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With the increasing number of people killed by distracted driving, drivers' attention has
become a fundamental challenge recently. Performing non-driving-related tasks can make
drivers manually, visually, and cognitively distracted. Therefore, there are various
definitions and categories for distraction based on the distraction source. Yet, detecting
manual and visual distractions are easily but cognitive distractions are hard to identify and
measure. Thus, detection, assessment, and evaluation of driver’s distraction seem crucial in

the safety area. This study aims to (a) present different definitions of driver distraction, (b)
introduce various methods to detect driver inattention, and (c) discuss each method's pros
and cons and give an insight for an all-inclusive measurement to detect drivers’ distraction.

1. Introduction

As reported by National Highway Traffic Safety
Administration (NHTSA), one of the leading causes of
traffic crashes is distracted driving. Distraction-affected
crashes included 8 percent of fatal crashes and 15 percent of
injury crashes in 2018 [1]. Many factors can affect drivers'
attention, like using a cellphone, interacting with In-vehicle
Information Systems (IV1S), applying music player, eating,
drinking, adjusting the hair, checking the makeup, and even
daydreaming or just becoming lost in thought. Hence,
regarding the tasks drivers perform, they can become
manually, visually and mentally (cognitively) distracted.
Visual and manual distractions can easily and directly be
detected and measured. But cognitive distraction is hard to
detect and evaluate directly. Therefore, other approaches
have been utilized to measure it. Accordingly, there are
several definitions and techniques to evaluate and measure
drivers’ attention. A brief review of these approaches is
presented in this study, focusing on different definitions of
distraction and various methods of measuring it based on the
distraction type.
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2. Driver Distraction Definitions and Categories

The term distraction has many faces and several aspects
and can affect drivers in various ways. Thus, there is no
generally accepted definition for it with the existing
knowledge. Over past years, more than 50 definitions have
been found for driver's distraction and inattention [2] which
each has its concentrations, gaps, pros, and cons. Basically,
regarding the area of interest of the researchers, different
definitions can be utilized. For example, the scientist may
focus on drivers’ inattention and define distraction as
“insufficient, or no attention, to activities critical for safe
driving” [3]. Some other studies concentrate on the driver’s
diversion of attention which goes to the “divert driver
attention away from the driving task to focus on another
activity” [1,4,5]. Moreover, some other cases pay more
attention to the delay in showing an appropriate reaction to
other subjects while performing the driving task. Thus, they
apply “delayed in the recognition of information needed to
safely accomplish the driving task because some event,
activity, object, or person within or outside the vehicle
compels or induces the driver’s shifting attention away from
the driving task” as a definition for distraction [6,7].
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As stated by NHTSA, driver distraction can generally be
divided into three major categories: visual, manual, and
cognitive distraction [8]. Visual distraction happens when
drivers look away from the road to achieve some information
or control a device, for instance, choosing a song, checking
a text message, or answering a call. Manual distraction
occurs when drivers remove their hands off the wheel, for
example, trying to reach back seats, eating, drinking,
adjusting the hair, or checking the makeup. Cognitive
distraction takes place when drivers think about something
unrelated to their vehicle control duties like daydreaming, or
just becoming lost in thought [8]. Any type of these
distractions can have an impact on drivers’ performance
independently or in combination with other forms of
distractions.

3. Distraction Measurements

Regardless of the differences between distraction types,
both cognitive and visual distractions are regarded as
significant factors in determining driver behavior. Visual
distraction can be indicated by the number of glances, mean
glance duration, single glance duration, percent dwell time,
total dwell time, blink duration, pupil diameter, etc [9-11].
Visual distraction can impact drivers’ performance in many
ways either directly like by diminishing perception,
increasing glance duration, or indirectly by increasing the
drivers’ vigilance. Enhancing the vigilance, motorists need
to reduce their speed and increase the distance with the
leading car to be able to show appropriate response to any
potential unexpected situation [9]. Visual and manual
distraction can easily and directly be detected and followed
through driver’s behaviors like the time they look at the
billboards or take their hands off the wheel to play music.
However, cognitive distraction is internal and hard to detect
and notice directly. Thus, to measure cognitive distraction,
most inquiries applied other approaches like driving
performance, secondary task performance, physiological
measures, subjective assessments, and behavior measures
[12,13].

3.1. Driving Performance (Vehicle-Based Measures)

One of the major approaches that researchers apply to
identify driver’s distraction is driving performance which
can be distinguished through vehicle-based measures [14]. A
bunch of studies in this area demonstrated that performing
distracting tasks while driving, drivers showed significant
changes in vehicle speed [15,16], reaction time [17,18],
missing traffic signs and lane-keeping position [19]. For
instance, Engstrom et al. (2005) applied measurements like
vehicle speed deviation, steering wheel angle and lane
position to evaluate driver’s performance. Their results
revealed getting distracted, drivers reduce their speed and
increase lane- keeping variation [15]. Furthermore, Ahangari
et al. (2020) measured the driver’s behavior such as speed,
throttle, brake, steering velocity, offset from road center, and
lane change under different distraction sources. Their
analysis indicated that driver’s behavior like lane changing,
speed fluctuation, and road center deviation was
significantly meaningful when they were driving under
distraction conditions [20]. In addition, some studies

concluded that the performance of distracted drivers can
increase the crash risk by rising the braking frequency and
mean reaction times to a stimulus or steering and braking
responses [17,21,22].

As stated earlier, driving performance measures relied on
drivers’ performance. But some drivers may drive without
any deviation even when they get distracted. Hence, this
method can detect distraction to some extent, and the fusion
of this approach with other techniques of evaluating driver’s
distraction is highly recommended.

3.2. Secondary Task Performance

The main task for drivers is driving and, they can get
distracted when they are busy concentrating on a secondary
task like using a cellphone, music player, or In-vehicle
Information Systems (IV1S), etc. Therefore, involving in any
kind of non-driving-related secondary task or activity can be
considered as a distraction for motorists [13]. This can be
also measured by the number of detecting a specific
event/object or the number of wrong answers to some
specific questions [12].

Yet, performing a secondary task is not necessarily equal
to getting distracted. Drivers can perform secondary tasks
and do not get distracted because of the low level of
distractive activity, drivers multitasking, etc. Therefore,
using this method can be useful and efficient in conjunction
with other methods.

3.3. Physiological Measures

There are driving situations in which the drivers are
distracted, but they did not show any distraction in their
performance like changing or leaving the lane. Therefore,
distraction identification cannot happen just based on driving
performance [14]. Hence, to avoid this problem, the
physiological measures can be applied. In this method
physiological (e.g., neurological, cardiovascular and ocular)
measures like heart rate (HR), skin conductance responses
(SCRs), blood pressure, respiration, hormone levels, EEG,
oxyhemoglobin/ deoxyhemoglobin changes [23] can be used
to detect driver’s inattention. For example, it is found that by
the increment and decrement of the activity level of the
cerebral cortex region, the blood flow in this area varies
accordingly [24]. This phenomenon leads to an increase in
oxygenated hemoglobin (HbO:) and a decrease in
deoxygenated hemoglobin (HbR) in the active brain area
[25]. Heart rate can easily be used to detect the driver’s
attention as well. Cognitively distracted, the driver’s heart
rate shows significant changes and increments [14,26].

As the physiological signals are not based on drivers’
responses, they can be considered a reliable method to detect
the attention of the drivers.

3.4. Subjective Assessments

When the drivers’ inattention is detected by either the
participants, regarding their own opinion [10, 20, 27] or
external trained observers [12,28] based on their evaluation
of the driver’s performance, this method is called subjective
assessment [29]. There are some standard questionnaires
include NASA task load index (NASA-TLX), driving
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activity load index (DALLI), subjective workload assessment
technique (SWAT), rating scale mental effort (RSME), and
modified Cooper Harper (MCH) scale which is usually
applied for self-report distraction and completed by
participants immediately after finishing each experiment
[12]. In the subjective assessment method by external
evaluators, perceptual evaluations from external observers,
subjects who did not participate as drivers during the
recordings are used to identify distraction. The assumption is
that trained external evaluators with driving experience can
detect participant’s distraction by watching videos showing
both the drivers’ behavior and the road [29].

In this method, the level of distraction for a specific
interval like every 5 minutes is measured. Therefore, sudden
distraction changes cannot be taken into consideration. Also,
as the assessment is based on the subject’s idea, their opinion
may not be precise and accurate. As a result, subjective
assessment is an appropriate method in combination with
other measurements or can be used to confirm inattention
through other means.

3.5. Behavioral Measures

Vision has been asserted as the largest single resource
available to the driver and the primary processing input in
driving [14]. Behavioral measures like eye movement
patterns and head positions can easily be collected by eye
trackers, or by application-specific computer vision
techniques [13,30,31,32] Various measures from eye
movement matrices like eye blinks, fixation, gaze angle,
pupil dilation, and glance duration have been used to find
distraction [14,29,33,34]. It was found that distracted driving
is in association with the high frequency of off-road glances,
longer total eye-off-road time [17], high frequency and
duration increment of eye blink, and dilated pupil [35,36].

A gaze behavior is determined as a fixated gaze on an
area in the targeting environment or a shift in gaze from one
environmental area to another [37]. Gaze angle and gaze
duration are applied as measures to figure out if the drivers
concentrate on their driving tasks or they take more time
performing other tasks like interacting with IVIS [14]. There
are studies that reveal distracted drivers show a significant
decrease in their glancing at the instrument panel and side
mirrors [14,22]. Moreover, when drivers were distracted
visually and cognitively, the standard deviation of gaze angle
was decreased substantially [15], and longer interactions
occurred for some tasks [38].

Fixations are the moments where a respondent's gaze-
point remains almost stationary for a minimum amount of
time [29]. It is thought that, for the brain to meaningfully
process the visual information, our eyes need to remain in
one location for a minimum amount of time (about 100
milliseconds) [39]. In that sense, fixations could be
understood as the moments that respondents meaningfully
look at something. The fixation position and duration may be
related to attention direction and the amount of information
perceived from the focused region [17]. Several studies have
shown links between fixation duration, gaze angle and
distraction [9,29]. For instance, it has been indicated that
doing secondary tasks, like interacting with IVIS, increment

in the fixations in the center of the roadway and decrement
in the fluctuation of fixation position is expected [38].

The pupil is the part of the iris that allows light to pass
through to the retina [14]. It was found that mental effort and
cognitive distraction can affect pupil size [35].

Although this method has some advantages and is used
by lots of researchers it has some disadvantages too. The
outputs of this method are mainly extracted from eye
information. Yet, eye information is in a strong relationship
with other variables, like, the changes in light, vibration,
noise, etc. which may affect the output data. For instance,
pupil diameter is highly sensitive to light changes that are not
necessarily related to the driver’s inattention [40].

4, Discussion

As previously mentioned, there are various definitions
and techniques to identify distraction while most of them
have their strength and weakness. To develop a
comprehensive system to detect driver’s attention, applying
a combination of measurements is needed. To this aim, some
studies fuse various methods to identify distraction. For
instance, the combination of cognitive and visual distraction
has been investigated frequently [4,15,23]. But there are very
limited studies that explore all sources of distraction or
utilize its different features simultaneously. However,
regarding technological advancement, performing all-
inclusive distraction studies by modern equipment (e.g.,
functional Near-Infrared Spectroscopy (fNIRS), modern eye
tracker and driving simulators) is needed. These researches
expected to consider various driving features like driving
performance, physiological, behavioral, and subjective
measures simultaneously to increase the safety [41] and
reduce crashes [42].

5. Conclusions

Distracted driver behaviors can vary regarding the source
of distraction. They may get distracted either manually,
visually, cognitively, or the combination of all these types.
Moreover, there are various methods to detect driver
inattention and measure it. While each technique has its own
merits and demerits, the combination of numerous ways for
detecting inattention will pave the way for an efficient
detection system.
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