of vehicle automation.

(b) Tere are no studies that consider and evaluate the
impact of DD based on participants’ age and gender
while measuring their physiological data, excluding
heart rate and eye-tracking data.
While some studies have examined the impacts of
DD on diferent demographics performance mea-
sures [45, 61, 64, 70, 75, 81], eye-tracking data [60],
or heart rate [52], none have researched its impact on
other physiological signals.

(c) Tere is the absence of examination on the impact of
manual distraction such as the use of entertainment
or information systems on participants’ breathing
rate and objective data regarding brain activity.
While some studies have considered the impact of
manual distractions on performance measures
[45, 59, 61, 77, 81], skin conductivity [89], heart rate
[89], and eye-tracking data [51, 57, 83], none have
considered other physiological signals.

(d) Tere are no studies that have extensively investigated
the infuence of music in general or diferent genres of
music on all drivers’ physiological signals.
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While there are studies that have investigated the in-
fuence of music or diferent tempos of music on
driving performance [41, 54, 55, 81] or drivers’ heart
rate [44], none have extensively compared the impact
of diferent genres of music and none have examined
their infuence on other physiological signals.

4.2. Environment Experiment

(a) In the experiments performed on simulators or in
real-life settings, there is a lack of applying a variety
of road and weather conditions. For example, the
infuence that diferent weather conditions can have
on driving distractions is not identifed.
While the impact of DD in road types and trafc
complexity has been examined [62, 164], other
conditions that may infuence this have not been
investigated.

(b) Tere are gaps that have not been explored where the
experiment setup consists of a motion platform,
especially when the impact on the physiological data
is considered.
While motion platforms have been used for evalu-
ating the impact of DD on drivers’ performance
measures [39, 45, 58, 63, 76, 164], the impact on
drivers’ physiological signals has not been consid-
ered when they are utilized.

4.3. Data Collection Methods

(a) Tere is a lack of study investigating, depending on
the type of distraction, which type of signals is more
accurate to identify the distraction.
For instance, a study has utilized EEG to evaluate
brain activity [135] and another has used

a questionnaire for the same purpose [58]. However,
there is not a study that has compared the accuracy of
the results based on two diferent methods of data
collection.

4.4. Impact of Distraction

(a) Tere is a lack of comprehensive research on the
infuence of distracting factors on some of the
drivers’ physiological signals, such as brain activity
and breathing rate.

(b) Tere are other physiological signals such as muscle
activity (EMG), cardiovascular dynamics (BVP), and
body temperature that might be impacted by dis-
tractions that have not been considered in the
reviewed studies.

(c) Tere is not a comprehensive study that discovers
and compares the impact of several diferent dis-
tracting factors on the physiological reaction of
drivers.

4.5. Data Analysis

(a) With the improvements that are constantly being
made in the feld of AI-based algorithms, newmodels
could be used to improve the accuracy and efciency
of data analysis. AI-based methods poorly fused
signals from diferent sources (images being themain
sources of data).

5. Conclusion

In this paper, a comprehensive review of existing studies in
the feld of driver distraction detection was conducted.Tere
are a variety of methodologies and experiment setups that
are utilized to investigate driving distractions and their
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Figure 7: Flowchart for visualization of aspects of experiment design in the feld of DD.

Journal of Advanced Transportation 11



impact on drivers and their driving performance. Te
elements of methodologies categorized and discussed in
this study are distracting factors, experiment environ-
ments, data collection, and analysis methods. Te review
of these elements was conducted to create a general un-
derstanding of the tools and methods that have been used
in the research of this feld. Moreover, an important aspect
of these studies is their fndings and results. In this study,
the results were categorized into performance measures
and physiological and visual signals. Te reviewed studies
aimed to assess the impact of DD on one or more per-
formance measures or physiological and visual signals. By
reviewing these results, it is clear that most studies
conclude that there is a considerable impact on drivers
and their driving performance when they are distracted.
Also, the fndings suggest that driver distraction is a se-
rious concern for road safety, as it can impair driving
performance and cause accidents. Depending on the type
of distraction and level of engagement required for the
distracting tasks, these measures could be infuenced
diferently. It should be mentioned that there are some
diferences in the outcome of their experiments that might
contradict each other, but the vast majority of them do not
have major divergence in their conclusions.

Lastly, in the discussion section of this study, diferent
methodologies and fndings of some of the reviewed studies
were identifed and illustrated in Table 1. Tis table was
made to assist readers with having a general understanding
of the state of the art and the areas of interest in this feld.
Also, in this section of this review study, discussions were
created to compare diferent elements of the existing
methodologies. Tese discussions draw attention to the
value of testing a variety of distracting factors, the advan-
tages and disadvantages of diferent experiment environ-
ments and data collection methods, and the importance of
selecting the appropriate AI-based methods for data anal-
ysis. Furthermore, in the discussion section of this study, it is
pointed out that despite minor disagreements between the
reviewed studies, it can be concluded that DD has a clear
impact on drivers and their driving performance measures.
Moreover, some gaps that have not been explored in this
feld are mentioned to assist further research in this feld.Te
review of the methodologies used in these studies and their
fndings provide insights into the tools and methods that
researchers use to investigate driver distraction, which can
help guide future research in this area. Overall, this paper
highlights the importance of understanding the impact of
driver distraction on driving performance and safety and
provides a comprehensive review of the existing literature on
this topic.
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