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Abstract: Modern vehicles are equipped with a large number of functions available to drivers. This is accompanied by a
change towards touch- and speech-based interfaces while physical controls are being used less. However, to reduce driver
distraction, it is crucial to use a suitable human-machine interface for operating a given function. Both the modality of the
interface and task complexity affect driver distraction. Although this is targeted by Euro NCAP’s General Vehicle
Controls, it mostly focusses on simple single-step tasks and lacks information on the aspects that make each interface
modality safe. Therefore, our study further investigated the effect of task complexity (simple or complex) and interface
modality (physical controls, touch-based, and speech-based interfaces) as well as select design aspects for each modality
(e.g. reachability, button sizes, error handling) on driver distraction. In a driving simulator experiment, participants
(/V =130) operated a simple or complex function via generic interfaces. The results indicate that for a simple task there is
no difference between modalities while for a complex task, speech-based interfaces lead to the least amount of distraction.
For design aspects, the motor effort for physical controls and touchscreens should be kept minimal. Speech-based

interfaces should use short commands and not switch modalities or introduce errors in the operation process.

1. Introduction

Modern vehicles are equipped with a wide range of
functions that drivers can interact with, such as driving
assistance, comfort, or infotainment. To provide function
access, most manufacturers rely on a central touchscreen. As
a result, the number of touchscreen-equipped vehicles is
rising and screen sizes are growing (Bocksch, 2023; Stock,
2023). At the same time, physical controls (buttons, knobs)
are phased out, and manufacturers offer voice-based
interfaces as another way to operate functions.

1.1 Driver Distraction and Function Operation

It is well known that secondary tasks while driving
may result in driver distraction and an increased crash risk
(Ferdinand & Menachemi, 2014; Klauer et al., 2006). Given
that function operation is the most frequently performed
secondary task while driving (Lansdown, 2012; Young et al.,
2019), it is important to minimize its impact on driver
distraction.

Two elements are important in understanding
distraction in the context of function operation: interface
modality and task complexity. Both affect driver distraction:
Voice-based interfaces usually result in the least amount of
distraction, followed by physical controls, and touchscreens
resulting in the highest distraction (e.g. Ma et al., 2022). At
the same time, distraction increases with task complexity (e.g.
Strayer et al., 2019; Zhong et al., 2024).

1.2 Minimizing Distraction by Design

In theory, vehicle manufacturers could provide
function access via any interface modality, irrespective of
task complexity. However, this may result in a function
operation that is unsafe for driving. As a result, Euro NCAP

included the design of the human-machine interfaces used for
function operation in their 2026 rating scheme (Euro NCAP,
2025). The General Vehicle Controls assessment includes a
list of both driving and non-driving related functions. Based
on the use context (e.g. time criticality) of the function, four
acceptable function implementations are derived: direct
physical input, direct touch input, direct voice input, and
menu-based touch input.

While the protocol is a welcome development
regarding safe function implementation, it could be improved
in two ways. First, it should consider more complex tasks
with more than one operation step (e.g. adjusting an active
navigation). Currently, these are only somewhat represented
in the menu-based touch input with a maximum of two steps.
Secondly, for each interface modality, more information on
what aspects make it less prone to distraction would be useful.
Designers would benefit from knowing how buttons should
be designed or how the visual interface of the touchscreen
should be organized, for example.

To this end, this study investigated how task
complexity and interface modality affect driver distraction
when operating in-vehicle functions in a driving simulator
experiment. Additionally, it explored which specific design
aspects are relevant for reducing driver distraction for
physical controls, touch-, and speech-based interfaces.

2. Method

2.1 Sample

The final sample consists of N = 130 drivers
(55 female, 74 male, 1 not specified). They were aged
M =39.8 years (SD = 19.0 years).
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2.2 Materials

2.2.1  Driving Simulation

The Lane Change Task (LCT; International
Organization for Standardization, 2010) was used to quantify
the function operation task’s demand. The LCT incorporates
a simplified driving simulation in which participants drive
along a three-lane road and have to perform lane changes.
Each trial consists of 18 lane changes and lasts 3 minutes. A
mean deviation (MDev) from an ideal lane was computed as
an indicator of driving performance.

2.2.2  Function Operation Tasks

Two function operation tasks with different levels of
complexity were employed. First, a time-critical task that
requires immediate operation because of external
circumstances and which can be done in a single step. In our
experiment, the external cause was the lane change of the
LCT so that indicating in the according direction was the
derived function task. Second, a non-time-critical task with
multiple steps was used. In the experiment, this was
represented by typing in and calling a phone number dictated
by the experimenter.

2.2.3  Interfaces: Modalities and Design Aspects

For all three modalities (physical controls, touch-, and
speech-based interfaces), a generic interface was designed.
The software for all three interfaces ran on an Apple iPad Air
to provide basic visual and auditory feedback. It was placed
to the right of the steering wheel.

For physical controls, buttons on the steering wheel
were used. The touch-based interface was provided on the
Apple iPad. Finally, the speech-based interface used voice-
recognition and provided voice feedback. The basic
experimental setup is shown in Figure 1.

Figure 1: Driving simulator setup with generic function
operation interfaces.

For each interface type, individual versions were
designed to determine the effect of select interface design
aspects. For example, for the touch-based interface, the
button placement or the visual structure of the interface were
altered. Similarly, for physical controls and the speech-based
interfaces, their design was also varied. In total, 51 design
aspects were tested (12 for physical controls, 23 for the touch-
based interface, 16 for the speech-based interface). To derive

the design aspects a mix of design guidelines (e.g. European
Union, 2008; National Highway Traffic Safety
Administration, 2013), norms (e.g. International
Organization for Standardization, 2009, 2017), and standards
(Society of Automotive Engineers, 2015) was used.

In the reference version of an interface, all design
aspects were implemented in an acceptable form. In the
version for the aspect test, the according design principle was
violated and therefore unacceptable.

2.3 Design and Procedure

Before the experiment, participants trained both the
LCT and function operation tasks individually and then in
parallel. After training was completed, the experiment began.

Per LCT-Trial, participants interacted with either the
simple or complex task in a reference interface or the version
for the interface aspect test. Each participant experienced
only four of the 51 design aspects to keep the experiment at a
suitable length (90 minutes).

3. Results

For data analysis, driving performance in the baseline
(no function operation) was subtracted for each trial in which
function operation was tested for each participant. This was
done to account for individual differences in baseline driving
performance. Additionally, mixed models with random
intercepts at the individual and group level were used to
account for additional effects.

3.1 Task Complexity and Modality

Figure 2 displays the Mean Deviation for all
modalities and operation tasks.

0.6 1

0.0

Simple (Single-Step) Complex (Multiple-Step)
Operation Task

@ Physical Controls # Touchscreen #® \oice Control

Figure 2: Mean Deviation (MDev) from ideal trajectory in
the LCT for each combination of operation task and interface
modality. Reference interfaces were used for function
operation.

An ANOVA revealed significant main effects of
modality and operation task on MDev, as well as an
interaction effect (all p <.05). Pairwise comparisons showed
no differences between modalities for the simple task.
However, each pair of modalities differs in the complex task
(all p < .05). Overall, the speech-based interface degraded
driving performance the least.
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3.2 Design Aspects

The design aspects are currently explored in more
detail, however, some general conclusions can already be
drawn.

For physical controls, the data indicates that they
should be placed close to the driver and that interacting with
the element should require little effort, i.e. no precise
grabbing or movements required.

Similarly, touch-based interfaces should rely on
simple inputs, i.e. tapping instead of sliding, and use large
enough buttons for function operation. Additional interaction
steps, for example for error handling, should be avoided.

Finally, speech-based interfaces should try to handle
function operation with short commands and feedback. Also,
operation should not switch modalities, e.g. by pressing a
touch button because the voice control activated something
wrong. Furthermore, it is important that the voice-based
interface does not introduce errors in the operation process.

4. Discussion

While the Euro NCAP’s General Vehicle Control
assessment targets a safe function implementation, it only
captures function operation in a simplistic manner. For
improvement, more complex tasks with two or more
operation steps should be considered. Furthermore, more
interface modalities should be taken into account when
looking at the complexity of a function. This is especially
important for speech-accessible functions and their fallback
option via physical controls or the touchscreen.

With an improved assessment, function operation
could be further optimized towards safe function
implementations.
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Abstract: This study examines the distraction potential of labeled icons in In-Vehicle Information Systems (IVIS)
depending on the layout (grid vs. scroll), information quantity (12, 15, 18, 20 items), and their interaction. In a driving
simulator study (two-factor within-subjects design, n = 30), driver distraction was evaluated during a visual search task
based on glance and driving behavior as well as task duration. For both layouts, total glance time and frequency
towards IVIS, speed and distance variability, as well as task duration increased significantly with the number of items.
This increase was most pronounced between 15 and 18 items. Interaction effects found on total glance time and task
duration confirmed the influence of layout on the effect of the amount of visual information. While the number of items
had no significant influence in the scroll layout, the values in the grid layout increased. These results suggest that the
grid layout is more advantageous when displaying up to 15 items. For more than 15 items, the scroll layout indicates less
distraction. Interestingly, the standard deviation of lateral position (SDLP) was lower across all quantities in the grid
layout. Additional analyses revealed advantages for targets which are located on the first scroll page and known to the
drivers. Implications for a quantity-dependent choice of layout for safer IVIS are derived.

1. Introduction

Increasingly larger formats and higher resolutions in
In-Vehicle Information Systems (IVIS) allow more
information to be displayed simultaneously. At the same time,
driver distraction is considered one of the major risk factors
for road safety, accounting for 17.8 % of fatal crashes in
Canada in 2023 (Transport Canada, 2025). Displaying more
visual information on an IVIS tends to impair the efficiency
of visual search (Feng et al., 2018; Wolfe, 2007) while
increasing the in-vehicle glance duration (Kujala &
Saariluoma, 2011). In addition, the layout affects how
information is visually perceived and processed (Li et al.,
2017; Patten, 2007). This study examines the effects of
information quantity, interface layout and their interaction on
driver distraction.

Apps
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2. Method

2.1 Study Design

Visual information items are defined as graphics that
distinguishes themself visually from other items and present
information. In this study they are exemplified by app icons,
as these are used across various systems and allow the
examination of both familiar and unfamiliar visual elements.
To answer the research questions, a driving simulator study
was conducted using a within-subjects design (n = 30) with
the factors layout (scroll, grid) and quantity (12, 15, 18, 20
items) (Fig. 1).

The study was conducted in a static driving simulator
as shown in Fig. 2. A Windows Surface Pro tablet was used
for presenting the secondary tasks. Glance behavior was
captured via Dikablis Glasses 3 eye-tracker (Ergoneers, n.d.).
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Fig. 1. Examined information quantities in (a)-(d) grid layout and (e)-(h) scroll layout (page 1 of 2).



Driving data was recorded with the simulator. In addition, a
detection-response task (DRT) was used to measure the
reaction time to sudden events in road traffic (International
Organization for Standardization [ISO], 2016).

. e

Fig. 2: Driving Simulator Setup with DRT and visual search
task.

2.2 Tasks

The driving task was a simple car-following scenario,
as described in the Alliance of Automobile Manufacturers
guideline (2006). The subjects were instructed to maintain
50 m from the leading vehicle, which was traveling at a
constant speed of 80 km/h. In addition, they responded to the
DRT and performed a visual search task, which consisted of
locating and selecting specific apps. The participants were
instructed to prioritize the driving task and to perform the
secondary tasks only when doing so would not impair their
driving performance.

2.3 Analysis Strategy

The evaluated glance metrics included averaged
values of single glance duration [ms], total glance time [s],
and number of glances per task. The DRT captured reaction
time and missed stimuli. Driving performance was quantified
using standard deviation of the distance to the leading vehicle
[m] (SDD), speed [km/h] (SDS), and lateral lane position [m]
(SDLP). In addition, the task duration was assessed.

The data were analyzed using linear mixed models in
jamovi (GAML;3). In the case of significant main effects or
interactions (o = 0.05), post-hoc comparisons with Tukey
correction were conducted to determine the differences
between the levels. The error bars in all plots indicate 95 %
confidence intervals.

3. Results

3.1 Layout Effect
Only the SDLP showed a significant layout effect
across all quantities (Fig. 3). Lane keeping was more stable
in the grid layout than in the scroll layout (p < .001,
Rf,art =.027). The effect size indicates a small effect.

3.2 Quantity Effect

A significant quantity effect across both layouts was
observed for total glance time (p < .001, R%art =.055),

number of glances (p = .001, R%art =.039), SDS (p = .006,

Layout

SD of lateral lane position (SDLP) [m)
8 8 3 o
e

S| ——
'—

Information Quantity

Fig. 3: Layout effect across all quantities on SDLP.

R%,c =.028), SDD (p= .001, R}, =.035), and task
duration (p= .003, R3, =.031). In the pairwise
comparisons, significant differences were only found
between 15 and 18 items, indicating an increase in visual-
perceptual load between these quantities (Fig. 4).
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Fig. 4: Quantity effect across both layouts on task duration.

3.3 Interaction Effect

It was assumed that the influence of the information
quantity depends on the layout. Such an interaction effect was
found for the total glance time (p = .038, R%,art =.023) and
task duration (p = .031, Rf,art =.020). Figure 5 shows the
different increases in task duration between the quantities
depending on the layout. The strongest increase was between
15 and 18 items in the grid layout, while in the scroll layout
the task duration remained the same across all quantities.
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p=.026,R?=.025
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Fig. 5: Interaction effect (layout x quantity) on task
duration.
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3.4 Exploratory Findings

The familiarity of the target app (according to a self-
reported familiarity scale) had a significant impact on all
variables examined except for DRT missing rate. With small
(and medium for total glance time) effect sizes, glance
behavior, driving performance, and task duration showed
impairment at low familiarity levels.

The position of the target app in the scroll layout (first
vs. second page) showed a significant effect for five of the
nine variables examined. The total glance time, number of
glances, SDD, SDLP and task duration were significantly
higher when the target app was located on the second page
instead of the first, and a scroll interaction became required.

4. Discussion

The quantity effects correspond to the literature,
which reports lower search efficiency and longer task
duration with an increasing number of items (Feng et al., 2018;
Halverson & Hornof, 2004; Wolfe, 2007). Significant
increases in the pairwise comparisons between 15 and 18
items indicates that additional visual observation might be
necessary for perceiving 18 items. This is supported by the
higher number of glances and longer total glance duration
with the same average single glance duration.

Interaction effects show that the layout influences how
the information quantity affects the driver distraction. They
indicate that the dependent variables are more sensitive to an
increase in the visual information quantity in the grid layout,
while those in the scroll layout are less sensitive. Figure 5
shows a switch of the more advantageous layout. While the
grid layout appears to be less distracting than the scroll layout
for a smaller number of items (12 and 15), the total glance
time and task duration increase for 18 items in the grid layout,
exceeding the previously higher scroll values. At this
information quantity, a grid layout might therefore be
considered more distracting than a scroll layout.

Layout-related differences in SDLP point to greater
lateral instability with the scroll layout than the grid layout by
removing the hand from the steering wheel and performing a
swiping hand movement.

As only app icons with a uniform design were used as
stimuli, the findings cannot be applied to text-dominant or
strongly different items. Factors such as colour, visual
complexity, style, contrast, and placement were not
systematically examined and should be addressed in future
research.

4.1 Implications for the design of IVIS

Our findings indicate potential implications for the
design of IVIS with visual items. The layout may be chosen
depending on the intended number of items to be displayed.
For smaller quantities of up to 15 items, a single-page grid
layout without scroll interaction might be beneficial. When
more than 15 items are displayed, it may be advantageous to
divide the content across two pages rather than extending the
grid. However, if the number of items exceeds 20 or if more
than one scroll interaction is required, the distraction effects
need to be re-examined. To support efficient search, the
familiarity of items may be considered, and frequently used
items might be placed on the first page of a scroll layout.

5. Conclusions

This study provides further empirical insights into
minimizing driver distraction potential caused by visual items
on the IVIS. It shows that distraction depends on the layout,
information quantity and their interaction and offers practical
recommendations for optimizing IVIS design.
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Abstract: With emerging new desing options for in-cabin applications as well as driver monitoring systems becoming
mandatory in the EU, the user centered testing of in-cabin applications for different vehicle models becomes more and
more important. To avoid extensive testing on test tracks, an approach is needed which allows the easy integration of
changing vehicle models in a driving simulation. As a solution, a simulation approach called RealCarSIM has been
developed and implemented. In this approach, the vehicle under test is physically integrated into a driving simulator and
it is interfaced with the simulation infrastructure to serve as input device for driving (steering angle, pedal positions) but
also to put defined in-cabin applications (warning sounds, advanced driver distraction warning) into working mode. By
this, RealCarSIM allows the flexible, controlled and repeated testing with normal drivers in varying driving
environments (highway, urban, rural, test track), during varying driving tasks and varying traffic scenarios like any
other driving simulator, but with the vehicle under test serving as simulator mockup. The RealCarSIM approach is
presented for three different applications: UX evaluation of adaptive HMI solutions, evaluation of acceptability of
different warning sounds and testing of advanced driver distraction warning (ADDW) e.g. for vehicle homologation. The
advantage of the RealCarSIM approach is that it allows in-cabin applications to be tested in the vehicle under test, but
under the controlled and replicable conditions of a simulated environment.

1. Introduction

Currently, there is rapid development of in-vehicle in-
cabin applications and driver monitoring systems. For
example, new design options for in-vehicle displays, such as
large, curved or programmable displays, are entering the
market, and driver monitoring systems are becoming
mandatory and are addressed by dedicated regulations, such
as REGULATION (EU) 2023/2590 for ADDW
homologation, REGULATION (EU) 2021/1341 for DDAW
homologation and DCAS Regulation (UN) 2025/17 for L2+
systems. Consequently, standardized, user-centred tests that
address UX issues or evaluate the performance of driver
monitoring systems are becoming a mandatory requirement
for the development and homologation of in-cabin
applications.

Driving simulators are an effective way of testing in-
cabin applications under controlled and replicable conditions
with a sample of non-professional drivers, eliminating any
safety risks. Compared to test tracks, driving simulators allow
testing in a variety of driving environments, including
challenging driving tasks and other road users. However,
standard driving simulators come with a fixed vehicle mock-
up that usually allows only limited design adaptation.

The RealCarSIM approach presented here combines
the advantages of simulator-based testing with the ability to
easily switch between different vehicle models. After few
integration steps, the vehicle under test is an integral part of
the simulator. The communication between the vehicle and
the simulation environment is realized by a suitable interface,
e.g. via a vehicle bus.

2. Method

2.1 Setup of RealCarSIM

To integrate a vehicle physically into the RealCarSIM,
the vehicle under test is positioned in front of a projection

system, which is used to display the simulated environment.
Here different display solutions have already been used like
a LED wall (application 2) or 138" rear projection screen with
an ultra-short throw laser projector (application 1 and 3). The
front wheels are positioned on turntables that allow the
wheels to turn as a reaction to steering inputs while the
vehicle is stationary. Displays are also attached to the vehicle
to serve as rear and side mirrors, and if needed as the cluster
display. For the sound simulation, a subwoofer is placed
behind the driver's seat and satellite speakers are installed in
the driver's and passenger's doors. Figure 1 shows pictures of
an examplary RealCarSIM setup.

2.2 Connection of vehicle to RealCarSIM

The simulation works with the simulation software
SILAB® 7.3. This software is developed for human factors
studies and allows the flexible simulation of various road
environments (e.g. urban, rural roads, highways), interaction
with other road users (vehicles, bicycles, pedestrians) and
driving tasks. In addition, it offers interfaces to connect
various external hardware components to the simulation. The
CAN interface of the software package is used to read
relevant information from the vehicle from a CAN bus that is
connected via a USB CAN card. The information from this
CAN bus (e.g. steering angle, accelerator pedal position,
brake pedal position, indicator status) is used as input
parameters for the driving simulation and controls the
simulated vehicle in the simulated environment

For advanced applications, where certain components
of the vehicle hardware shall be integrated in the simulation
in a way that allows real-time interaction like in real traffic,
these vehicle components are connected separately to the
simulation software.
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Fig. 1:Vehicle integrated into RealCarSIM environment with
projection of the main view on a LED wall, display used as
left mirror and wheel positioned on turntable.

3. Examples for user tests with RealCarSIM

3.1 Evaluation of adaptive HMI solutions

The first example study with RealCarSIM examined
driver state dependent adaptations of vehicle functions by a
so-called digital assistant. To achieve this, a specific driver
state (happy, relaxed / tired) was induced in the participants
at the start of a cross-country drive through instructions and
the design of the simulation environment (e.g. weather and
time of day). Shortly after setting off, the digital assistant
contacted the participants via speech output and suggested
adapting six vehicle functions (interior temperature, interior
ventilation, seat ventilation, seat massage, ambient lighting
and media playback volume) based on their state. For this
study, an Audi A6 eTron was integrated into the RealCarSIM
environment (see Figure 2). Once the participants agreed with
the suggestion, the functions were adjusted accordingly. The
subjects then evaluated the digital assistant and the
implementation of the state-induced adaptations. Forty
drivers participated in the study.

The requirement for the study was that the participants
experience the vehicle functions (e.g. seat massage) or the
change in functions (e.g. increase in volume) in the vehicle.
This included adjusting the function displays in the vehicle
(e.g. an increase in interior temperature from 20° to 21° being
displayed). The aim was for the user experience in the vehicle
interior to be as realistic as possible. This is why the
RealCarSIM was chosen as test setup for this study.

Fig. 2: RealCarSIM setup with Audi A6 eTron.

3.2 Evaluation of sound concepts for in-vehicle
warning systems

Another study using RealCarSIM evaluated three
sound concepts for in-vehicle warning systems such as park
distance warning, lane departure warning, hands-on warning
and front collision alert. The main evaluation criteria were
how well each sound fits the system, how annoying each
sound was, which sound was preferred for each system and
which sound concept was preferred overall. The study was
conducted with 32 drivers.

The study had two main requirements. Firstly,
participants had to perceive the sounds in the original vehicle
via the original sound system. Secondly, participants
experienced the warning sounds in a realistic traffic scenario
to evaluate how well each sound matched the criticality of the
traffic situation in which it was triggered. To fulfil these
requirements, a KIA EV9 GT series vehicle was integrated
into the RealCarSIM (see Figure 3). The RealCarSIM
provided ideal conditions, as there was no external
background noise (e.g. from changing surrounding traffic or
wind conditions) that could change between participants. All
participants experienced the same noise conditions so that the
results were achieved under comparable circumstances.

Fig. 3: RealCarSIM setup with KIA EV9.

3.3 Testing of ADDW systems

A prototypical nearproduction vehicle was used to test
the potential of RealCarSIM for the evaluation of ADDW
systems e.g. for vehicle homologation. The main requirement
was that testing be conducted with the prototype vehicle,
since the final performance of the ADDW depends on the
final hardware and cabin design (e.g. the position of the driver
camera and the position of the fixation points).
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For the setup, the ADDW control unit was connected
to the simulation via a CAN gateway. This allowed the
ADDW to react to drivers’ state and to interact with the
simulated environment as it would in real road conditions.
Warnings and other information from the ADDW system
were transferred to the vehicle, resulting in the corresponding
auditory and visual warnings.

The full experimental protocol for ADDW
homologation according to REGULATION (EU) 2023/2590,
including day and night testing, multiple fixation points, and
different speed ranges, was transferred from the test track to
the RealCarSIM using a simulated test track.

For three drivers, the test protocol was conducted in
both environments, and the data were compared. This
comparison revealed comparable ADDW behaviour not only
with regard to potential homologation. Subtle differences in
warning times observed on the test track between drivers and
across different fixation points were also replicated in the
RealCarSIM (see figure 4 for an example).
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Fig. 4: ADDW warning times for different fixation points on
the test track and in the RealCarSIM.

The experiment shows that comparable results can be
achieved in the RealCarSIM while the test effort could be
reduced significantly (no rental of a test track, no transfer of
the test vehicle and participants to the test track etc.).

4. Discussion

The presented studies underline the potential of the
RealCarSim approach through three different applications. It
enables researchers to use different (near)production vehicles
as mock-ups in a driving simulator. This allows mature in-
cabin applications and up-to-date vehicle interiors to be
evaluated in user tests, making use of the driving simulator's
ability to repeatedly and realistically simulate different
driving environments and tasks in reproducible and safe
conditions. Currently, the main drawback of the RealCarSIM
approach is that it requires access to, and detailed knowledge
of, the vehicle structure in order to use vehicle information
(e.g. from the CAN bus) as input parameters for the
simulation software, and even more in-depth knowledge if
certain in-car applications (e.g. ADDW) are to be included in
the testing. The development of an additional set of sensors
that can flexibly measure pedal position and steering angle
would facilitate easy access to relevant input from the vehicle,
simplyfying the integration of various series production
vehicles into the RealCarSIM.

5. Conclusions

As in-cabin applications and driver monitoring
systems face stricter regulations for series production,
evaluating Human-Machine Interface (HMI) solutions has
become essential to vehicle development. The RealCarSIM
approach presented here offers an opportunity to move part
of this process into a simulated environment, taking
advantage of the ability to conduct repeated and standardized
testing while using the vehicle under test with its final
hardware and software components.
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Abstract: Assessing the attentional costs of In-Vehicle Infotainment System (IVIS) interaction typically relies on
established on-track and laboratory measures: the Detection Response Task (DRT), which indexes residual attentional
capacity as a proxy for cognitive load, and the Visual Occlusion Test (VOT), which quantifies visual attentional demand.
Both require specialised equipment, controlled testing environments, and trained personnel, restricting their use to well-
resourced settings. This paper reports the development and validation of a simpler alternative: a count of the discrete
driver inputs required to complete an IVIS task, referred to as step count. Step count was operationalised from video-
coded observations across on-track and stationary test sessions involving a range of IVIS systems in the Australian
market. Step counts were stable across assessment contexts (r > .67), and cross-validated mixed-effects models showed
robust predictive relationships with all three criterion measures: on-track DRT miss rate (r =.71), VOT Total Shutter
Open Time (r = .65), and simulated-driving tracking error (r = .81). Each additional step was associated with
approximately a 1 percentage point increase in the probability of a DRT miss, and 270-800 ms of additional eyes-off-
road time. A parsimonious, system-agnostic model specification was favoured over more complex alternatives,
preserving the metric’s applicability to novel IVIS designs. These findings establish step count as a valid, generalisable
index of IVIS interaction demand, administrable by non-expert observers without instrumentation.

1. Introduction

Driver distraction attributable to In-Vehicle
Infotainment Systems (IVIS) is a significant road safety
concern. Drivers spend between 30% and 40% of their time
behind the wheel engaged in secondary tasks (Metz et al.,
2014), and modern IVIS intensify this risk by embedding
complex, multi-step interaction sequences into the driving
environment. Executing these interactions requires the driver
to simultaneously redirect visual attention, engage cognitive
resources, and produce manual inputs, sustaining attentional
withdrawal from the forward driving scene across the full
duration of each task (Strayer et al., 2011).

Research has established sensitive criterion measures
of the cognitive and visual costs of IVIS interaction. The
Detection Response Task (DRT; ISO 17488:2016) measures
drivers’ residual attentional capacity by requiring responses
to a peripheral stimulus concurrent with a secondary task:
elevated miss rates and slowed response times indicate that
the secondary task is consuming attentional resources that
would otherwise be available for hazard detection (Strayer et
al., 2015). The standard tactile DRT configuration is selective
for cognitive demand, though variants have been developed
to extend its sensitivity to visual task demands as well
(Strayer et al., 2016). The Visual Occlusion Test (VOT)
provides a complementary index of the visual attentional
requirements of an IVIS task by quantifying the minimum
eyes-available time a driver needs to complete it (Total
Shutter Open Time; TSOT). Together, these measures have
supported rigorous comparative evaluation of IVIS systems
across vehicle fleets (Strayer et al., 2017; Strayer et al., 2019).

Both, however, require specialist equipment, controlled test
environments, and trained personnel, limiting their practical
reach.

The notion that objective task complexity metrics can
predict driver workload has been previously explored in the
literature. Getty et al. (2018) investigated menu depth — the
hierarchical complexity of voice command sequences — as a
predictor of driver demand and interaction time across
production vehicles, finding that structural complexity of the
voice interface was associated with increased workload.
More broadly, temporal measures of task engagement are
among the most sensitive discriminators of IVIS workload
differences between vehicles, outperforming DRT-based and
subjective measures in variance and power analyses
(McDonnell et al., 2021). These findings are consistent with
resource-competition accounts of driver distraction (Strayer
et al., 2011), which predict attentional impairment in
proportion to secondary-task depth, and with the broader
principle that task complexity is central to mental workload
(Wickens, 2008).

What has not been established is a formally cross-
validated predictive model linking a multimodal step count
metric — spanning touchscreen, physical control, and voice
interactions — to criterion-validated measures of cognitive
load and visual attentional demand. Getty et al. (2018)
validated a structural measure of voice interaction complexity
against composite demand and task-time outcomes only, in a
voice-only context. The present paper addresses this gap by
operationalising step count as a modality-agnostic input
metric, establishing its cross-context stability, and evaluating
its cross-validated predictive relationships with DRT, VOT,
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and simulated-driving criterion measures. Cost functions are
derived describing the quantitative attentional cost of each
additional interaction.

2. Method

2.1 Participants and Assessment Contexts

Twenty participants completed a repeated-measures
protocol across a range of IVIS designs available in the
Australian market, including touchscreen-dominant systems,
hybrid voice-and-touch interfaces, and integrated third-party
platforms (Apple CarPlay, Android Auto). Testing was
conducted at the Australian Automotive Research Centre
(AARC), Victoria. Two criterion assessment contexts were
used. In the on-track context, participants drove a 4.2 km
closed highway circuit at 80 km/h while performing IVIS
tasks and responding to a tactile DRT (ISO 17488:2016). In
the stationary context, the same participants completed IVIS
tasks in parked vehicles assessed via a Visual Occlusion Test
(VOT) with visual occlusion goggles and a computer-based
lateral-tracking task with embedded visual DRT. A
standardised task battery spanning phone operations,
navigation, media control, and messaging was used in both
contexts (10 trials per task type per context).

2.2 Step Count Operationalisation

A step was defined as any discrete driver input to the
IVIS: touchscreen contacts, physical button or dial
activations, verbal commands, and verbal responses to system
prompts. Failed interactions, where the system did not
recognise a command and the driver was required to repeat
the input, were counted as additional steps on the basis that
they impose equivalent attentional demands on the driver
regardless of outcome. Step counts were coded from post-hoc
review of video recordings by trained observers. One
participant was removed from VOT-dependent analyses
(including the VOT step-count model) for failure to follow
the VOT protocol, leaving n = 19 for those models; the full

sample of 20 was retained for DRT and tracking task analyses.

A preliminary cross-context stability analysis correlated
IVIS-level step count estimates derived from on-track models
with those from stationary models, testing whether systems
requiring more interactions on-track also did so in stationary
conditions.

2.3 Model Comparison

Three linear mixed-effects model specifications were
compared for each criterion outcome, using participant-level
mean step counts per IVIS task as the predictor: (1) a random-
intercept-only model (Outcome ~ nSteps + (1 | Participant));
(2) a model adding IVIS-specific step slopes; and (3) a
random-intercept-and-slope  model. Model selection
prioritised Leave-One-Out Cross-Validation (LOOCV)
accuracy over in-sample fit, assessing how well the model
generalises to IVIS systems not in the training data. All
analyses were conducted in R (v. 4.3.2) using /me4 (Bates et
al., 2015).

3. Results

3.1 Cross-Context Stability of Step Count

IVIS-level step count estimates correlated
substantially between on-track and stationary models (r > .67),
confirming that systems requiring more interactions during
on-track driving also required more during stationary testing.
This cross-context consistency is a prerequisite for using step
count as a context-independent index of interaction demand,
and provides the empirical basis for its use as a predictor of
criterion distraction measures.

3.2 Model Selection

The random-intercept-only specification was selected
as the final model for both the DRT and VOT outcomes. For
the DRT, a more complex random-slope model produced
modestly higher LOOCV accuracy (r = .75 vs. r = .71), but
required a participant-varying step coefficient that cannot be
applied to a new vehicle without prior data from that vehicle.
For the VOT, the simpler model matched the cross-validated
performance of more complex alternatives exactly. A metric
whose predictive relationship with distraction is fixed and
system-agnostic is a design requirement for an instrument
intended to generalise beyond the vehicles on which it was
calibrated.

3.3 Predictive Validity and Cost Functions

Table 1 summarises cross-validated predictive
accuracy across all criterion measures. The positive step-to-
distraction relationship was consistent across three
independent outcomes and both assessment contexts. Cost
functions derived from the selected model indicated that each
additional interaction step was associated with approximately
a 1 percentage point increase in DRT miss probability (slope
=0.011) and approximately 270—-800 ms of additional eyes-
off-road  time, with later steps  accumulating
disproportionately greater visual cost as task complexity
Srows.

Table 1. Cross-validated predictive accuracy of step count
against criterion measures of cognitive load and visual
attentional demand.

Criterion Assessment Cr(.)ss-
measure context validated ‘r
(LOOCYV)
DRT miss rate On-track r=.71
driving
VOT Total Stationary r=.65
Shutter Open vehicle
Time
Tracking task Stationary r=.81
error (simulated
driving)
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4. Discussion

The central question this paper addresses is whether a
count of discrete driver inputs captures enough information
about an IVIS task to predict how cognitively and visually
demanding that task is. The present study, across three
independent criterion measures and two assessment contexts,
confirms this to be the case. Step count predicted on-track
cognitive load, stationary visual demand, and simulated-
driving tracking error with cross-validated correlations
ranging from r = .65 to .81.

The cross-context stability finding (r > .67) is a
prerequisite for practical application of the measure. It shows
step counts obtained in a parked vehicle are consistent with
those obtained on a closed track, which in turn demonstrates
that the criterion validity established against on-track DRT
data transfers to a stationary testing setting. These findings
support the use of step count as a valid distraction inference
without the need for a proving ground nor a safety driver.

Model selection raised an important distinction
between statistical optimality and utility. The more complex
model offered a small cross-validated improvement for the
DRT, but its participant-varying step coefficient would
require prior observations from each new vehicle to generate
predictions. The simpler random-intercept model, with a
single fixed step-to-distraction slope, can be applied to any
future IVIS system from the step count alone. This enables
the metric to be applied at scale, by a non-expert observer, in
a parked vehicle, in approximately 45-50 minutes, without
any instrumentation, and its output can be interpreted against
the cost functions derived here without further modelling.

The non-linear accumulation of visual cost across
steps has direct implications for interface design. Given that
later interactions in a sequence impose disproportionately
greater eyes-off-road demand, the total attentional burden of
a complex IVIS task is roughly exponential. Designs that
reduce step depth through smarter defaults, predictive input
recognition, and streamlined menu structures offer a
compounding safety benefit. Future work should examine
whether cost functions generalise to Al-driven voice
interfaces, haptic surfaces, and augmented-reality displays,
and whether periodic re-validation against on-track data is
needed as IVIS technology continues to evolve.

5. Conclusions

Step count, the number of discrete driver inputs
required to complete an IVIS task, is a valid and cross-
validated predictor of cognitive load and visual attentional
demand, confirmed against DRT, VOT, and tracking task
criterion measures. Its cross-context stability means it can be
obtained in a stationary vehicle and applied to novel IVIS
systems without novel on-track data collection. The model-
derived cost functions allow a step count to be directly
translated into quantitative estimates of cognitive and visual
attentional cost, providing the empirical foundation for a
consumer-facing IVIS safety rating that requires no specialist
expertise to administer.
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Abstract: Engagement in secondary tasks while driving has surged due to mobile technology, yet the specific task
characteristics that most detrimentally impact driver performance remain debated. This study provides a systematic
overview of the negative effects of secondary task engagement on driving performance. Applying an adapted PRISMA
methodology, 79 simulator-based studies (published 2015-2025) were analyzed. Data from 764 results were coded based
on an extension of Wickens’ Multiple Resource Theory, categorizing tasks by input modality (visual and acoustic),
cognition required, and response type (manual and verbal). Effects on longitudinal control, lateral control, and reaction
time were quantified using "vote counting' and logistic regression.

Complex visual input significantly increases negative effects (rising from 27% to 42%), especially when paired with
complex cognitive processing (reaching 45%). Acoustic input, by contrast, causes fewer negative impacts. Combining
complex visual input with manual reactions increases negative effects, particularly for tasks lacking visual control.
Complex cognition alone does not impair driving unless it involves manual reactions, which compete for the same motor
planning and execution resources used in driving (steering, braking). Contrary to expectations, complex verbal output
(e.g., phone calls, voice messages) sharply increases negative effects (up to 48%), nearly doubling interference. Adding
visual demands pushes negative effects close to 60%.

Tasks presenting purely acoustic input (e.g., listening to podcasts) yield the fewest negative effects (5%). Interactivity
should be limited to simple acoustic signals and basic manual or voice commands. Complex visual-cognitive-manual
tasks generate the highest interference by overloading shared processing resources. Further controlled laboratory
research is recommended to isolate specific drivers of these negative effects.

setting allows a comparison of different secondary task

1. Introduction conditions with a control condition with driving, only, in

Previous studies have found distraction to be a leading
driver-related factor in fatal crashes (Bakhit et al., 2018)
especially for younger and older drivers (Guo et al., 2017).
However, it remains unclear which characteristics of
secondary tasks have the most detrimental effect on driver
performance. Furthermore, previous results are mixed
showing different effects in different situations and even
reduced crash risk in non-demanding situations requiring
simple behavioral reactions such as braking (for an overview
see Vollrath et al., 2021).

Therefore, based on a systematic literature review,
the purpose of this study was to provide a detailed look at
task characteristics and resources used by the tasks which
are responsible for their negative effects while driving.

2. Method

2.1 Selecting papers

An adapted version of the PRISMA methodology
(Page et al., 2021) was applied consisting of four phases (see
Fig. 1): Identification, Screening, Eligibility, and Inclusion.

Identification — a systematic search was done in the
Scopus database using the following search string:
"distraction" OR "inattention" OR "secondary task") AND
("driving" OR "vehicle operation" OR "automobile" OR
"motorist") AND ("simulator" OR "driving simulator" OR
"virtual reality" OR "simulation". It was decided to focus on
driving simulator studies because only this experimental

comparable and replicable driving situations (including other
traffic). 1165 publications from 2015 to the beginning of
2025 were included.
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Fig. 1. Overview of the selection process (PRISMA)
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Screening of abstracts to remove duplicates and
publications who did not use an experimental set up, focused
on car drivers (without automation), investigated task-based
driver distrations and reported driving performance
parameters. 886 studies were excluded based on the title and
a further 115 studies based on the abstract.

Eligibility — a full-text analysis to exclude publications
without comparison to a control condition, which focussed on
environmental or infrastructure-related distractions, included
a specialized sample or had methodological limitations
preventing valid interpretation of the results.

Included - 79 publications who met all criteria were
included.

2.2 Coding of results

The following information was coded: Study design
(within subject, between subject), sample size, characteristics
of driving scenario (e.g., urban, highway, speed limit), type
of simulator, type of secondary task, type of distraction,
driving performance parametres, and reported results. It was
also coded if the results indicated improvement (e.g., shorter
reaction time), deterioration (e.g., longer reaction time) or no
effect on driving performance.

When examining the types of tasks more closely, we
found that the resources required to do these tasks varied very
strongly between the studies. For example, the task ‘phoning’
could include searching for a certain number and typing it,
talking or just listening, or also talking about complex topics
or simply confirming that one was listening. Thus, a task like
‘phoning’ could lead to completely different levels of
distraction.

In order to examine that, a classification was
developed extending Wickens’ Multiple Resource Theory
(Wickens, 2002). For each task, the demand with regard to 5
different resources required to perform this tasks was coded
by two raters, resulting in 5 codings per task:

1) Visual input (none orlittle vs. complex)

2) Acoustic input (none or little vs. complex)

3) Cognition (none vs. little or complex)

4) Manual reactions (none vs. manual reactions
without or with little visual control vs. manual
reaction with more or complex visual control)

5) Verbal reactions (none or simple vs. complex
verbal output or interaction)

For describing the effects on driving performance, the

“vote counting” method (Bushman & Wang, 2009) was
applied. For every parameter reported (e.g, average speed) it
was noted whether there was a significant difference in this
parameter when driving with a certain secondary task as
compared to the baseline condition of just driving.

To summarize the effect of each secondary task, the
percentage of significant negative findings was computed. To
examine the effects of the demands in the different resources,
a logistic regression was computed with the outcome 1
(significant negative effect) vs. 0 (no effect).

3. Results

3.1 Characteristics of the studies

Overall, 79 studies were included with 764 results.
The study sample size ranged from 10 to 101 (M = 46). Most
results (95%) came from a within-subjects design.

Of the 764 results, 34.4% used artificial tasks
designed to use different ressources (e.g., visual perception)
or different psychological functions (e.g., memory). The
remaining results regarded realistic tasks (see Fig. 2).

Regarding the psychological resources, about half of
the results concern tasks with complex visual input (52.2%).
Nearly half of the tasks used complex acoustic input (44.2%).
In 82.2% of the tasks used complex cognition was required.
Regarding manual reactions, 39.1% used none, 20.3% used
manual reactions with no or very little visual control and 40.6%
required complex visual control. The majority (86.3%) used
no or very simpel verbal reactions, but 13.7% required
complex verbal output.

3.2 Effects of secondary tasks

Fig. 2 shows the negative effects per task. Writing or
reading SMS and operating the smartphone while holding it
in the hand have the highest number of significant negative
effects (57%, 62% and 63%, respectively). The lowest
number of effects are found when gaming was done (20%),
when media were present (like listening to music, 23%).
However, some of the results seem unlikely. Reading and
writing SMS had 28% negative results while reading SMS
alone had 62% and writing SMS 57%. This is due to the fact
that the complexity of what to read and write was very
different between the combined and single tasks.

63 70 g
57 62
2

WO ||

number of negative effects

gaming
media
phone
multiple

SMS speech
SMS
read&write
smartphone
phone hands-
free
music tune
artificial task
navigation
talk
passenger
music listen
SMS write
SMS read
phone hand-
held

Fig. 2. Percentage of negative effects per task.

Thus, we examined the single and combined effects of
using the different psychological resources in a logistic
regression with finding a significant negative effect (1) or not
(0) for each parameter examined as a criterion. First, all main
effects were entered, then all 2-way interactions were added
and all interactions were excluded which did not contribute
(backwards procedure with WARD criterion). Table 1 gives
the results of the final step of the regression.

Table 1. Significant main effects and interactions for the
logistic regression with finding significant negative effects as
compared to baseline driving as the criterion.

predictors beta WALD P OR
visual input 0.17 0.1 0.724 1.2
acoustic input -1.33 8.4 0.004 0.3
cognition 0.36 1.8 0.182 1.4
manual reaction 0.00 19.7 0.000 0.0
verbal reaction -0.02 0.0 0.947 1.0
visual input * cognition 1.65 7.8 0.005 5.2
visual input * manual reaction -1.93 9.1 0.003 0.1
visual input * verbal reaction -1.97 5.1 0.024 0.1
cognition * manual reaction 1.73 5.4 0.020 5.6

As main effects, acoustic input and manual reactions
were significant. Visual input was significant in interaction
with cognition, manual and verbal reactions. There was also
an interaction between cognition and manual reactions. Fig.

2
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3 shows the main effects. Complex visual input increases the
percentage of negative effects from 27% without to 42% with
complex visual input. In contrast, complex verbal input
reduces the negative effects to 25% in comparison to tasks
without verbal input (43%). There is also a strong
confounding effect in that most tasks use either complex
visual or complex acoustic input. Thus, most tasks without
complex acoustic input use complex visual input instead.
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Fig. 3. Percentage of negative effects for all resources
examined.

Complex cognition increases the negative effects to 37%
as compared to 26% without. Manual reactions with no or
little visual control lead to the largest number of negative
effects (52%), but manual reactions with complex visual
control (typing texts) also increase the percentage of negative
effects to 36%. Finally, complex verbal reactions also
increase the percentage of negative effects to 48%.

Fig. 4 shows the interaction of visual input and cognition.
Basically, the combination of complex visual input and
complex cognition leads to 45% negative effects and complex
visual input without complex cognition lead to a smaller
increase of only about 6% negative effects.
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Fig. 4. Interaction between visual input and cognition
(percentage of negative effects).

With regard to the interaction between visual input and
manual reactions (see Fig. 5), complex visual input increases
the number of negative effects in any combination, but
especially in combination with manual reactions which do not
need complex visual control.

Tasks with either no manual reactions or with manual
reactions with complex visual control (typing on the phone)
lead to the smallest percentage of negative reactions, only
increasing when complex visual input is required. Thus,

complex visual control itself does not seem to increase the
number of negative effects.
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Fig. 5. Interaction between visual input and manual
reactions (percentage of negative effects).

Finally, complex visual input and complex verbal output
bot increases the number of negative effects and these two
effects adds up, nearly reaching 60% in combination (see Fig.
6).
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Fig. 6. Interaction between visual input and verbal
reactions (percentage of negative effects).
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With regard to the interaction between cognition and
manual reactions (see Fig. 7), complex cognition does not
increase the number of negative effects alone when no
manual reaction is required, but only when combined with
manual reactions (with and without visual control). Again,
this effect is stronger for manual reactions which do not
require visual control. Thus, complex visual control alone
does not lead to a larger number of negative effects.
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4. Conclusions

As expected from Multiple Resource Theory, complex
visual input leads to a strong increase of negative effects
which is not seen when using complex acoustic input.
However, this strong effect is mainly found in tasks
combining complex visual input with complex cognition.
Thus, it is not the visual input per se, but that it is also
important to have to understand and process this input. On the
other hand, when using no or little visual input, but acoustic
input, it does not matter much whether there is a complex
cognition required by the task. Thus, if a secondary task
requires complex cognitive processing, the information for
this task should be presented acoustically in order to avoid
negative effects.

This increase of negative effects of secondary tasks
with visual input is also found for all manual reactions. It is
strongest when combined with manual reactions which do not
require visual control. On the one hand, this effect of
secondary task requiring manual reactions is also in
accordance with the Multiple Resource Theory as driving
also requires manual reactions. On the other hand, it was
unexpected that tasks with manual reactions which require
complex visual control (most of them writing on a virtual

keyboard) do not differ from tasks requiring no manual output.

One explanation could be that in these tasks examined the
manual reactions were complex, but short, like typing only a
few characters. However, the description of the tasks in the
paper did not really allow to differentiate that.

When examining the effect of the combination of
cognitive processing and manual reactions, there was a clear
increase in negative effects for tasks which required manual
reactions with and without visual control if the task also
required complex cognition. If the tasks did not require
manual reactions, there was no effect of tasks requiring
complex cognition, but no manual reactions. Thus, complex
cognition increases the number of negative effects if this
leads to manual reactions, thus also requiring the planning of
these reactions. This is in accordance with the Multiple
Resource Theory as driving also requires planning and
control of manual reactions (steering, accelerating, braking).

In contrary to the Multiple Resource Theory was the
finding that complex verbal reactions increased the number
of negative effects in the same manner as complex visual
input. As driving does not require resources for verbal
reactions, this should not be the case. Most of these tasks were
phoning and sending speech messages via SMS. Even when
no complex visual input was involved, the percentage of
negative effects was about double as much as in tasks without
complex verbal output. Adding visual input to the tasks with
complex verbal output added up to nearly three times as much
negative effects.

The tasks with the fewest number of negative effects
(25%) used acoustic input, like listening to music or podcasts.
It goes up to about 40% if the task requires complex cognitive
processing or manual reactions. If complex verbal reactions
are required, there are nearly 50% negative effects. With also
manual reactions, 52% are reached. Thus, interactions with

! The full reference list covering the literature included in the review is
available upon request.

the driver should be best limited to acoustic signals to provide
information or to require only simple manual or verbal
reactions. Even using complex verbal reactions leads to an
increase of negative effects. Thus, using voice-controlled
tasks while driving these should stick to simple commands by
the driver in order to minimize negative effects on driving.

Similar, tasks leading to the most negative effects
involve complex visual input, a strong cognitive processing
of this information and then manual reactions. These types of
tasks use the same resources as driving and thus provide
interference at all three levels of information processing.

However, these recommendations come from tasks
which did not systematically vary and combine these
different influencing factors. Moreover, it should be further
examined what exactly leads to negative effects. Is it the
amount of information or its complexity? How much visual
control does the manual reaction really need? Further
laboratory studies with a better control of task characteristics
could be a way to answer these questions.
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Abstract: Driver distraction is a prominent factor contributing to road crashes, which motivates the development and
implementation of driver monitoring systems (DMS) to identify driver distraction. However, existing DMSs often lack
contextual sensitivity, leading to high false alarm rates and reduced trust. Drawing on the psychological Event
Segmentation Theory (EST), this study investigated how drivers cope with a smartphone-related secondary task when
navigating virtual road areas pre-defined as ‘event boundaries’ that are hypothesized to impose increased demands on
central attentional resources. Twenty-one drivers navigated four virtual scenarios in a driving simulator while
performing smartphone secondary tasks at varying time intervals relative to predefined road boundaries. A dual-lens
camera recorded the participant’s face and the external environment throughout the experiment. Findings provide
preliminary evidence that drivers were more likely to brake suddenly and to postpone engaging with a secondary task
when asked to do so closer to the boundary. Engagement lasted longer when tasks occurred farther from boundaries.
These findings support the use of a context-aware framework in DMS design. The implications for integrating road
context into driver assistance systems and their potential contribution to road safety are discussed.

Keywords: Driver distraction; Driver monitoring systems; Event Segmentation Theory; Roadway context;

Secondary task engagement; Driving simulator

1. Introduction

Driver distraction is a leading contributor to traffic
crashes, intensified by the proliferation of in-vehicle digital
systems (Fasanmade, 2021; Michelaraki et al., 2023; Regan
et al, 2008). Existing distraction-detection systems
predominantly rely on driver-specific metrics while
overlooking the broader driving context (Ayas et al., 2026;
Sathyanarayana et al., 2011), which can lead to false
positives, missed warnings, or delays, ultimately reducing
system effectiveness (Mohammed, 2019). Qi (2020)
emphasizes behavioural change through the ‘three Es’
(enactment, enforcement, and education) alongside
technology adoption to address distraction. Driver
Monitoring Systems (DMS) exemplify the latter by providing
real-time alerts, which have been shown to mitigate
distraction-related incidents (Scanlon et al., 2017; Masello et
al., 2023). However, false alarms, which remain common
byproducts of DMS, can undermine trust and discourage use,
often with a greater impact than missed detections (Dixon et
al.,, 2007; Tenhundfeld et al., 2020; Yang et al., 2017).
Drivers who frequently engage in secondary tasks while
driving rely on the driving context to regulate their behaviour
across three hierarchical levels (Schomig & Metz, 2013;
Zangi et al., 2022). At the strategic level, tasks are planned
before the trip (e.g., calling a co-worker for updates). At the
tactical level, drivers decide when to engage with the task
based on road and traffic conditions (e.g., initiating the call
when the road is straight and traffic is minimal). Finally, at
the control level, once a driver begins engaging in a
secondary task, they will allocate their attentional resources
between the road and the task. Both decision and control
levels require attentional resources for real-time decision-
making, which may temporarily increase central attentional
demands to the point where driving safety is compromised.

Quantifying the attentional demands imposed by the
driving context at any given moment is difficult. A well-
established memory-related theory, termed Event
Segmentation Theory (EST), may provide a framework for
identifying specific areas along the road where momentary
increases in central attentional demands may occur. For
example, driving for several minutes on a straight road, then
approaching an intersection. The boundary may be perceived
as the transition from a straight road to an intersection.
Identifying these areas, which may require high levels of
central attentional resources, in advance can provide DMS
with input to prioritize the driving task in these areas by
alerting the driver to focus on the road and avoid engaging in
secondary tasks. Such an approach may help reduce false
alarms. EST posits that one’s continuous experience may be
segmented into discrete events in long-term memory, with
boundaries that demand central attentional resources and
reduce reliance on automatic processes (Kurby & Zacks,
2008; Zacks et al., 2007; Ongchoco et al., 2023). In driving,
transitions between different road settings (e.g., from a
straight road into an intersection, approaching a sharp curve)
may serve as event boundaries that disrupt continuity, require
attentional reorientation, and limit engagement in secondary
tasks (e.g., using a mobile phone).

Guided by the EST framework, we investigated how
pre-designed roadway characteristics influence drivers’
engagement with smartphone-related secondary tasks on the
tactical and control levels (Schomig & Metz, 2013). The
broader aim was to inform the design of intelligent DMSs that
integrate driver mental state with roadway context to deliver
selective, context-sensitive alerts. In addition, we postulated
that engagement with a smartphone closer to the boundary
would result in greater interference with the driving task
because attentional resources would be divided between the
secondary task and the driving task, where substantial
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attentional resources are needed closer to the boundary to
update the new driving-setting model. Notably, while most
countries prohibit using a smartphone while driving,
empirical data confirm that drivers often do so nevertheless
(Huemer et al., 2018), with factors such as urgent work
communications, social media notifications, and incoming
calls ranking among the primary catalysts for this form of
distracted driving (Calleo et al., 2025).

2. Method

2.1 Participants

Twenty-one students (10 male, 11 female) from Ben-
Gurion University of the Negev participated (age range: 25-
29 years; M=26.48, SD=1.12). All participants held a valid
driver’s license for at least five years. Participation was
compensated with one bonus point in the course ‘Introduction
to Human Factors Engineering’.

Participants were randomly assigned to one of three
groups (n=7 per group) based on the timing of the secondary-
task engagement request relative to an event boundary
detected by a time-to-collision (TTC) sensor. An event
boundary was defined as a salient change in road or
environmental conditions, such as approaching a sharp turn
or intersection, or encountering a traffic sign indicating a
merging road on the right. In the near-boundary group,
secondary tasks were presented 5s before the event boundary;
in the far-boundary group, they were presented 15s before the
event boundary. Participants in the control group were not
presented with secondary tasks.

2.2 Apparatus

2.2.1  Driving simulator and Questionnaires:

The study was conducted using an RTI high-fidelity
driving simulator (Fig. 1). The simulator consisted of a
Cadillac sedan equipped with its original accelerator, brake,
and steering controls.

Fig. 1. Simulator vehicle (left and middle) and interior
camera positioning (right)

Fig. 2. Simulator view of the right-merging road scenario
(left), and the corresponding event boundary warning sign

(right)

Fig. 3. lllustration of the merging side road scenario (top)
and sharp right curve (bottom). ‘B’ is the boundary, ‘E1’ and
‘E2’ are events 1 and 2. A time-to-collision (TTC) sensor
positioned at the boundary triggered a request to engage in a
secondary task (ST).

The virtual driving environment was presented via
three projectors on a curved screen with a diameter of 6.5m,
providing a 165-degree field of view. Edge blending is
performed using designated software (Wrapalizer, Inc.). The
front visuals are complemented by synchronized audio
feedback to enhance realism. In addition, two 10” LCDs are
embedded in the side-view mirrors, and a rear-projector
presents the rear view on the rear-view mirror. The steering
system incorporates force feedback to emulate real-world
steering resistance. Scenario design and implementation were
conducted using SimVista software. A dual-lens dash camera
by Provision was mounted on the vehicle’s front windshield
to unobtrusively record both the participant’s face in the
interior cabin and external roadway during the experiment,
allowing subsequent observation of driver behaviour (e.g.,
gaze and head movements) and roadway conditions and
external risk factors.

Participants  completed a (1) demographic
questionnaire and (2) the NASA-RTLX questionnaire to
assess perceived workload and simulator experience.

2.2.2  Driving scenarios:

During the experiment, participants completed four
driving scenarios (i.e., a sharp right curve, a right-merge road,
a narrowing road, and a visually complex commercial
environment). Scenarios were designed to examine the
impact of secondary task engagement on drivers' performance
as they drive through predefined road segment boundaries
(e.g., transitioning from a rural environment with sparse
traffic to an urban environment with dense traffic). Each
scenario represented a distinct driving context with varying
cognitive demands, enabling analysis of how environmental
setting complexity interacts with concurrent task load to
influence driver behaviour. The order of the scenarios was
counterbalanced across participants

22



2.3 Procedure

Participants were randomly assigned to one of three
conditions in a mixed design: near-boundary timing, far-
boundary timing, or control. All participants completed four
driving scenarios of varying complexity (see Figs. 2-3 for
examples). In the experimental conditions, participants
performed scenario-specific visual-manual secondary tasks
on a mobile device: responding to a WhatsApp message with
an emoji, dialling a single digit (1-9), or entering a countdown
sequence from 9 to 1. Participants in the control condition
completed the same driving scenarios without performing a
secondary task. Each secondary task was assigned to a
predefined scenario. For the WhatsApp task, the
experimenter sent the message when the corresponding
prompt appeared on the screen (Fig. 2). After completing
each secondary task, participants were instructed to return to
the device's home screen.

The tasks were presented on a smartphone mounted to
an arm near the central stack. In the experimental groups, the
task was presented either 15 seconds (far) or 5 seconds (near)
before a predefined event boundary. Control participants
drove without secondary tasks, but data was recorded at the
same locations as in the other experimental conditions.

Each session lasted approximately 40 minutes. In the
preparatory phase, participants signed an informed consent
form, completed a demographic questionnaire, received
standardized instructions on simulator operation and
secondary tasks, and completed a brief road sign checkup to
ensure familiarity while minimizing expectancy bias.
Participants were instructed to drive as they normally would
under similar real-world conditions and to complete
secondary tasks promptly without compromising safety.

Participants first completed a brief
training drive to familiarize themselves
with the simulator and task requirements.
The test phase comprised four driving
scenarios (=4 minutes each). Each scenario,
except in the control condition, included a
specific secondary task. At the conclusion,
participants completed the NASA-RTLX
mental workload questionnaire (Rubio et al.,
2004).

3. Results

To understand the extent of the secondary task's
interference with driving performance, we used the
generalized linear mixed models (GLMM) framework, in
which each regression model was fitted to the distribution of
the dependent variable (e.g., logistic regression for binary
variables, linear regression for normally distributed
variables). The fixed effects in the initial models included the
experimental condition (control, near boundary, far
boundary), gender, driving experience (years), and their first-
order interactions. In addition, participant ID was included as
a random effect. The final model for each analysis was
obtained via backward elimination. Post hoc pairwise
comparisons were performed using Tukey-adjusted contrasts
when necessary.

The dual-camera-based dependent variables (coded
independently by two raters) aimed to capture various aspects
of driving performance and task management. Lane

departures indicated whether the vehicle veered out of its lane
(coded as ‘0’=no or ‘1’=yes). Lane centring measured how
well the vehicle was positioned within the lane (rated on a 5-
point scale, with ‘1’ indicating poor lane keeping and ‘5’
representing optimal centring). Sudden braking indicated
whether an abrupt braking event occurred (0=no, 1=yes).
Task duration refers to the time taken to complete the
secondary task, measured in seconds, with possible values
starting from ‘0’. Finally, the task-postponement variable was
a binary indicator of whether engagement with the secondary
task began right when the text message appeared on the
simulator screen or with a delay, coded as ‘0’ for no and ‘1’
for yes.

The main findings revealed that drivers initiated
abrupt braking more often when the secondary task occurred
near the boundary (estimated mean probability of a sudden
brake = 0.542, SE = 0.105) than when no secondary task was
present (0.0195, 0.002). No statistically significant difference
was detected between the near- and far-boundary conditions.
Furthermore, participants tended to engage with the
secondary task for longer when it appeared farther from the
boundary (estimated mean engagement duration=9.205s,
1.065s) than when it appeared closer to the boundary
(7.4255s, 1.0115s). In addition, participants tended to postpone
their engagement with the secondary task more often when
the task was near the boundary (estimated mean probability
of postponing the task=0.161, 0.096) than when it was far
from the boundary (0.0198, 0.002).

Lastly, although we do not report the analysis of
vehicle dynamics in this abstract, Fig. 4 illustrates braking
behaviour in the merging-road scenario shown in Fig. 3. Two
interesting patterns were observed. First, participants who
engaged with the secondary task closer to the boundary
tended to delay their braking response (green line) beyond the
point of conflict (merging road). Second, participants who
engaged with the secondary task farther from the boundary
tended to apply greater brake force when the merging-road
sign became visible before the conflict area (i.e., the
boundary).

4. Discussion

This study examined how engagement with a
smartphone-related task in close proximity to a road area that
places greater demands on central attentional processing
affects driving performance. We adopted the EST
psychological theory concept to design virtual road situations
in a driving simulator that required a momentary increase in
central attention demand.

The findings suggest that secondary-task engagement
near an event boundary is associated with greater interference
with driving performance, consistent with the proposition that
such boundaries impose increased attentional demands. This
momentary increase may be regulated by postponing
engagement with the secondary task and prioritizing driving.
Such regulation strategies are consistent with previous studies
(Schomig & Metz, 2013; Zangi et al., 2022). There is also a
large variability among drivers in how they regulate their
engagement with the secondary task, which will be explored
in future studies.
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5. Conclusions

This study introduces a novel approach that uses the
concept of EST to capture road areas where demands for
central attention-processing resources may momentarily
increase. Under such circumstances, the study showed that
secondary tasks presented in close proximity to these areas
(i.e., event boundaries) were associated with greater

Scenario 2: Mean Brake (N)

performance decrements than those presented farther away.
Identifying such road areas can serve as context-sensitive
features embedded in DMS to reduce false alarms, improve
accuracy, and enhance safety. Incorporating context-aware
information is a critical step toward advancing intelligent,
adaptive driver support systems for robust distraction
detection (Ayas et al., 2026).
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Abstract: Inattention, and mind-wandering (MW) in particular, poses a major risk for road safety, yet reliable
behavioural markers during driving remain scarce. This study investigated behavioural and physiological signatures of
spontaneous MW during a monotonous simulated manual driving task. Fifty-two healthy adults completed two 50-minute
simulated sessions designed to elicit frequent MW, reporting their attentional state in response to auditory probes. EEG,
ECQG, eye-tracking, and driving behaviour data were continuously recorded and synchronised.

We focused on behavioural indices from the 10-second window preceding each probe (mean speed and speed variability,
CV). Probe-locked analyses showed consistent effects of mental state: MW was linked to higher speed and markedly
reduced speed variability across both urban and rural segments. By combining dense self-reports with synchronised
measurements, we show that short timescale driving behaviour carries robust signatures of spontaneous MW. These
behavioural markers offer a promising basis for real-time driver monitoring systems, with future multimodal analyses

expected to further refine these signatures.

1. Introduction

Driver inattention, defined as insufficient or absent
attention to activities essential for safe driving (Regan et al.,
2011), is identified as the third leading contributing factor in
road accidents, responsible for 14% of fatal crashes in France
(ONISR, 2024). A significant component of driver inattention
is mind-wandering (MW), a spontaneous cognitive state
where attention shifts from the task at hand to self-generated
thoughts and feelings (Smallwood & Schooler, 2015). MW
occurs during approximately 50% of our waking life (Burdett
et al., 2018) but increases with sleep deprivation (Poh et al.,
2016). MW negatively impacts driving performance (Zhang
& Kumada, 2018). It significantly increases the likelihood of
being responsible for, or involved in, an accident (Galera et
al., 2012), and is associated with risky driving behaviours
(Lemercier et al., 2014; Yanko & Spalek, 2014). MW
episodes are associated with detrimental changes in driving
performance, including longer braking reaction times,
increased speed, reduced following distance, and slower
responses to peripheral events (Yanko & Spalek, 2014; Pepin
etal.,, 2021). These effects are pronounced in monotonous or
familiar driving conditions, which increase susceptibility to
MW (Berthié et al., 2015; Burdett et al., 2019). Detecting
such states during driving is therefore essential.

Although previous work has shown that off-task states
can be detected through behavioural measures (e.g., lane
keeping, speed, reaction times) and physiological markers
(eye movements, EEG, heart rate, EDA) (He et al., 2011;
Andrillon etal., 2021; Pepin et al., 2018; Mazeres et al., 2025),
few studies have examined these modalities simultaneously.
It is also unclear how MW during driving relate to more
general changes in arousal and sleep pressure. A unified
behavioural-physiological signature of MW remains to be
established.

The present study examines the behavioural dynamics
of spontaneous MW during simulated manual driving. We

aim to identify reliable temporal markers of MW, expecting
increased speed and reduced speed variability compared with
task-focused state. By focusing on naturally occurring
attentional fluctuations in a context where lapses carry
immediate safety risks, this work extends previous findings
and addresses an understudied driving scenario.

2. Method

2.1 Participants

Fifty-five healthy adults (mean age = 24.5 + 4.3 years;
23 males) took part in the study. All were French speakers,
with normal or corrected vision, no hearing impairments, and
no reported sleep or vigilance disorders. Participants needed
suitable hair for EEG and a valid driving licence. After data
quality checks, three participants were excluded, yielding a
final sample of 52. The study received ethical approval from
the Comité d’Ethique de la Recherche de Sorbonne
Université.

2.2 Driving scenario

A simplified automatic-transmission car simulator,
consisting of a 42.5-inch screen, an office chair, a steering
wheel, and two pedals was used. Participants completed a
straight, monotonous driving task designed to induce frequent
MW. Twelve events (red lights and pedestrian crossings)
assessed attentional responsiveness. Urban and rural road
sections alternated twice per session to avoid confounding
road type with habituation, each with the same number of
events. Rural (110 km/h) were longer than urban ones (70
km/h), spacing events further apart and increasing monotony.

2.3 Procedure

Participants were equipped with an
electroencephalogram (EEG; 64-channel ActiChamp system
with two AUX electrocardiogram (ECG) channels, ~250 Hz
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during the task) and a PupilCore eye-tracker (~250 Hz). After
calibration, they completed two 50-minute simulated driving
sessions separated by a 20-minute eyes-closed rest to assess
the effect of a brief recovery period on MW dynamics. EEG
and ECG during the break were sampled at 500. Driving
behaviour (speed, lane position, events) was sampled at 50 hz
on a driving simulator. During driving, auditory probes
occurred every 60—90 seconds (Yanko & Spalek, 2014), and
participants used four buttons on the steering wheel to report
(1) their current mental state (MW, task-focused, mind
blanking (MB), external distraction), (2) thought immersion,
and (3) alertness, yielding 76 reports per participant.

No responses were lost due to excessively fast reaction
times (<150 ms). Five of the 110 completed sessions were
removed due to recording issues.

All data streams were synchronised using Lab
Streaming Layer (LSL).

2.4 Analysis

Mean and SEM were computed for each mental state
across road types, with interindividual variability modelled
using participant-level random effects. Non-parametric tests
were used when the assumption of normality was violated.
Driving metrics were extracted from the 10-second probe
locked window preceding each auditory probe, providing
speed (km/h) and speed variability (coefficient of variation,
CV = SD/mean x 100%) (Yanko & Spalek, 2014; Baldwin et
al., 2017).

3. Results

3.1 Analysis 1- Mental States x Road Type

We first verified that participants showed substantial
variability in mental states during driving. Across the
experiment, participants reported being task-focused
36.9+2.5%, MW 34.1+24%, MB 10.6+1.6% and
externally distracted 20.4 + 1.6%. MW was slightly more

frequent than task-focused during rural segments (37.5 £2.7%

vs. 343 +2.6%), and less frequent on urban segments
(30.2+2.3% vs. 41.1 £2.4%) (Figure 1). We restricted
analyses to task-focused (ON) vs. MW states, as the goal was
to contrast focused driving with MW. Other states will be

analysed in future work.
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Figure 1: Distribution of mental states across road
type. Dots represent probe-locked reports for each
participant.

3.2 Analysis 2 — Speed.: Mental State x Road Type

We fitted a linear mixed-effects model (LMM) with
mental state (ON vs MW), road type (urban vs rural), and
their interaction as fixed effects, and participant as a random
intercept. Driving speed was higher on fast roads than on slow
roads (B=19.44, SE=1.41, z=13.80, p<.001). A smaller
but significant main effect of mental state also emerged, with
higher speeds during MW than during ON-task states
(B=3.11, SE=1.42, z=2.19, p=.028). These effects were
qualified by a significant interaction (f=8.13, SE=1.99,
z=4.08, p <.001), indicating that the MW -related increase in
speed was amplified on fast segments. Model-estimated
values are shown in Figure 2.
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Figure 2: Model-estimated effects of mental state (ON vs
MW) and road type (urban vs rural) on speed (km/h). Shaded
areas show the 95% confidence interval (CI).

3.3 Analysis 3- Speed CV: Mental State x Road Type

To complement the participant-wise analyses, we
fitted a linear mixed effects model (LMM) at the probe level
with mental state (MW vs ON), road type (urban vs rural),
and their interaction as fixed effects, and participant as a
random intercept.

MW was associated with a significant reduction in CV
across road types (f =—4.78, p <.001) (Figure 3), though the
interaction between mind-state and road-type did not reach
significance (p =.14), suggesting the MW effect on speed
variability was rather consistent across road contexts.
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Figure 3: Model-estimated effects of mental state
(ON vs MW) and road type (urban vs rural) on speed
variability (CV). Shaded areas show the 95% CL

4. Discussion

This study characterises spontaneous MW during
simulated manual driving using probe locked behavioural
measures. Consistent with previous reports that MW affects
driving performance and responsiveness (Yanko & Spalek,
2014; Pepin et al., 2021; Lemercier et al., 2014), we observed
clear behavioural signatures associated with internally
oriented attention. At the probe level, MW was systematically
linked to higher driving speed across both road contexts and
to reduced speed variability (CV) in the seconds preceding
MW reports.

Methodologically, the within participant, road type—
specific aggregation isolates MW related fluctuations from
baseline contextual differences. This is crucial as rural and
urban segments differ speed and monotony, known to
modulate MW prevalence (Berthié et al., 2015). Using CV
ensured that variability differences did not simply reflect
differing speed ranges across road types. While previous MW
driving studies often emphasised ocular or physiological
markers (He et al., 2011; Pepin et al., 2018; Andrillon et al.,
2021), the present results show that short timescale
behavioural dynamics tied to subjective experience are
sufficient to recover a robust MW signal even when using a
short time window (10s). The probe sampling frequency
represents a good balance between sampling MW frequently
enough to capture its occurrence and intensity (Seli et al.,
2013), while still providing sufficient data for future
detection-model development.

Importantly, the negative association between MW
prevalence and speed variability echoes earlier findings that
MW leads to reduced behavioural responsiveness and altered
control strategies (Lemercier et al., 2014; Zhang & Kumada,
2018). By combining dense experience sampling with a
multimodal acquisition framework, while analysing the
behavioural stream alone, we demonstrate that variability-
based indices already constitute sensitive and interpretable
markers of attentional state. In future work, integrating
physiological measures collected here will clarify whether
these behavioural signatures are reinforced or temporally
refined by multimodal evidence.

5. Conclusions

This study shows that spontaneous MW during simulated
manual driving is reliably associated with higher mean speed
and lower speed variability in the moments preceding self-
reported MW episodes. These probe-locked behavioural
signatures remain consistent across road contexts, indicating
that short behavioural windows carry clear MW signatures,
with potential for real-time monitoring of drivers’ internal
states. The multimodal recordings obtained in this experiment
will enable future analyses to determine how physiological
signals complement these behavioural signatures for
improved MW detection.
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Abstract: Drivers are likely to engage in a non-driving related tasks (NDRTSs) during delegated driving. However, even
with SAE level 4 vehicles, drivers should ask or be asked by the system to regain control, requiring them to retain residual
attention to process changes in the driving environment such as an auditory alert. This research aims to determine how
three NDRTSs and the level of engagement in them impact the attentional processing of unexpected, task-irrelevant novel
sounds using event-related potentials (ERPs). Results demonstrate that ERP component amplitudes differed between the
three NDRTs, especially one of them reducing both involuntary attention capture and the reorienting to the ongoing
NDRT, whereas the engagement level manipulation had no effect. This suggests that the nature of NDRT may affect

residual attention to unexpected auditory information.

1. Introduction

Depending on the level of vehicle automation, drivers
may delegate driving to the system, and be willing to engage
in non-driving related tasks (NDRTSs) such as reading, using
a smartphone, watching videos or observing the environment
(Wilson et al., 2022). These NDRTs could become the main
task during delegated driving. However, until SAE Level 4-5
vehicles are deployed, drivers will need to process
unexpected auditory stimuli such as a takeover request.
Responding adequately to such a stimulus requires that
attention be first captured involuntarily, then reoriented away
from the NDRT. Yet, how attention is involuntarily captured
and reoriented by unexpected auditory stimuli when engaging
in an NDRT remains understudied.

Assessing these attentional displacements during a
task requires a method, such as a passive auditory oddball
(Papanicolaou & Johnstone, 1984), that probes attention
without adding any secondary task. This paradigm consists of
ignoring task-irrelevant stimuli such as frequent standard
tones and novel sounds, while brain activity is recorded.
Electroencephalography (EEG) and the associated event-
related potentials (ERPs) can be used to estimate the
automatic processing of these sounds and the attentional
dynamics. Three ERP components were mainly studied
because they reflect different stages of stimulus processing
when a novel stimulus disrupts a sequence of standard tones:
(1) the P3a, linked to the involuntary capture of attention due
to the deviance from the standard stimulus; (2) the novelty P3
reflecting the additional resources to processing novelty; (3)
the RON, reflecting the disengagement from the stimulus and
the attentional return to the primary task.

Several studies have shown that P3a, novelty P3 and
RON amplitudes could decrease with increasing complexity
during tasks (Ke et al., 2021; Scheer et al., 2016). These
amplitude variations could be due to an increase in cognitive
workload, and therefore indicate fewer residual attentional
resources to process irrelevant stimuli. However, such effects
are not always consistent across studies. Increasing task

complexity could be accompanied by an increase in cognitive
workload, but only if the individual mobilizes their resources
and fully engages in the task. This engagement is based on
the individual’s motivation to produce an effortful investment
to achieve a goal (Dehais et al., 2020). If a task is either
unchallenging or too challenging, individuals may disengage
and allocate fewer resources to the current task (Fairclough et
al., 2013). This concept of task engagement seems to be
central to understanding how drivers allocate their attentional
resources during an NDRT.

While attentional resources have been compared
across automation levels (Figalova et al., 2024), to our
knowledge no study has investigated how engagement in
different naturalistic NDRTs interacts with attentional
dynamics. This study aims to determine how the level of
engagement in three NDRTs impacts the processing of
unexpected, task-irrelevant novel sounds and the attentional
displacement using ERPs. As a first step, it was conducted
without a driving simulator, to isolate the effects of NDRTs
and engagement on attentional dynamics. Due to greater
resource mobilisation, we expect to observe fewer residual
attentional resources when the NDRT performed under
conditions of high engagement as reflected by lower P3a,
novelty P3 and RON amplitudes.

2. Method

2.1 Participants

Thirty-nine ~ French  right-handed  volunteers
participated in this study (21 women, age=26.41, SD=5.04)
All participants reported having normal or corrected-to-
normal vision, normal hearing, at least three years of driving
experience, and no attentional, neurological diseases.

2.2 Non-Driving Related Tasks

Three different NDRTs were used: ‘Video’ with
French subtitles; ‘Reading’, refering to history-related texts
comprising at least 3,000 words; ‘Observation’, where
participants who were not required to drive, had to look at
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custom-made highway driving videos. Each NDRT lasted 10
minutes and none of them included a soundtrack.

2.3 Auditory stimuli

During each condition, participants were probed with
400 task-irrelevant auditory stimuli, including 340 repetitions
of a standard tone (350 Hz) and 60 novel environmental
sounds (e.g., thunder, etc.) selected from the New York State
Psychiatric Institute database (Fabiani et al., 1996). The inter-
stimulus interval was fixed at 1000 ms. The auditory stimuli
lasted on average 331 ms (SD= 64.6 ms) and were presented
at 60 dB SPL.

2.4 Engagement and Evaluation Context

Engagement was manipulated through the evaluation
context, as anticipating a test elicits a greater engagement.
Before each NDRT, participants were told that they would be
questioned on its content at the end (Evaluated) or not (Non-
evaluated).

2.5 Procedure

Participants were seated in a chair in front of a table
equipped with a touch screen and speakers, positioned in front
of a larger display screen. They completed the six
experimental conditions (3 NDRTs x 2 Evaluation contexts)
in a counterbalanced order. They were instructed not to pay
attention to any auditory stimuli. Then, all participants
answered the subjective questionnaires (motivation, NASA-
TLX).

Fig 1: Participant performing the driving environment
observation task.

2.6 Measures and Analysis

2.6.1 EEG:

EEG was recorded using the LiveAmp system (32
electrodes) at 500 Hz. EEG signal processing and ERP
extraction were conducted using EEGLAB. To disentangle
highly overlapping component a Principal Component
Analysis was performed through ERP PCA toolkit. We
conducted within-subjects Robust ANOVA (3 NDRTs x 2
Evaluation Context) on the difference novel minus standard
amplitude for P3a, novelty P3 and RON components.

2.6.2  Subjective measures:

Motivation was rated on 7-points Likert scale. The 6
dimensions of the Raw NASA-TLX were computed to
evaluate cognitive workload. Repeated measured ANOVAs
(3 x 2) were conducted.

Table 1 Robust ANOVA results

Evaluation NDRT
Conl;:Rol;en ¢ NDRT Context X
P (EC) EC
p D p dR p D
P3a 023 58 ¢ .79 13 93 .67

novelty P3 : .068 .62 | .61 17 .50 .50
RON 001 680 22 -21 .55 76

Effect sizes were reported with D (project distance D) for multi-level within
group and dR (robust analog of Cohen’s d) for two-level within group.

3. Results

3.1 ERPs

The results can be found in Table 1. Post-hoc
comparisons (Bonferonni corrected) revealed a greater P3a
amplitude in Observation (M=5.36, SD=2.69) than in Video
(M=4.23,SD=2.43, p=.028, dR=.42). As shown in Figure 2B,
RON amplitude was smaller in Video (M=-.13, SD=1.51)
than in Reading (M=-97, SD=1.47, p=.004, dR=.54) and
Observation (M=-.66, SD=1.82, p=.002, dR=.48).

3.2 Motivation

Analysis of motivation only revealed a significant
effect of NDRT (p=.002, n?p= .154). Post-hoc comparisons
(Bonferroni corrected) revealed higher motivation in Video
(M=5.769, SD=1.1229) than in Observation (M=4.949
SD=1.332, p<.001, d =.546).

3.3 NASA-TLX

The Evaluation Context indicated a main effect on
mental (p<.001, n?p = .426), effort (p<.001, n*p = .345),
physical (p=.013, n?p =.151), and temporal demands (p=.047,
n*p = .10), all higher in the presence of a related-NDRT
questionnaire, while achievement was rated lower (p=.006,
n*p=.181).

The analysis revealed a main effect of NDRT on
temporal (p<.001, n?p=.435) and mental demand (p=.037,
n?p=.091). Post-hoc comparisons revealed that temporal
demand was higher in Video (M=9.885, SD=4.595) than in
Observation (M=4.846, SD=3.453, p<.001, d=1.115) and
Reading (M=5.487, SD=3.783, p<.001, d=1.115). Mental
demand was only higher in Reading (M=12.526, SD=3.665)
than in Observation (M=10.346, SD=4.401, p=0.022,
d=0.468).
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Fig 2: Novel-minus-standard amplitude differences of the PCA factor scores for the P3a (Panel A) and RON (Panel B)
components in each experimental condition. Error bars represent 95% within-subject confidence intervals. Brackets

indicate significant comparisons (* p < .05, **p < .01).

4. Discussion

This study aimed to investigate how the level of
engagement and the type of NDRT impact the processing of
novel unexpected sounds and attentional displacement.

Although the announced questionnaire on the NDRT
content increased perceived workload, it did not affect task
engagement, as self-reported motivation remained unchanged.
Nor did it impact attention displacement to unexpected novel
sounds, as ERP components were unaffected.

Nonetheless, the type of NDRT modulated the nature
of cognitive workload. Indeed, reading text imposed a higher
mental demand than the observation task. The video task
involved a higher temporal demand than reading text or
observing, probably due to the uninterruptible nature of the
task. Interestingly, P3a amplitude was lower in the Video than
in Observation, indicating reduced involuntary attention
capture by deviance and thus lower residual attention.
Novelty P3, however, was not modulated by the type of
NDRT, suggesting preserved novelty processing. RON
amplitude was lower in Video than in the other two conditions,
indicating reduced reorienting attention to the ongoing task.
This may partly result from the reduced capture in Video,
which required fewer resources to reorient attention to the
video. It may also reflect the uninterruptible nature of the task,
which prevents attention from fully disengaging.

5. Conclusions

These results contribute to a better understanding of
how different NDRTs affect the processing of novel
unexpected, task-irrelevant auditory information and
attention dynamics. They also demonstrate the valuable
insight that ERPs provide into residual attention during an
NDRT. Further research will be necessary to determine
whether these effects persist in a delegated driving simulator,
whether they extend to driving-relevant sounds such as
takeover request and whether they have behavioural
consequences on takeover.
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Abstract: Driving is a dynamic and sometimes complex task in which safety depends on the ability to perceive important
information under time pressure. Given these constraints, peripheral vision plays a critical role in driving as it is not
feasible to direct the fovea and fixate all relevant information simultaneously. This systematic review examines how
perceptual, cognitive, and motor factors influence the use of peripheral vision in driving. Following PRISMA guidelines,
a systematic search was conducted across PubMed, Scopus, and Web of Science. A total of 6,890 records were identified.
After duplicate removal and abstract screening, 757 articles were eligible for full-text review. Studies were included if
they investigated peripheral vision in dynamic driving settings and reported objective gaze measures. Eligible studies
were categorized according to study design, manipulated factors, and driving task. This review will provide a structured
framework for understanding peripheral vision in driving and provide a link to sport science, where athletes have to
make decisions in similarly complex scenarios, also under time pressure.

1. Introduction

A driver approaches a busy intersection while
maintaining lane position, monitoring a cyclist approaching
from the right, checking the rear-view for overtaking vehicles,
and anticipating a potential change of the traffic light, without
continuously fixating each of these elements. This everyday
situation illustrates the research topic of the current
systematic review: the role of peripheral vision in driving.
Driving is a dynamic activity in which drivers’ actions not
only depend on what they fixate, but also on what they
perceive and monitor outside the fovea. Understanding how
peripheral vision is used in driving is therefore critical for
advancing research on driver distraction and inattention.

Peripheral vision refers to the visual field beyond 4 to 5
degrees around the fovea and differs from foveal vision in
anatomical representation and perceptual capabilities (Larson
& Loschky, 2009). Although the fovea comprises only about
1% of the retinal surface, it occupies 50% of the visual cortex
(Curcio et al., 1990; Tootell et al., 1982), resulting in higher
spatial resolution and color sensitivity compared to the
periphery (Anstis, 1974; Strasburger et al., 2011; Abramov &
Gordon, 1977; Gordon & Abramov, 1977; Hansen et al.,
2009). With increasing eccentricity, visual acuity declines
and object recognition becomes constrained by crowding, the
phenomenon whereby objects become difficult to identify
when surrounded by nearby stimuli (Bouma, 1970;
Rosenholtz, 2016, 2020). These limitations can in principle
be overcome by shifting gaze. However, eye movements
(saccades) themselves have temporal costs and visual
suppression, requiring to continuously trade off between
relying on peripheral input and initiating a saccade to obtain
high-resolution foveal information.

Peripheral vision is closely intertwined with attentional
mechanisms, which determine how efficiently information
can be extracted outside the fovea. Covert attention (i.e.,
attending to an object away from the point of gaze) enhances
contrast sensitivity (Cameron et al., 2002; Carrasco, 2011),
processing speed (Carrasco et al., 2006) and change detection

in peripheral locations (Vater, 2019). The concept of the
useful field of view (UFOV) captures the region around
fixation from which information can be extracted without eye
movements (Ringer et al., 2016). Importantly, UFOV is not
fixed but can vary due to cognitive load (Gaspar et al., 2016),
age (Underwood et al., 2005) and emotional state (Zhang et
al., 2016). Under high attentional demands, peripheral
processing efficiency can decrease, potentially narrowing the
effective visual field.

Basic vision science shows that although peripheral
vision is limited, it still provides useful information for many
tasks. For example, it supports saccade planning, allows
tracking of multiple objects at once, perceive the gist of a
scene and perform object-recognition tasks(Wolfe et al.,
2017). These findings suggest that peripheral vision is
important for many everyday actions. However, its role is
often underestimated in laboratory experiments, which
typically use simplified stimuli and single-task settings that
do not reflect real-world complexity. To fully understand how
peripheral vision supports behavior, it is therefore necessary
to examine its role in more complex and dynamic
environments.

Applied research provides this broader perspective by
examining peripheral vision in real-world tasks. According to
the systematic review by Vater et al. (2022), peripheral vision
supports four key functions across daily life tasks such as
driving. These functionalities are monitoring the environment,
presaccadic preview, managing saccade and eccentricity
costs, and supporting action planning. Monitoring refers to
the continuous extraction of information from the
surroundings without direct fixation, such as detecting lane
boundaries. Presaccadic preview allows observers to gather
preliminary information about a peripheral object before
fixating it, thereby facilitating efficient saccades. Finally,
peripheral vision provides information that supports action
planning, such as maintaining lane position through optic
flow cues.

Although perceptual, cognitive and, motor constraints
are well established in basic science, their combined
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influence on peripheral vision use in dynamic driving remains
unclear. Moreover, many driving studies rely on eye
movement measures and assume that fixation reflects
information processing (Harbluk et al., 2007; Strayer &
Johnston, 2001), potentially underestimating the contribution
of peripheral vision (Rosenholtz, 2016). Additionaly, unlike
in sports research, where functional gaze strategies (e.g., gaze
anchor, visual pivot, foveal spot) have been systematically
described, no comparable framework exists to characterize
patterns of peripheral vision usage in traffic contexts (Vater
et al., 2020).

The present systematic review addresses these gaps by
identifying and categorizing factors that influence peripheral
vision use in driving. Specifically, we examine how
perceptual, cognitive, and motor factors influence peripheral
vision use in driving and how this affects gaze behavior and
driver performance. By integrating findings across
experimental paradigms and driving contexts, this review
aims to provide a systematic framework that can be used in
future research on driver distraction and inattention.

2. Method

2.1 Identification

We followed the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) procedure
(Moher et al., 2009). The database search was conducted in
April 2025 using Pubmed, Scopus and Web of Science. Only
peer-reviewed articles written in English with accessible full
texts were considered. Search terms were defined a priori and
applied to titles, abstracts, and where available, keywords. A
detailed description of the search strategy is provided in
Appendix A (Table 1).

2.2 Screening

Using the predefined search strategy, a total of 6,890
records were identified from the selected databases. After
removal of 2,089 duplicates, 4,801 records remained for title
and abstract screening. The screening was conducted
following a structured sequence based on the predefined
criteria (see Appendix A, Table 1). First, records were
screened for relevance to the target population, excluding
studies involving non-human subjects (e.g., animals) and
non-driver  populations  (e.g., cyclists, pedestrians,
motorcyclists). Second, methodological criteria were applied,
excluding studies conducted in inappropriate settings. Only
studies involving dynamic driving-related visual content (i.e.,
real world driving, driving simulator, or screen-based/video-
based driving contexts) were included, whereas static image
tasks were excluded. Third, studies were assessed for the
presence of objective gaze measures. Studies that did not
include any form of gaze assessment were excluded. This
process resulted in 757 records eligible for full-text screening.

2.3 Eligibility

Full texts were retrieved and screened according to more
specific eligibility criteria focusing on the role of peripheral
vision in driving. Studies were excluded if they focused
solely on foveal vision without reference to peripheral vision.
To ensure the relevance, the discussion section of each paper
was screened for a list of terms, see Appendix A (Table 1).
Studies that didn’t address one of these terms were excluded.

In addition, studies had to fit within the predefined
categorization framework (study type, manipulation type, and
driving task; see Appendix A, Table 2 & 3). Articles that
could not be categorized across all three levels were excluded.
So far, we excluded 526 full texts based on these criteria and
will finish the screening by the end of May 2026. We expect
to include 150 to 200 papers in this systematic review.

3. Preliminary results

The first results of the full-text screening indicate that
driving requires close coordination of perceptual, cognitive,
and motor processes. Drivers maintain lane position using
peripheral optic flow and road-edge information
(Kountouriotis et al., 2011), detect hazards that initially
appear outside fixation (Shinoda et al., 2001), monitor
mirrors while keeping gaze forward (Doshi & Trivedi, 2012),
and respond to sudden events before fixating them
(Huestegge & Bockler, 2016). Importantly, applied findings
indicate that drivers sometimes initiate braking or steering
responses prior to directly fixating a hazard, demonstrating
that peripheral information can trigger action. Moreover,
expertise and cognitive load influence how drivers balance
peripheral monitoring and eye movements. Experienced
drivers differ in their distribution of attention and gaze
behavior compared to novices (Lamble et al., 1999; Summala
et al., 1996; Underwood et al., 2003), and higher cognitive
workload has been associated with reduced peripheral
monitoring efficiency and functional visual narrowing, often
described as visual tunnelling (Gaspar et al., 2016; Victor et
al., 2005). These findings explain that peripheral vision plays
a central role in safe driving performance. The full analysis
of the included articles will provide a qualitative and
quantitative summary of identified functionalities and discuss
potential mechanisms linked to perceptual, cognitive and
motor factors.
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Appendix A

Table 1. Search strategy used for including papers in the
reviewed set. Criteria for 1) identification, 2) abstract
screening and 3) eligibility evaluation.

1) Identification (Method: Search databases)

Databases Inclusion Exclusion Search term used
searched criteria criteria
Pubmed Peer- Conference (peripheral* OR
(title, reviewed abstracts periphery OR attention
abstract) OR useful field of
view)
Scopus Full-text Dissertations ~ AND (eye movement*
(title, OR eye tracking OR
abstract, eye fixation OR gaze*
keywords) OR visual search OR
eccentricity OR visual
signals OR distraction)
Web of English Book AND (driving OR
Science language chapters driver*)
(title,
abstract,
keywords)
Reviews NOT (neural OR brain
OR sleep OR cortex
OR asd OR adhd)

2) Abstract Screening (Method: Exclude papers based on topic criteria)

Exclusion criteria Examples

Animals Cat, flies, apes
Vulnerable road users Cyclists, pedestrians, motorcyclist
Clinical Alzheimer, glaucoma

Drugs Alcohol, cannabis

Fatigue Drowsiness and fatigue detection

Ageing Age-related attention impairments

Sport Soccer, tennis

Wrong context Al-driven, data-driven, experience-driven

3) Eligibility evaluation (Method: Inspect discussion section for
relevant discussion terms and identify relevant study types)

Include papers that belong to one of the
relevant study and manipulation types
(see Table 2)

Include papers that
discuss one of these terms

Peripher*
Eccentric*
Visual field
Extrafove*
Parafovea*
Perifove*
Covert
Off-axis

Side vision
Useful field
UFOV
Ambient vision
Global vision

Table 2. Framework for categorizing included studies on
peripheral vision in driving.

Level Category

Definition (examples)

Study Experimental
type
Observational
/ exploratory

PV Perceptual
factor
Cognitive
Motor
Driving  Steering
function / vehicle
control
Detection

/ monitoring

Interaction
with other
road users
(safety)

In-vehicle
control

Studies that manipulate visual or attentional
conditions (see Table 3).

Studies that observe natural gaze or
attention behavior without manipulation.

Perceptual factors refer to studies which the goal
is to manipulate visual or oculomotor constraints
that determine what information can be perceive
d in peripheral vision. For example,
investigating the influence of time pressure,
eccentricity (crowding), and the costs associated
with eye movements.

Cognitive factors refer to studies in which the
goal is to manipulate attentional allocation,
prediction, workload, or learned strategies
influencing peripheral vision use. For example,
exploring the impact of predictability, and
cognitive dual-tasking.

Motor factors refer to studies that examine

the role of motor-related dual tasks.

Driving tasks that involve continuous, ongoing
control of the vehicle, requiring a correct
regulation of vehicle position and motion over
time (lane-keeping, passing cars, or
speed-management).

Driving tasks in which the driver is required to
notice, monitor or track objects or events

in the traffic environment, often before an
explicit response is required (hazards, road signs
traffic signals etc.).

Driving tasks that require anticipation,
prediction, and decision-making in relation to
the behavior of other road users, particularly in
safety-critical situations (absence/presence of
other road user’s, prediction of other road user’s
behavior).

Driving-related tasks involving interaction with
in-vehicle systems or interfaces that may occur
concurrently with vehicle operation.
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Table 3. Overview of possible manipulations linked to peripheral vision factor(s).

Manipulation Category Manipulation Type Examples Combination
type (PV Factor)
Perception Eccentricity Varying the angular distance of Stimuli placed at 3, 10, or 20 degrees. -
stimuli (e.g., hazard, target or traffic
lights)
Perception Field of view Manipulating visible field width Simulator displays restricted the full-width of the screens -
limitation
Perception Peripheral Reducing quality or removing cues Degraded road edges or background masking -
information from road edges or periphery
degradation
Perception Moving window or  Dynamically controlling which Gaze-contingent mask during simulated driving -
gaze-contingent regions are visible based on gaze
restriction
Cognition Cognitive load Working memory, auditory n-back, Counting backwards, cell-phone conversation -
(without visual or (imagery) verbal task
auditory load)
Cognition Visual load Secondary visual task in-vehicle or Map reading or in-car visual search -
display task
Cognition Auditory load Passenger conversation, listening to ~ Dialogue with a passenger or answering trivia questions -
(conversation) music or cognitive conversation
task
Cognition Predictability Exogenous and endogenous cues Exogenous cueing (e.g., brake light, flashing billboard) -
(cueing and and endogenous cueing (a road sign warns you for a
expectancy) hazard later)
Cognition Emotional or Induced anger, anxiety or stress Negative feedback, stress-inducing time pressure or -
arousal state emotionally auditory stimuli
Combination Environmental Traffic density, presence of High vs flow traffic, unexpected hazards Perception and
complexity pedestrians or cyclists cognition
Combination Motor dual-task Secondary motor task Manual button pressing task or touchscreen (navigation) Cognition and
task motor
Combination Speed or time Faster driving or temporal Increased driving speed, reduced time-to-collision, Perception and
pressure constraints shortened response windows cognition
Other Expertise Skill level as a group Learner driver’s vs licensed drivers -
Other Experience Driving experience Comparison of novice vs experienced drivers -
(familiarity)

39



Dynamic Advertising on Vehicles: Effects on Driver Glance Behavior

Tibor Petzoldt ", Lisa Zwicker '

! TU Dresden, Chair of Traffic and Transportation Psychology, Hettnerstr. 1-3, 01069 Dresden, Germany
2TUV | DEKRA arge tp 21 GmbH, Wintergartenst. 4, 01307 Dresden, Germany

* tibor.petzoldt@tu-dresden.de

Abstract: Vehicle-mounted advertising is becoming increasingly feasible due to advances in digitalization and
illumination technologies. Unlike roadside advertisements, mobile ads can remain in a driver’s field of view for extended
periods, potentially increasing attentional demands and distraction. Despite growing industry interest, little is known
about how temporal characteristics and content relevance of vehicle-based advertising affect drivers’ glance behavior.
We conducted a driving simulator study with 42 participants in highway and urban scenarios. A preceding truck
displayed rear-mounted advertisements that varied in temporal variability (static, alternating, dynamic) and relevance.
Driver gaze was recorded using a head-mounted eye-tracking system, and analyses focused on fixations directed at the
truck over 6- and 15-second windows. Results showed that relevant content increased fixation frequency and duration,
and alternating or dynamic advertisements further amplified attention toward the truck. Accumulated fixation
durations often exceeded critical thresholds, particularly for variable content. Temporal variability strongly influenced
gaze behavior, with relevance further modulating attentional focus. These findings demonstrate that vehicle-based
advertising can increase driver distraction. They provide a foundation for further research and for considering technical
or regulatory measures to mitigate attentional risks associated with this emerging advertising medium.

1. Introduction

Stationary advertising media such as backlit city-light
boards, screens, and posters are well established, whereas
mobile advertising is largely limited to vinyl-wrapped
sections of public and, less commonly, private vehicles.
Growing demand for innovation in the advertising industry is
expected to drive the exploration of previously unused or
underutilized spaces (Siegert & Brecheis, 2017), increasing
the presence of advertising on vehicles. At the same time,
advances in digitalization and lighting technology may enable
more feasible and cost-effective illuminated and video-based
vehicle advertising (Alt, Evers & Schmidt, 2009; Siegert &
Brecheis, 2017). Consequently, vehicle-based advertising is
expected to become more variable, ranging from static
images to alternating messages and fully dynamic displays.

A key difference between roadside and mobile
advertisements is exposure duration. Roadside ads are visible
only briefly as vehicles pass, whereas mobile billboards can
remain in a driver’s field of view for much longer. While this
creates opportunities for dynamic content from an advertising
perspective, prolonged exposure also increases distraction
risk. It may also alter the mechanisms of attentional capture
(see the SEEV model; Wickens & Horrey, 2008). For
roadside advertisements, bottom-up factors are likely to
dominate. Their salience and spatial placement relative to
drivers’ typical gaze direction, that is, the effort required to
attend to them, largely determine the attention they attract
(e.g., Wilson & Casper, 2016). With prolonged exposure,
particularly when the advertisement remains near the driver’s
central field of view, top-down influences become more
relevant. Factors such as the frequency of message changes,
shaping the expectation that relevant information may appear,
and the informational value or relevance of the content may

therefore play a larger role in attention allocation and,
consequently, in driver distraction and performance.

These considerations highlight the need to understand how
mobile advertisements influence drivers’ gaze behavior,
particularly when exposure is prolonged, for example when
following an advertising-bearing vehicle. The present study
experimentally examined how two characteristics of vehicle-
mounted advertising, (a) the temporal variability of the
content (static, alternating, dynamic) and (b) the relevance of
the displayed information, affect drivers’ glance behaviour.
(More detailed information on the present study, as well as
additional results from the project, can be found in the project
report; see Zwicker, Schulze, & Petzoldt, 2025.)

2. Method

2.1 Driving Simulation

A driving simulator study was conducted to address
the research question. The experiment was implemented
using the SILAB driving simulation software (Wiirzburger
Institut fiir Verkehrswissenschaften GmbH, WIVW), which
provided a 180° horizontal field of view. Driver gaze
behavior was recorded using a head-mounted eye-tracking
system (iView X, Version 2.8; SensoMotoric Instruments
GmbH, SMI).

The study included both highway and urban driving
scenarios. In total, 26 scenarios were implemented, of which
15 are relevant for the analyses reported here. In the highway
scenarios (see Fig. 1), participants drove on a multi-lane
highway with a speed limit of 100 km/h and encountered a
preceding vehicle displaying rear-mounted advertising.
Overtaking opportunities were manipulated by varying traffic
density on the left lane, which was either congested and
prevented overtaking or clear and allowed participants to pass
the advertising vehicle. Only the non-overtaking scenarios
are considered in the present analysis. In addition,
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Fig. 1. Example screenshot out of the driving simulation,
here: highway scenario

participants encountered situations in which two trucks
travelled side-by-side during an overtaking maneuver, with
the advertisement displayed on the left vehicle.

In the urban scenarios, participants drove in a city
environment with the standard German inner-city speed limit
of 50 km/h. They encountered the advertising vehicle while
waiting at a traffic light. Overtaking was not possible in these
scenarios due to the street layout and traffic density.

2.2 Experimental Manipulation

Advertisements were presented on the back of a truck.
To avoid emotional or opinion-based bias, no real products or
brands were used. Stimuli consisted of images of animals,
specifically monkeys or big cats (see Fig. 1 for an example).
Relevance was manipulated by informing participants that
they would be questioned about monkeys in the post-drive
questionnaire, making monkeys relevant and big cats non-
relevant.

Advertisements were either static, alternating, or
dynamic. Static ads displayed a single unchanging image
throughout the scenario. Alternating ads rotated between two
images every 5 seconds. Dynamic ads consisted of 5-second
looping video sequences.

2.3 Participants

The final sample comprised 42 participants (40%
female, 60% male). Twenty-one participants were aged 30
years or younger, 13 were aged 31-40 years, 5 were aged
41-50 years, and 3 were aged 51-60 years. Eligibility criteria
required participants to be no older than 60 years and to have
held a wvalid driver’s license for at least three years.
Participants received 20 euros for their participation.

Due to data quality issues, primarily related to
unsuitable glasses that interfered with eye-tracking
measurements, usable glance data were available for 36
participants. In addition, glance data were not available for all
experimental conditions for all participants because of
technical recording issues or deviations from the driving
instructions (e.g., overtaking the lead vehicle).

2.4 Data Analysis

Analyses focused on fixations directed at the preceding
truck, characterized by their number, average duration, and

accumulated duration over 6- and 15-second observation
windows, following the thresholds suggested by Klauer et al.
(2010), where a glance away from the road is considered
critical if it exceeds 2 seconds within 6 seconds or 3 seconds
within 15 seconds. It should be noted, however, that in this
study fixations on the truck cannot be straightforwardly
classified as traffic-relevant or irrelevant. Participants may
have been attending to the vehicle as a traffic object, its speed,
or its position, as well as to the advertising displayed.
Nevertheless, comparing conditions is informative because it
indicates whether participants fixated more frequently or for
longer periods under specific conditions.

3. Results

The eye-tracking data generally aligned with
expectations. Significant effects were most evident in the
urban scenarios, where relevant advertisements led to a
comparatively “calmer” gaze pattern: participants made
fewer fixations but each fixation lasted longer.

In urban scenarios, trucks displaying relevant content
(monkeys) were fixated more frequently and for longer
durations than those showing non-relevant content (big cats).
Accumulated fixation durations in the 6-second window
exceeded the 2-second threshold for alternating and dynamic
stimuli (approximately 2.34 s and 2.44 s, respectively), while
static images remained below it (1.74 s). In the 15-second
window, all conditions exceeded the 3-second threshold, with
fixations lasting approximately 5.32 s for static, 6.32 s for
alternating, and 6.19 s for dynamic stimuli.

Temporal variability of the advertisement also
influenced gaze behavior. In urban scenarios, alternating
stimuli led to more fixations (mean 6.6) than static stimuli
(mean 5.4) over the 6-second window, and both alternating
and dynamic content were associated with longer
accumulated fixation durations than static images.

Similar patterns were observed on the highway during
the prolonged truck overtaking maneuver. Dynamically
changing advertisements resulted in longer fixation durations
than static images (mean and accumulated fixations over 15
seconds). All conditions exceeded the 3-second threshold in
the 15-second window, but the accumulated fixation duration
varied markedly: 3.03 s for static, 5.28 s for alternating, and
5.54 s for dynamic content.

4. Discussion & Conclusions

The present study provides evidence that (digital)
advertising on vehicles carries potential safety risks for road
users. Eye-tracking results showed that both relevance and
temporal variability of rear-mounted advertisements
significantly influenced drivers’ gaze behavior. Relevant
content increased fixation frequency and duration, while
alternating or dynamic content further amplified attention
allocation compared with static images. These findings align
with participants’ subjective assessments in post-drive
questionnaires (not reported here), which highlighted
concerns about distraction and safety when following
advertising-bearing vehicles.

Both content relevance and variability are thus key factors
in the attentional impact of vehicle-based advertising. While
the relevance of displayed information cannot easily be
regulated, the temporal variability could be addressed
technically. Measures could include prohibiting continuously

2
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dynamic, video-like content or enforcing minimum display
durations for static content. However, the study also indicates
possible additive effects: multiple advertising surfaces with
changing content in the driver’s field of view can increase the
frequency of attention-demanding changes. Unlike fixed
roadside advertisements, where the number and placement of
displays can be controlled, it is technically challenging to
regulate the simultaneous presence and interactions of
multiple advertising vehicles on the road.

Although compensatory behaviors by drivers may prevent
severe incidents in most real-world encounters, the results do
not imply that vehicle-based advertising is harmless. Under
certain conditions, such as complex traffic layouts, multiple
advertising vehicles, or adverse weather, cumulative
attentional demands could create a worst-case scenario.
Subjective workload ratings further suggest that prolonged
exposure may contribute to driver fatigue, which in turn
increases accident risk.

Taken together, these findings underscore the need for a
societal discussion regarding vehicle-mounted advertising.
The potential commercial benefits of this new advertising
medium must be weighed against documented attentional
impacts and likely safety consequences. Technical and
regulatory measures targeting temporal variability may
mitigate risk, but inherent limitations in controlling exposure
highlight the importance of careful evaluation before
widespread implementation.
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Abstract: Camera Monitoring Systems can improve truck drivers’ visibility but also increase the amount of visual
information they must process, potentially making them more vulnerable to inattentional blindness (IB), i.e., the failure
to notice an unexpected object in plain sight. Optimizing warning signals is therefore critical to ensure that they are
effectively perceived and to mitigate the potentially severe consequences of IB in driving contexts. Across two experiments
involving more than 400 participants, we examined whether stimuli with semantic or emotional value are less susceptible
to IB than visually matched neutral, meaningless stimuli, and whether pre-activating them by manipulating the task
context could further enhance awareness. In Study 1, an unexpected stimulus appeared while participants performed a
line-length judgment task. Neither the semantic nor emotional value of the stimulus reduced IB in that case. In Study 2,
the same task was embedded in a driving scenario expected to pre-activate meaningful and emotional stimuli. In this
context, the results revealed increased localization rates for the emotional stimulus only. Overall, these findings suggest
that semantic or emotional value alone does not ensure detection but may facilitate localization when aligned with the task

context.

1. Introduction

Camera monitoring systems (CMS) in trucks use
external cameras and in-cab displays to replace or
complement traditional mirrors, giving the driver improved
visibility around the vehicle. In order to help drivers detect
hazards faster, the video feed can be digitally enhanced with
visual overlay to indicate obstacles or vulnerable road users
through  object-detection technologies. While CMS
undoubtedly enhance visibility, they also add to the visual
information the driver must process, which could lead them
to overlook some alerts. Indeed, excessive increases in
perceptual load, by reducing the resources available for
processing unexpected events, may render drivers
particularly vulnerable to Inattentional Blindness (IB; Matias
et al., 2021).

IB refers to the failure to consciously perceive a
visible but unexpected stimulus when attention is engaged in
another task (Mack & Rock, 1998). Although common in
everyday life, IB can lead to dangerous and even tragic
consequences in driving contexts (Hills, 1980; Pammer et al.,
2015, 2017). Identifying which stimulus characteristics
influence IB is therefore crucial for designing warning signals
that are less likely to be missed.

Pioneering studies demonstrated that IB rates decrease
when unexpected stimuli (US) carry particular significance
for individuals (the meaningfulness—signal hypothesis; Mack
& Rock, 1998). From there, the semantic/emotional value of
the unexpected stimulus has been considered as one of the
main determinants of attention capture. Surprisingly,
however, this possibility has been relatively underexplored,
and the available evidence remains inconsistent. Several
factors may account for these discrepancies. First,
experimental protocols vary widely across studies, making
comparisons difficult (Redlich et al., 2020). Second, the
operationalization of “meaningfulness” differs substantially

across investigations. For instance, some studies have used
participants’ own names (Mack & Rock, 1998), whereas
others have relied on neutral or expressive face pictograms
(e.g., Redlich et al., 2021) or threatening animals (spiders;
New & German, 2015). Third, differences in IB rates for
different US may sometimes arise from variations in low-
level visual characteristics between stimuli, rather than from
their semantic or emotional relevance (Redlich et al., 2021).
As a result, it is difficult to disentangle the respective
contributions of semantic meaningfulness and emotional
salience.

Another factor that can affect the detectability of the
US is the observer’s attentional set regarding the primary
task: US are more likely to be perceived when they are similar
to the objects that are being attended as part of the primary
task. For instance, participants tracking black items detect
unexpected black objects more often than white ones (Most
et al., 2001). Here, US may reach conscious perception
through top-down additional activation resulting directly
from their task-relevance (Dehaene et al., 2006). If so, an US
should also be detected more frequently when one of its
features is activated prior to the primary task. Previous
research suggests that pre-activating a physical feature of an
unexpected stimulus (e.g., its colour) does not influence
inattentional blindness rates (Kreitz et al., 2015). However, to
our knowledge, the effect of pre-activating the whole
stimulus’ concept has not yet been investigated.

Thus, the aim of the present studies was to investigate
whether and when unexpected visual stimuli with high
semantic value and emotional value may capture attention
more effectively than a visually matched neutral, meaningless
stimulus. The aim of Study 1 was to examine whether
semantic and emotional properties of the US alone reduce IB.
In Study 2, we manipulated the participants’ attentional set
by embedding the task into a driving scenario. We expected
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this manipulation to boost the perception of the meaningful
US.

2. Study 1
2.1 Method

2.1.1  Participants

The sample consisted of 246 French-speaking
participants (M = 33.3, SD = 10.0 years old) recruited via the
Prolific platform.

2.1.2. Stimuli

We designed three visually matched stimuli: a
scrambled shape, a stick figure, and a danger icon. Their
semantic and emotional values are presented in Figure 1.

Scramble Stickman

-~ [ ]
(R} A
Low semantic &
Low emotional value

Danger

High semantic &
Low emotional value

High semantic &
High emotional value

Figure 1. Illlustration of the stimuli and their semantic and
emotional values. These values were validated in a pretest
conducted on an independent sample of 60 participants.

2.1.2  Procedure

Participants completed a static IB task (see Figure 2)
adapted from Newby & Rock (1998). On each trial, they
judged which arm of a briefly presented central cross was
longer. After two practice trials and four test trials, an
unexpected stimulus (US) appeared in the fifth critical trial.
The US consisted of one of the three stimuli designed for this
study and appeared without warning in a quadrant of the
screen. Participants reported whether they detected the US,
indicated its location, and identified it using a forced-choice
response. They also rated their confidence on a 4-point Likert
scale (0 = no confidence, 3 = high confidence).

The final three trials were control trials. In the biased-
attention trial, no US appeared, whereas the US was shown in
the divided- and full-attention trials, with the latter instructing
participants to focus solely on the stimulus. Detection,
localisation, and identification responses were required for all
three trials.

Training trials

Test trials

Critical trial

Biased trial

Divided attention trial

Full attention trial

ta

Figure 2. Schematic illustration of the static IB task.
Note: The unexpected stimulus is not shown to scale.

2.2 Results

Binary logistic regressions were conducted on
detection, localisation, and identification rates of the US
during the critical trial (see Figure 3). A significant effect of
the US was found on identification rates (p =.03). However,
contrary to our expectations, identification was lowest for the
stickman US (OR = 0.38, 95% CI [0.18, 0.77], p =.009). No
effect of the US was found on detection (p =21) or
localisation (p =.22).

Detection Localisation Identification

75

50

Percentage

25

0 Scramble Stickman Danger
Figure 3. Percentage of participants in Study I who correctly
detected, localised, and identified the unexpected stimulus
presented during the critical trial.

Scramble Stickman Danger Scramble Stickman Danger

3. Study 2
3.1 Method

3.1.1  Participants

The sample consisted of 243 French-speaking
participants (M = 32.9, SD = 9.5 years old) recruited via the
Prolific platform.

3.1.2  Procedure

The same stimuli and procedure as in Study 1 were
used. However, the task instructions were modified to embed
the IB task in a driving scenario. Participants were first
presented with a brief introductory text that framed the
experiment in a road-traffic context. Specifically, the two
lines used in the length-judgment task were described as
representing a road intersection.

3.2 Results

Binary logistic regressions were again conducted on
detection, localisation, and identification rates of the US
during the critical trial (see Figure 4). A significant effect of
the US was found on localisation (p =.01) and identification
rates (p =.02). As expected, localisation performance was
highest for the danger icon (OR = 2.82, 95% CI [1.50, 5.41],
p = .001). However, contrary to our expectations,
identification performance was lowest for the stickman (OR
=0.438, 95% C1[0.201, 0.919], p = .03). No effect of the US
was found on detection (p = .13).
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Figure 4. Percentage of participants in Study 2 who correctly
detected, localised, and identified the unexpected stimulus
presented during the critical trial.

4. Additional methodological checks

In both studies, we observed high detection,
localization, and identification rates in divided- and full-
attention trials, indicating that the results cannot be attributed
to perceptual limitations of the US.

Moreover, participants’ ratings of the arousal, valence,
and meaning of the three stimuli replicated the pre-test
results, confirming that the stimuli’s semantic and emotional
values were perceived as intended.

5. Discussion

Taken together, the findings of Study 1 indicate that
neither the semantic nor emotional value of US influenced IB
in a decontextualized task. Although unexpected, this result
is consistent with the contingent capture hypothesis (Folk &
Remington, 1992), suggesting that the US failed to capture
attention because they did not match participants’ attentional
set (i.e., judging line lengths).

Study 2 provides a more nuanced perspective: when
the IB task was embedded in a driving scenario designed to
pre-activate meaningful stimuli, their detection and
identification did not improve. However, localisation rates
increased for the emotional stimulus alone (the danger icon
resembling a road sign).

Taken together, these results offer novel theoretical
and practical contributions that will be discussed more
thoroughly during the presentation. From a theoretical
perspective, they challenge the role of semantic and
emotional salience in attentional capture, which is commonly
reported in the literature. From a practical perspective, they
suggest that implementing visual warning signals with both
semantic and emotional value may enhance their localisation
in driving contexts.
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Braking without looking: understanding driver responses to sudden lead-
vehicle deceleration using a forced peripheral vision paradigm
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Abstract: Understanding how drivers use peripheral vision information to guide responses in safety-critical situations is
essential to develop realistic driver behavior models and improve the accuracy of virtual safety evaluations. This study
investigates how drivers’ brake response times (BRTs) are influenced by gaze eccentricity angles, gaze-manipulation
method, and expectancy. In a driving simulator experiment, participants were exposed to sudden lead-vehicle
decelerations while their gaze direction was manipulated using a secondary-task-based method or forced peripheral
vision. The BRTs increased with eccentricity even when foveal cues were severely restricted, highlighting a degradation
in peripheral-vision processing. Both gaze-manipulation methods resulted in similar BRTs but differed in compliance
and likelihood of braking. The large BRT difference between expected and unexpected braking cautions against using
expected-condition data for assessing safety-critical driving behavior and for ADAS design.

1. Introduction

Visual attention to the road ahead is essential for safe
driving. Yet in-vehicle displays and nomadic devices
frequently draw the driver’s gaze away from the roadway,
raising concerns about how off-road glances impact driver
reactions safety-critical events. Prior research has primarily
treated attention as an all-or-nothing phenomenon where the
driver is either fully attentive or completely inattentive. This
perspective has shaped regulations aimed at limiting off-
road glance frequency and duration to improve road safety.

Drivers can often rely on peripheral vision to control
the vehicle, but the degree to which peripheral vision guides
timely reactions to critical situations remains unclear. A
notable exception is the study by Svérd et al. (2021), where
glance and brake reaction times to a sudden lead-vehicle
deceleration was examined as function of gaze eccentricity.
They found that glance response times were unaffected by
eccentricity, whereas the time interval between gaze
redirection and brake initiation increased with larger gaze
angles. The study faced challenges in motivating sufficiently
long off-road glances via a secondary task, resulting in
many participants being excluded because they looked back
for reasons unrelated to the stimulus from the lead vehicle.

Secondary tasks are commonly used to manipulate
gaze behavior, but alternative methods exist. The “forced
peripheral driving paradigm”, introduced by Summala et al.
(1996), was conceptually inspired by early work showing
that drivers can use information from both foveal and extra-
foveal vision (Bhise & Rockwell, 1971). Here, we refer to it
as the forced peripheral vision paradigm to emphasize its
visual manipulation aspect. In this paradigm, drivers are
instructed to maintain gaze at controlled eccentric positions,
often corresponding to in-vehicle display locations.
Summala and colleagues applied the method to study lane
keeping (Summala et al., 1996) and detection of lead-
vehicle longitudinal deceleration (Lamble et al., 1999;
Summala et al.,, 1998), reporting degraded control
performance with increasing eccentricity. However, the

scenarios were low-speed and non-critical, and compliance
with gaze instructions was not fully disclosed.

In the present study, we apply the forced peripheral
paradigm to a critical longitudinal situation. We investigate
whether drivers can initiate timely braking using peripheral
vision alone and how performance varies with eccentricity.
By comparing the results to prior findings from a secondary-
task-based study, we assess the suitability of the forced
peripheral paradigm in driver behavior research.

2. Method

The data analyzed here originate from the same
driving-simulator experiment as described in Svérd et al.
(2021). In the study, participants followed a lead-vehicle on
a divided highway and were exposed to sudden
decelerations requiring rapid driver responses. Here, we
analyze a previously unpublished part of the experiment,
where the forced peripheral vision paradigm was applied.
Here, we explicitly instructed the participants that the lead
vehicle would brake while they were looking away. These
trials occurred immediately after the secondary-task-based
segments of the experiment.

Participants were assigned into three groups, each
exposed to three lead-vehicle braking trials while fixating
their gaze on secondary tasks presented at predefined
eccentricities (12°, 40°, and 60°). Only the order of
eccentricities differed between groups. All participants were
instructed to maintain gaze fixation on the secondary-task
display and to brake when necessary, without first
redirecting gaze toward the road ahead. Brake response time
(BRT), gaze behavior and vehicle kinematics were
continuously recorded.

Brake response time was defined as the interval
between lead-vehicle deceleration onset and the first
increase in brake-pedal pressure. Gaze direction was tracked
to confirm compliance with instructions. Trials in which the
participants redirected their gaze toward the road before
braking were excluded from the main analysis but examined
separately. We also performed a separate analysis on the
number of trials in which participants failed to react before
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collision. The results were compared the secondary-task-
based gaze manipulation method used in the studies by
Svird et al., (2021, 2022), including both an unexpected and
an expected lead-vehicle brake event. This comparison
enables us to assess whether the forced peripheral vision
paradigm offers stronger control of gaze behavior while still
yielding reliable estimates of peripheral-vision-based
reaction times.

3. Results

Driver responses were analyzed by comparing BRTs
across eccentricities and glance-manipulation methods,
investigating the effects of gaze manipulation and driver
expectancy, and analyzing response types.

3.1 BRTs with forced peripheral vision

The BRTs were aggregated per eccentricity angle for
all three groups, resulting in 106 data points (45 at 12°, 42 at
40°, and 19 at 60°). We found statistically significant group
differences (ANOVA: F=11.23, p<0.001; Kruskal-Wallis:
H=19.52, p<0.001), with longer BRTs at higher eccentricity
angles (Fig. 1). Pairwise Mann Whitney comparisons with
Holm correction for multiple testing confirmed that all
groups differed from each other with moderate to large
effects (p<0.010, r=0.32-0.62).
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3.2 Impacts from glance manipulation method choice
and expectancy

We compared the BRTs from the second forced
peripheral vision trial to the BRTs from the last, expected,
brake event using secondary-task gaze manipulation (Fig. 2).
The eccentricity angles were matched between the groups,
ensuring that each group was exposed to the same
eccentricity in both conditions. No significant BRT
differences were found between the conditions (p>0.45;
r=0.18-0.50). Further, the forced peripheral vision condition
was compared to the first, unexpected, brake scenario. All
groups showed substantially longer BRTs in under the latter
condition, but statistical significance (p<<0.001; r=0.71-0.76)
was only reached for the lower eccentricity angles (<60°).

3.3 Missed braking and non-compliance rates

Differences in non-compliance and missed-braking
rates were compared between forced peripheral vision and
secondary-task gaze manipulation (last, expected brake
event) conditions (Fig. 3). We observed a significant
reduction in non-compliance rates across all groups for the
forced peripheral vision condition (Cochran-Mantal-
Haenszel odds ratio=0.29; p<0.001), at the cost of more
frequent missed braking cases for high eccentricity angles
(non-significant across groups).

4. Discussion

Prior research suggests that different mechanisms
drive gaze redirection and brake response times, with only
the latter being dependent on eccentricity angle (Svérd et al.,
2021). Consistently, we here show that drivers BRTs
increase with eccentricity also in absence of gaze redirection.
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Drivers can collect evidence for braking through the
peripheral vision system, though the evidence degrades with
increased gaze eccentricity. These insights can guide the
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Fig. 1 Violin plots of BRTs for each eccentricity. The

development of driver-monitoring-system (DMS) based
advanced driver assistance systems (ADAS) and contribute
to realistic computational driver behavior models for virtual
safety assessments.

BRT distributions were comparable across gaze
manipulation conditions for all angles when a lead-vehicle
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Fig. 2 Violin plots of BRTs for each eccentricity and experimental condition. The markers represent individual driver
responses, while the colors correspond to experimental conditions.
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Fig. 3 Missed-braking and non-compliance rates for the
examined gaze-manipulation methods.
(a) Missed-braking rates, (b) Non-compliance rates.

conditions was instead found in participant compliance rates
and whether braking was initiated at all. While drivers were
more compliant with the forced peripheral vision paradigm,
some individuals seemed more hesitant to brake.

The study confirms previous research on repeated
brake exposures with a substantial BRT difference between
the first (unexpected) and subsequent (expected) brake
events (Benderius et al., 2014). This behavioral discrepancy
raises questions about the ecological validity of using
response times acquired in expected braking conditions to
develop critical-event response models or inform ADAS
design.

Note that care must be taken when interpreting the
absolute BRTs from this study, since all driving was
performed in a controlled driving simulator environment
which may not be directly comparable with real-world
conditions.

5. Conclusions

This study shows that BRTs increase with increasing
gaze eccentricity angle, even when foveal cures are severely
restricted. Confirming a degradation in driver’s ability to
access and process visual information at higher
eccentricities, the findings emphasize the importance of
peripheral vision in driving.

In expected-brake scenarios, forced peripheral vision
resulted in BRTs comparable to those obtained with a
traditional gaze-manipulation method. However,
methodological choice substantially influenced compliance
and likelihood of braking. The pronounced BRT gap

between expected and unexpected braking events further
highlights the risk of using expected-condition data for
modelling driver responses or informing ADAS design.
Future work should further examine how methodological
choices impact the ecological validity of driver-behavior
studies.
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Abstract: With driver monitoring systems (DMS) becoming a required feature in all new vehicles, it becomes important
to explore the public’s understanding of its working to ensure effective adoption within safe driving systems. This
interview study used paper-based visualisation activities alongside a novel methodological approach with Al-generated
driving scenario videos as a stimulus to elicit participant mental models of DMS. Analyses identified three archetypes of
DMS understanding and four of DMS adoption intention. Findings suggest that a detailed understanding of DMS related
technologies does not necessarily translate into a greater intention to adopt them. Instead, acceptability appears to be
more strongly shaped by the specific concerns individuals hold about the technology. Future research will investigate how
these DMS understanding archetypes potentially influence preferences for different HMI interventions.

1. Introduction

Driver monitoring systems (DMS) use sensors and
other means to monitor the driver’s state in real-time. This
helps to enhance safety by identifying undesirable driver
states that may require support, such as distraction, fatigue,
and inattention. They are also used to increase user
experience by providing measures to enhance driver
wellbeing and comfort, such as by changing the lights or
music. DMS are soon becoming a required feature in all new
vehicles, regardless of their level of vehicle automation
(Lenné et al., 2020). As we move towards implementing
DMS technologies in vehicles, it becomes crucial to explore
how they will be received by wider society (Nees & Liu,
2022). While there exists research on public acceptance,
perceptions and attitudes towards DMS (Coyne et al., 2024;
Oztiirk et al., 2026; Smyth et al., 2021), less is known about
the understanding of its operation. The study uses the concept
of mental models, as a framework to elicit this understanding
of DMS technology.

2. Background

The efficacy of DMS in preventing driver inattention
to aid safe interaction with human machine interfaces (HMI)
in vehicles is dependent on the accuracy of a driver’s mental
model of system capabilities and limitations (Merat & Louw,
2020). Mental models are an internal representation of an
external reality (Johnson-Laird, 2010). They are simplified
descriptions, that humans use in order to understand and
predict various socio-technical systems (Andrews et al.,
2023). Research that examined a driver’s mental model of
vehicle automation states that there does not exist a single
conceptual model of a system that can be defined as accurate
and complete. Hence, the merit of a mental model lies in
enabling a user to ‘satisfactorily’ predict system behaviour
(Seppelt, 2020).

Prior research that used an online questionnaire to
explore DMS mental models highlighted that drivers were

sceptical of DMS having the ability to detect adverse mental
states (Nees & Liu, 2022), but believed that most of the DMS
monitoring occurred of the driver’s interactions with the
phone and vehicle console (touch screens, climate controls,
music). Acknowledging the lack of publicly available
information around DMS functionality, the current study
takes a step towards creating clarity by deriving public
understanding of this technology. The study, takes inspiration
from work that used paper-based visualisation and interview-
based mental model building (Kenzie et al., 2024; Revell &
Stanton, 2014), to elicit the public’s understanding of, and
commonly held mental models of DMS operation.

3. Method

3.1 Participants

The 90-minute in-person semi-structured interview
study was conducted with 15 participants who held a valid
driving license. There was good representation across age
groups with the final sample comprising 8 female and 7 male
participants, between the ages 22 - 73.

3.2 Study Design and Procedure

Three scenarios were developed using literature,
manufacturer information, and relevant regulatory guidance
(Euro NCAP, 2024). The first driving scenario represented
fatigue detection, chosen because it is an established and
familiar DMS capability. The second scenario represented
detection of distraction cause by mobile phone use, a recent
and less familiar development. The third scenario depicted a
futuristic (and consequently unfamiliar) implementation of
DMS, in which the vehicle monitors the cognitive and
emotional state of an older driver. Presenting scenarios at
different levels of technology readiness, and thus familiarity,
helped build understanding, as participants started with the
most familiar technology and progressed to the least familiar
and most futuristic. Scenario videos were created using a
novel approach to stimulus generation with Google’s Al
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video generation tool Veo (see Fig. 1) and Canva for editing.
Each video clip ended with a neutral narration prompt such
as, “the car intervened to prompt the driver to pay attention to
his driving”, for scenario 2. To minimise bias, the videos did
not show the intervention mode chosen or vehicle automation
levels, and the recruitment materials used the term Advanced
Vehicle Technologies in place of DMS.

Participants viewed each 50-second video and then
answered the same series of interview questions, ‘what the
car knew about the driver’s state’, ‘how this information was
obtained’, ‘how it informed system responses’, and ‘what
happened to the information after’. Their thoughts were
recorded using sticky notes and chart paper. After the three
scenarios, participants were guided to create a visual
representation of their overall understanding of DMS. The
study ended with participants answering a set of DMS
acceptability and adoption intention questions.

Veoy,

Fig. 1. Driving scenario 3 video created on Google Veo Al
video generation tool

4. Analysis and Results

The study generated two types of data for analyses
namely; i) participant-created mental model diagrams (see
Fig. 2) and their accompanying verbal protocols ii)
participants’ views on DMS acceptability and intention to
adopt it. The data was analysed using a combination of
cognitive map analyses (Dixon & Lammi, 2014) and the
framework method (Gale et al., 2013). In order to bring a
standardisation in the comparison of the participant-created
mental model visualisations and better represent the
interactions between participant-identified DMS elements, an
interpretation of each participant visualisation based on their
accompanying verbal protocol was made by the researcher
through cognitive maps. This also ensured that a better
(aesthetically) represented visualisation would not
automatically be seen as a greater understanding of DMS and
related technologies.

4.1 DMS Understanding Archetypes

The results generated three archetypes of the
participants’ detailedness in DMS understanding which are as
follows: the Highly Detailed Understanding (HDU), the
Moderately Detailed Understanding (MDU) and the Less
Detailed Understanding (LDU). The HDU archetype
represents users that held a relatively deeper comprehension
of how DMS and their related technologies worked,
demonstrated by three out of the fifteen participants. Their
mental model visualisations were extremely detailed,
structured and modular, wusing relatively accurate

terminologies and a greater level of certainty in their
explanations. The MDU archetype included four out of the
fifteen participants. They demonstrated greater DMS
understanding than the LDU archetype but visualised it in
lesser detail and a comparatively incomplete and fragmented
manner than the HDU participants. Their organisation of
DMS knowledge concepts were a combination of linear,
circular and modular visualisations, with overlapping traits of
both HDU and LDU archetypes. Eight of the fifteen
participants were part of the LDU archetype. These
participants held inconsistent knowledge concepts of DMS
working, as well as a mostly linear, fragmented organisation
of these concepts and the interactions between them. They
used either incomplete or incorrect terminologies, and their
explanations were speculative with a greater degree of

uncertainty.
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Fig. 2. Participant 12’s mental model visualisation from
paper-based activity (HDU archetype)

The HDU visualisations when compared to the MDU and
LDU archetypes, possessed the greatest number of identified
DMS elements, the highest number of causal links creating
relationships between these elements, and the highest number
in the categories/types of causal links between the identified
elements. The ability to differentiate between the following
three participant-identified DMS elements; ‘DMS state
detected’, ‘indicators being monitored to detect said states’,
as well as ‘sensors used to monitor these indicators’ were seen
to be a distinctive feature to understanding DMS. All
participants of the HDU and MDU archetype, when
compared to the LDU archetype participants displayed this
trait. The LDU archetype participants in comparison,
mentioned these three elements either in combination using
an umbrella term or used them interchangeably under names
such as ‘smart technologies data (P5)’, ‘driver-initiated action
(P6)’, or simply ‘sensors (P7 and P8)’, all pointing to some
kind of DMS input.

4.2 DMS Acceptability Archetypes

Analysed results produced four archetypes, existing
on a spectrum from the least intention to highest intention to
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Fig. 3. Researcher’s cognitive map interpretation of visualisation by participant 10 (HDU archetype)

adopt DMS. The Sceptic archetype (2 of 15 participants) was
characterised by a strong disapproval towards the utility or
need for DMS. The Reluctant Adopter (3 of 15 participants),
possessed an apparent belief in the potential of DMS, but
stated various reasons of caution or suspicion which
conveyed a lack of confidence. The Pragmatic Realist (5 of
15 participants), while not optimistic about DMS, believed in
its need and held a trust in the system to implement it the right
way. The Optimistic Enthusiast (5 of 15) displayed qualities
of hopeful enthusiasm about the technology’s capability,
motivated by a strong concern for road safety.

5. Conclusion

Findings revealed that a detailed DMS
understanding (HDU archetype) did not necessarily lead to a
higher intention to adopt the technology, as none of the HDU
participants belonged to the high-adoption Optimistic
Enthusiast archetype. Similarly, a less detailed understanding
of DMS (LDU archetype) did not correspond with low DMS
adoption intention, as none of the participants from this
archetype were classified as Sceptics. These results hence
suggest that detailed DMS knowledge alone does not drive
adoption. Instead, acceptability is potentially more strongly
influenced by specific concerns individuals hold about the
technology, including ‘data sharing beyond the vehicle (P2)’,
‘big brother monitoring (P3)’, ‘detection of illegal driver
behaviour (P10)’, and ‘greater perceived vehicle control over
the driver (P8)’.
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Abstract:

Navigating intersections is challenging for heavy vehicle drivers due to large dimensions, blind spots, and long stopping
distances of their vehicles. They therefore highly value predictive information before reaching intersections. Within the
I2Connect project, we developed a dynamic, evidence-based risk assessment for upcoming intersections. The system
utilizes vehicle to everything (V2X) communication to collect information about the situation and predict the genral risk
at the vehicle's arrival time at the intersection, displaying the risk indicator only when increased risk is predicted. The
general risk is thereby defined through the common understanding that the more complicating factors are present at the
same time, the more the chances of some unwanted incident happening increases. The individual risk increasing factors
(e.g. visibility, road works, number of traffic participants, etc.) are thereby combined using Evidence Theory. A simulator
study with professional truck drivers evaluated drivers general perception of such an indicator and compared two
visualization alternatives; a dual-display shifting from dashboard to Head-Up Display (HUD) and a dashboard-only
display. Drivers found the predictive alerts highly useful and preferred the HUD layout but also stated that such a system
should adapt not only to the degree of risk but also to the driving situation as a whole (e.g. night time or how heavy the

truck is loaded).

1. Introduction

The FFI-Vinnova provides these offer areas:
“Support research and development activities that increase
road safety and make transportation more sustainable through
safe connected automated vehicles prepared for sharing.” The
project’s contributions have aligned with FFI’s overall impact
goals, as it focuses on demonstrating innovative advanced
driver assistance system (ADAS) solutions that substantial
enhance road safety, driving efficiency, and environmental
sustainability while ensuring that these benefits are accessible
to all road users. And SAFER is this area as well.

Truck drivers have indicated that an ADAS function
that supports intersection driving would be of great help.
However, it is also known that ADAS functions are often
perceived to be annoying and are switched off by roughly half
of Europe’s commercial drivers (Roberts, 2024).

The 12Connect project examins the integration of data
derived from smart infrastructure and V2X communication
through a theory-grounded data fusion subsystem. The aim is
to enhance the acceptance of ADAS and significantly
influence driving safety (Hesse et al., 2011).

In this paper, we present a situation aware risk
assessment system. Thereby, the risk at the intersection is
calculated for the vehicle's estimated time of arrival (ETA)
and the risk indicator is only presented when an increased risk
at ETA is predicted.

A multivariate simulator test with professional truck
drivers was conducted. Firstly, our objective is to evaluate
driver perception of the dynamic general risk indicator.

! https://www his.se/en/research/informatics/interaction-

lab/intelligent-driver-support-systems-and-safety-enhancement/

Secondly, we want to understand user preference with regard
to alternative HMI displays.

2. Method

2.1 Situation awareness through data fusion

To support the evaluation of different risk scenarios and
to perform risk sensitivity analysis, we developed the risk
assessment environment, SARA. It allows to display and
analyse real-time or recorded data from a vehicle or any
simulation environment.

SARA is based on a sensor-edge-cloud architecture
(Figure I) simulating the data pipeline of ADAS data flows.
Smart Eye AB driver monitoring cameras provide sensor
level gaze measurement patterns following the European
New Car Assessment Programme’s (Euro NCAP’s) driver
monitoring system (DMS) specifications. The external
sensing layer comprises infrastructure-mounted cameras
(Viscando, 2022) installed at urban intersections to track
actor positions. This architeture divides tasks between device,
cloud and edge nodes, which also can extract features locally
to predict collisions risk (Atif et al., 2025).

A cooperative cloud platform aggregates evidence
from multiple actor sources to achieve intersection-wide
awareness. The system operates at 60Hz per data frame,
which yields comprehensive snapshots of ego vehicle state,
surrounding traffic, environmental conditions and driver
attention data. The core element of SARA is the evidence-
based risk assessment algorithm.

53


mailto:paul.hemeren@his.se

URBAN INTERSECTION EDGE LAYER

Edge Node 1
qum Extraction
CARLA Simulator
Sim Event
F"‘“” RISK ASSESSMENT
Evidence Theory

Fig. 1. Overview of SARA’s simulation framework

CLOUD LAYER SCAT FRAMEWORK

Vehicle 1
Gaze Monnomg

In!rastmcture

Vehicle z
Gaze Monnumg

In'rasvuclwe

Evidence theory (Shafer, 1976) is a generalization of
probability theory (Dempster, 1969) that allows for fusion of
uncertain data from multiple sources. It expresses the
uncertainty regarding an unknown random variable, X, within
a context of a given frame of discernment, Qx, through a
probability mass function, m.

For risk prediction at the intersection, we consider
number of traffic participants, presence of roadworks,
number of drowsy or intoxicated drivers nearby, approaching
emergency transports, and visibility. Each is described by a
probability mass function. All mass functions are then
combined, and the betting probability for the combined result
is provided as the general risk. If it exceeds a preset threshold,
the indicator is presented to the driver.

The SARA evaluation interface illustrating a live
simulation run is shown in Figure 2. The left panel shows the
risk development over time and its underlying probability
mass distributions for the risk contributors. Below, SARA’s
parameter panel allows researchers to adapt fusion weights
and thresholds on the fly without stopping the simulation. The
upper panel presents indicators of vehicle dynamics. The
right panel visualizes a running CARLA-based scenario,
where the ego vehicle (red) navigates the intersection
alongside vulnerable road users like pedestrians (white) and
bicycles (green). In the top-right corner, the indicator status
is highlighted and gaze classification (eyes-on-road vs. off-
road) is overlaid, providing a real-time coupling between risk
assessment output and the driver's attentional state. This dual
panel visualizes the interdependencies between risk profile
dynamics and driver behavior simultaneously, supporting
systematic tuning of the investigated HMI concepts.

};- HMI (alert)

Vehicle dynamics I » Gaze ("eyes on road")

Risk measures |

{VRU traffic
Ego (red vehicle)

Parameter panel

Evidence Theory in Action !

Fig. 2. SARA’s live dashboard

CARLA Scenario

2.2 HMI Concept Design

Drivers need different support at different stages while
approaching an unregulated intersection. Therefore, we

consider three distinct driving phases: the pre-planning phase
(450 to 250 meters before the intersection), the planning
phase (250 to 15 meters before the intersection), and the
intersection phase (15 meters before to 15 meters after the
intersection).

The layout of the digital cockpit strongly impacts
information usability, the driver’s mental workload, and
driver safety (Smith et al., 2026). In our in-group comparative
study, we conducted a multivariate test with two alternative
HMI designs and a baseline with no HMI. Eighteen
commercial heavy vehicle drivers were recruited. Three
drivers were unable to complete the experiment, leaving 15
drivers who completed all three drives. Drives were randomly
assigned and followed by a questionnaire after each drive,
with a semi-structured interview at the end.

PRE-PLANNING PHASE PLANNING PHASE INTERSECTION PHASE

15m
LT

LTI

Fig. 3. Intersection warning phases

Concept A (Adaptive Dual-Display) showed the
general risk indicator in the vehicle's dashboard while the
vehicle was within the pre-planning phase and moved the
indicator to the HUD when the vehicle entered the planning
phase. The indicator remained in the HUD until the driver
completely left the intersection.

Concept B (Simplified Single-Display) shows the
general risk indicator in the vehicle's dashboard throughout
all phases until the driver has left the intersection phase.

Baseline (no HMI) did not show any information
about the predicted risk at the upcoming intersection.

3. Results

The majority of drivers perceived the risk indicator as
helpful and, consistent with the findings from Liu et al (2023),
preferred the indicator in the HUD. They described it to be
easier to notice and to reduce the need to switch between
looking at the dashboard and on the road, supporting them
keeping their eyes on road, and providing a more natural and
less distracting place for the information.

More than half of the drivers found the timing for the
indicator appropriate and appreciated that it gave them
enough time to prepare for the intersection. Some also
mentioned that the disappearance of the indicator after the

2
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intersection was suitable. Even if most drivers were positive
to the timing within our experiment, the general consensus
was that the timing should be adapted to the driving context.

Some drivers felt the indicator sometimes appeared
too early, causing them to adapt their driving first and then
readapt to the traffic situation, or forget about the information
when they actually reached the intersection. One driver felt
that an unverifiable risk indicator would make them feel
unsafe. Some participants suggested that such an indicator
was better suited for rural driving because in urban areas they
already are highly alert to intersection risks.

While perceiving this particular information to be
useful, many drivers were generally afraid of too much
information and feared that the indicator could go off too
often, even if this was not the case within our experiments.

Another appreciated concept was the combination
of'icon and text, as well as the coloring, where the yellow icon
naturally alerted the driver without scaring them (as red might
have done), and the text shortly explained the indication.

4. Conclusions

The qualitative nature of the experiment and the low
number of participating drivers do not allow for statistically
significant findings. At this stage, it cannot be concluded that
the indicator influences traffic safety or driving behavior.

Furthermore, driver simulator experiments differ
from real-world driving; what is perceived as helpful within
the simulator might not be perceived that way in real traffic.
At the same time, as Zhang et al. (2025) pointed out, while
driving simulators are limited regarding physical feedback,
they still have high relative validity for evaluating driver-
HMI interaction and decision-making.

Our experiments showed that professional drivers of
heavy vehicles perceive a general indicator for increased risk
at upcoming intersections to be helpful. In agreement with
Liu et al (2023), most drivers argued that the indicator is
better suited within the HUD than in the dashboard.

Since drivers often state and literature confirms (e.g.
Spahn et al. 2020) that there is no need for risk indicators if
they already see the hazard, we must guard against over-
warning, which can lead to alarm fatigue, system distrust, and
eventual system deactivation. However, when a driver is
distracted, an indication of even minor risks might be
appropriate.

We conclude that a safety system for professional
drivers, who often drive long hours and frequently experience
fatigue, needs to be built catering to their specific needs and
situations. To avoid annoying the driver, our next step will
integrate driver monitoring. The system will suppress risk
indicators when the driver is already attentive, while alerting
even for minor risks if the driver is distracted. We must also
balance minimizing information overload with transparency,
keeping in mind that the evidence-based risk indicator means
the driver might not always know why a risk is predicted.
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Abstract: Driver drowsiness is a major contributor to road accidents, accounting for an estimated 10-30% of all vehicle
crashes. Driver Monitoring Systems (DMS) aim to assess driver alertness and are typically categorized into vehicle-based,
behavioral, and physiological approaches. Among these, physiological monitoring provides the most reliable indicators of
drowsiness; however, many existing systems rely on contact-based sensors that are intrusive and impractical for real-
world use. This study investigates a fully contactless physiological monitoring approach based on imaging
photoplethysmography (iPPG) to detect sleep-related events in drivers. The proposed method extracts cardiovascular
signals from video recordings, enabling unobtrusive monitoring of the driver’s physiological state in both controlled and
naturalistic driving conditions. Data were collected across multiple experimental scenarios. Six participants underwent a
45-minute Maintenance of Wakefulness Test (MWT), four participants completed a 45-minute static driving simulation,
and four participants performed a 45-minute dynamic driving simulation. Sleep-related events were objectively validated
using polysomnography (PSG) recordings reviewed by a medical expert according to the American Academy of Sleep
Medicine (AASM) guidelines. Additionally, five participants performed real-world driving sessions, where sleep events
were validated using a previously developed smartwatch-based sleep-detection algorithm. The heuristic algorithm
achieved an overall accuracy of 88.6%, with 82.4% specificity (95% CI: 56.6%-96.2%) and 92.6% sensitivity (95% CI:
75.7%-99.1%), demonstrating the feasibility of a non-intrusive physiological solution for driver sleep event detection.

1. Introduction

Globally, it is estimated that road accidents result in
approximately 1.35 million deaths and up to 50 million
injuries annually (Shaik et al., 2021). Drowsy driving is a
primary risk factor for accidents, contributing approximately
to 10-30% of all road traffic incidents and a significant cause
of fatal accidents (Gongalves et al., 2015). Drowsiness-
related accidents are typically more severe due to their
occurrence on high-speed roads. Sleep deprivation and
prolonged driving are key factors. Given its serious
consequences, ecarly detection of drowsiness through
technology could significantly reduce traffic-related deaths
and injuries (Ebrahim Shaik, 2023).

The Driver Monitoring Systems (DMS) play a crucial role in
detecting the state of the driver and can be categorized as
behavioral, vehicular, and physiological-based techniques
(Sahayadhas et al., 2012). Among them, the analysis of
physiological signals is the most reliable method, but it can
be intrusive if contact-based, sensitive to noise and motion,
and costly (Perkins et al., 2023; Ramzan et al., 2019).

In this context, imaging photoplethysmography (iPPG)
represents a promising contactless alternative for driver
monitoring. iPPG allows the extraction of cardiovascular
signals from subtle variations in skin color captured by
standard cameras, enabling the estimation of HR and HRV

without physical contact (McDuff et al., 2014; Verkruysse et
al., 2008). Thanks to its unobtrusive nature, this technology
can be easily integrated into in-vehicle camera systems and
continuously monitor the driver’s physiological state. These
characteristics make iPPG particularly suitable for real-world
driver monitoring applications, where comfort, usability, and
long-term acceptance are essential.

In-vehicle drowsiness validation is typically validated by
exploiting the driver's subjective self-assessments (eur-
lex.europa.eu/legal-content). However, it was demonstrated
that subjective measures often failed to accurately reflect
actual drowsiness levels, capturing only the driver’s
perceived state (Anderson et al., 2023; Cai et al., 2021;
Groppo et al., 2024).

This study investigates the prediction of drowsiness,
microsleep, and sleep events in both simulated and
naturalistic driving scenarios. The proposed heuristic
algorithm exploits HR extracted through iPPG. Objective
ground truth was established using polysomnography (PSG)
recordings reviewed by a medical expert according to the
American Academy of Sleep Medicine (AASM) guidelines,
as a validation method strongly assessed in a previous study
(Groppo et al., 2026).

Method
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1.1 Participants and experimental protocol

19 participants were enrolled (6 females; mean age 33 + 13

years; mean BMI 24 + 3 kg/m?2). Data were collected across

multiple experimental scenarios designed to evaluate the

proposed approach under both controlled and real-world

conditions.

The following tests were done under controlled conditions:

e six participants underwent a Maintenance of
Wakefulness Test (MWT), remaining seated on a
comfortable chair in a quiet room not moving for 45

minutes;

e four participants completed a 45-minute static driving
simulation;

e four participants performed a 45-minute dynamic driving
simulation.

To obtain an objective ground truth for sleep-related events
during the controlled experiments, every participant was
equipped with a full PSG setup (Noxturnal Al). The PSG
recording was subsequently reviewed by a medical expert
according to the guidelines of the AASM.

To further assess the feasibility of the proposed approach in
real-world conditions, five participants also performed real
driving sessions. In this case, considering that PSG would
have been too invasive, sleep events were identified using a
sleep-detection algorithm previously developed and validated
by the same authors, running in real time on a smartwatch.

Figure 1 - PSG setup for sleep validation in drivers, comprising EEG (GND,
F4, F3, C3, C4, Ol1, 02, M1, M2), EOG (E2, El), EMG (F, I), ECG, two
respiratory belts, and a PPG sensor.

Figure 2 - Experimental setups: MWT, static driving simulator, dynamic
driving simulator, and real-vehicle configuration. The iPPG device was
positioned in front of the participant on the right side.

1.2 HR based sleep prediction algorithm

The process begins with the remote extraction of the PPG
signal from the subject's facial regions using a near-infrared
(NIR) LGE camera. From this optical signal, two primary
physiological inputs are derived: Heart Rate (HR) and Beat-
to-Beat Intervals (BBI). The algorithm’s operation is shown

in the following pseudocode.

START
/1 Data Acquisition
while there is signal do
Collect samples of HR and BBI
if n samples are collected then
Calculate the average of HR and the std of BBI in the window
Store them in mHR and sBBI
return LevelO: Data acquisition;
/1 Data Processing
if N values are calculated then
The wi slide in time di:
and adding new value
Calculate the first derivative of sBBI and store in dsBBI
count=0
DOD=0
fori=1toi=WindowSize-1 do
if dsBBI[i] < sTh and mHR < mTh then
count++
else
count=0
end if
if count>DOD then
DOD =count
end if
end for
// Classification
if DOD <=Th1 then
return Level1: Awake;
end if
if DOD <=Th2 and DOD > Th1 then
return Level2: Fatigue Onset;
end if
if DOD > Th2 then
return Level3: Drowsiness Onset;
end if
end if
end if
end while

ing oldest value

Figure 3 — Pseudocode of the algorithm: Data acquisition, Data
processing, and Classification stages summarized.
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2. Results

Building on the multi-scenario experimental framework, the
algorithm's performance was evaluated across a three-level
classification scale: Wakefulness (Level 1), Fatigue (Level 2),
and Sleep/Microsleep events (Level 3). The system was
designed to generate two distinct alerts: a Fatigue Onset
trigger, aimed at predicting the transition to intermediate
fatigue, and a Drowsiness Onset trigger, specifically
calibrated to predict imminent sleep or microsleep episodes.
Validation against PSG ground truth and reference sensors
demonstrated high diagnostic accuracy. As shown in Table 1,
the algorithm correctly identified 25 critical events (True
Positives), including both fatigue and sleep transitions, and
successfully classified 14 sessions of sustained wakefulness
(True Negatives). Despite the increased complexity of
dynamic simulation and on-road trials, the prediction of both
onset types remained robust. Out of the nine dynamic/real-
world sessions where sleep was expected, the Fatigue Onset
was correctly triggered in 100% of detected events, with only
two False Negatives across the entire 19-subject dataset
(Mwt_P2 and Dynamic P3). Statistical evaluation yields a
global Sensitivity of 92.6% and a Specificity of 82.4%, with
an overall Accuracy of 88.6%.

3. Discussion

The discrepancy in Static P3 (3 False Positives) stems from
the  participant’s use of  beta-blockers,  which
pharmacologically reduced Heart Rate Variability (HRV).
This "flattened" cardiac profile misled the algorithm into
detecting a fatigue state despite active wakefulness. The low
False Positive rate is particularly significant for real-world
applications. By minimizing alarms, the proposed system
preserves driver trust and avoids the 'alarm fatigue' that often
leads users to disregard or disable safety monitoring
technologies.

Regarding the two missed detections (Mwt P2 and
Dynamic P3), it is critical to note that both tests featured
darker skin tones. In iPPG applications, higher melanin levels
can attenuate reflected light, potentially reducing the signal-
to-noise ratio (SNR) during abrupt transitions. Furthermore,
these specific events were characterized by sudden
microsleeps. While they did not trigger a Drowsiness Onset
(Level 3) alert, they were both consistently preceded by a
Fatigue Onset (Level 2) notification. This suggests that while
signal quality or the abruptness of the event prevented the
system from reaching the stricter Level 3 threshold, the
algorithm successfully identified the preceding physiological
degradation.

From a safety perspective, this hierarchical alerting system
ensures that even when a microsleep is not explicitly labeled,
the driver has already been warned of a high-fatigue state.
This confirms the algorithm's effectiveness as a multi-stage
early warning system, capable of tracking the physiological
drift toward impairment even under challenging optical,
pharmacological, and dynamic conditions.

4. Conclusions

Drowsy driving is a primary risk factor for accidents,
contributing approximately to 10-30% of all road traffic
incidents. The analysis of physiological signals is the most
reliable method for Driver Monitoring Systems (DMS), but it
can be intrusive, sensitive to noise and motion, and costly. To

date, validation methods for driver impairments are based on
subjective self-assessments, which often fail.

This study validates a contactless, near-infrared iPPG-based
framework for monitoring driver impairment across a
spectrum of physiological states. By implementing a
hierarchical classification of Fatigue and Drowsiness Onsets,
the system offers a robust multi-stage early warning
mechanism that remains effective even under challenging
dynamic and real-world conditions. While pharmacological
factors (beta-blockers) and physiological traits (darker skin
tones) may influence specific detection thresholds, the
algorithm consistently identifies the preceding degradation in
alertness. These results demonstrate that remote cardiac
imaging is a viable and reliable alternative to wearable
sensors, providing a critical safety layer for the prevention of
sleep-related accidents in automotive applications.
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Appendix A

Table 1 Prediction results

Test ID TP FP TN FN Notes
Static P1 0 0 1 0

Static P2 0 0 1 0

Static P3 2 (2F) 3 0 0 Takes Betablockers
Static P4 0 0 1 0

Static_P5 1 (1F) 0 0 0 Dark skin
Static P6 0 0 1 0

Mwt P1 5 (5F) 0 0 0

Mwt P2 11 (4M, 1S, 6F) 0 0 1 (1M) Dark skin
Mwt P3 0 0 1 0

Mwt P4 0 0 1 0

Dynamic P1 0 0 1 0

Dynamic P2 0 0 1 0

Dynamic P3 6 (6F) 0 0 1 (1M) Dark skin
Dynamic P4 0 0 1 0

Real PI 0 0 1 0

Real P2 0 0 1 0

Real P3 0 0 1 0 Takes Betablockers
Real P4 0 0 1 0

Real P5 0 0 1 0 Dark skin
Total 25 3 14 2

Abbreviations: TP = True Positive, FP = False Positive, TN = True Negative, FN = False Negative
F = Fatigue, M = Microsleep, S = Sleep Event
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Abstract: This study presents a methodological approach for evaluating driver distraction during voice-based in-vehicle
Large Language Model (LLM) interactions. We adapted established test protocols for visual-manual distraction to
accommodate voice-based interactions while assessing both visual and cognitive distractions. In a driving simulator, we
examined natural conversations with the LLM which differed in feedback modality (voice only vs. voice + visual) and
feedback length (short vs. long). The results showed that all use cases met the absolute glance criteria in terms of
individual glance duration, while the total eyes-off-road time criterion was only met for the condition "voice only, long
texts'". Driving performance and cognitive distraction (measured by tactile DRT) were comparable to the reference task
"hands-free phone call". Additional analyses suggested that speech production was particularly cognitively demanding,
but nevertheless remained within acceptable limits. The study demonstrates that the proposed methodological approach
is reasonable for evaluating visual and cognitive distraction effects of LLM interactions, except for the criterion of total

eyes-off-road time, which proved unsuitable for longer interactions.

1. Introduction

The rapid integration of Large Language Models
(LLMs) into automotive environments has introduced novel
challenges and risks associated with driver distraction.
Although LLMs offer substantial potential for enhancing
information access and user experience, the visual and
cognitive demands of voice-based LLM interactions remain
poorly understood. While established test methods exist for
evaluating distraction by visual-manual tasks (e.g., AAM,
2006; NHTSA, 2013), comparable methodologies with
acceptance criteria for voice systems remain lacking.
Although voice systems have shown to be less visually
demanding than visual-manual distraction sources (e.g.,
Monk et al., 2023), the role of cognitive distraction should be
emphasized, as both speech production and auditory
processing of system responses can impose significant
cognitive load. Understanding cognitive distraction is crucial
for assessing safety implications of LLM-based interfaces.

This study presents a methodological approach for
evaluating driver distraction during in-vehicle LLM
interactions which aims to evaluate not only the impact on
visual distraction using established criteria, but also the
influence on cognitive distraction and, consequently, on
driving performance. The approach was adapted from
existing test protocols originally developed for visual-manual
tasks (AAM, 2006; NHTSA, 2013) to accommodate voice-
based LLM interactions. Additionally, the study examined
whether feedback modality and feedback length influence
visual and cognitive driver distraction.

2. Method

2.1 LLM use cases

The study examined use cases (UC) in which drivers
verbally interacted with a LLM system (ChatGPT) while
driving. Participants were asked to query the system on four
standardized topics (e.g. tips for a holiday trip to a warm
destination, or ideas for a birthday party) and to maintain the
respective conversation for a duration of three minutes. The
spoken utterances were visually displayed on the center
information display (CID). The current system status and,
depending on the test conditions, a visual transcript of the
voice output were also displayed here. Four LLM UCs were
defined by varying the factors “feedback modality” (voice
only vs. voice + visual) and “length of feedback” (short, 120-
140 characters vs. long, 400-420 characters).

2.2 Test setting

The study was conducted in the static WIVW driving
simulator (Figure 1).
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Fig. 1: Implementation of the LLM in the WIVW driving
simulator.

The driving task was a continuous car-following task
(adapted from NHTSA, 2013, 2019) with participants
following a lead vehicle at a speed of 100 km/h with a
constant distance of 50 m while maintaining good lane
control. Cognitive load was assessed using the tactile DRT in
accordance with ISO 17488 (ISO, 2016). Participants were
asked to respond as quickly and accurately as possible to
vibrations from a motor attached to their shoulder by pressing
a microswitch (Figure 2).

The driving task and the DRT were practiced
individually and in combination with each other sufficiently
before the test drive.

The test drive (approx. 25 minutes) consisted of a total
of 6 sections, each with a fixed duration of 3 minutes: 4
sections with LLM UCs, a baseline section (consisting of car
following and detection response task (DRT)), and a
reference section (hands-free phone call with the
experimenter).

2.3 Dependent measures and data analysis

Glance data were analyzed with respect to the
fulfilment of the absolute criteria defined in NHTSA (2019):
For at least 21 of the 24 test participants, the following criteria
had to be met:

A. no more than 15% of off-road glances exceed
20s

B. the mean off-road glance duration is <2.0 s

C. the total eyes-off-road time (TEORT) is
<120s.

To investigate the impact of distraction caused by
interaction with the LLM on driving performance, we used
dependent #-tests with Bonferroni-Holm adjusted p-values to
compare the standard deviation of lateral position (SDLP)

Fig. 2: Vibrotactile transponder and microswitch for the
tactile DRT.

and standard deviation of car follow distance (SD distance)
with those from the reference task. The criterion for task
acceptance was that the performance in the LLM UCs should
be equal or better compared to the reference task.

The same approach was applied to the dependent
measures DRT response time and miss rate.

To examine the influence of the factors feedback
modality and feedback length on the reported measures,
repeated-measures ANOVAs were also performed.

2.4 Study sample

The study sample consisted of 24 participants (n=12
female), evenly distributed to four age groups (NHTSA,
2013). Mean age was 40.9 years (SD=14.7). All drivers were
trained in the simulator. A prerequisite for participation in the
study was previous experience with voice assistants.

3. Results

3.1 Fulfillment of distraction evaluation criteria

The analysis of eye glance data showed that glance
criteria A and B were met for all UCs. Criterion C (TEORT)
was fulfilled only for UC “voice only, long texts”.

Lateral and longitudinal driving performance SDLP
and SD Distance for all four LLM UCs was at the same level
as for the reference task. Also, DRT performance for all four
LLM UCs was on an equal level or better compared to the
reference task (Tablel. Figure 3, Figure 4).

3.2 Effect of feedback modality and feedback length

The results from the repeated-measures ANOVAS
revealed a significant main effect of feedback modality on
mean glance duration (Table 2). The UCs with voice and
visual feedback resulted in longer glances than the voice

Table 1: Results of dependent t-tests between each LLM UC with reference task.

Driving performance DRT
SDLP SD Distance Response time Miss rate
Reference task vs. t(23) P t(23) P t(23) D t(23) p
Voice only; short 1.216 0.944 -1.280 .684 0.262 >.999 -1.480 266
Voice only; long -0.937 >.999 -1.412 .684 -1.581 384 -3.317 .012%*
Voice-visual; short -0.395 >.999 -0.632 818 -0.349 >.999 -1.558 266
Voice-visual; long -.0412 >.999 -0.841 818 -2.126 176 -2.842 .030*

Note. p-values were adjusted using the Bonferroni-Holm correction.
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Table 2: Results of repeated-measures ANOVAS for “feedback modality” and ‘‘feedback length”.

Glance measures Driving performance DRT performance
Mean g%ance Number of SDLP SD Distance Res'ponse Miss rate
duration glances time
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Fig. 3: Driving performance data for LLM UCs and the Fig. 4: DRT performance data for LLM UCs and the
reference task. (a) SDLP (Mean + 95% CI), (b) SD Distance reference task.(a) Response time (Mean = 95% ClI), (b) Miss
(Mean + 95% CI) rate (Mean + 95% CI)
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only condition. There was a marginally significant
effect of feedback modality on the number of glances with
tendentially more glances to the CID with additional visual
feedback. Thus, although the system’s responses were not
visually displayed in the “voice only” condition, the spoken
utterances resulted in multiple glances at the CID.

No influences of feedback modality and feedback
length on driving performance measures were found. This
also applies to the miss rate in DRT. There was a significant
effect of feedback length on DRT response times: Shorter
system outputs led to longer response times (resulting from a
higher frequency of interaction with the system).

3.3 Distribution of misses in the DRT

A detailed analysis of DRT miss rates across LLM
interaction phases revealed that speech production phase (20-
25% of total UC duration, from button press to system
feedback) accounted for 40-45% of all misses. The
overrepresentation of DRT misses in this phase indicates that
speech production during LLM interaction is particularly
cognitively demanding.

4. Discussion

Taken together, all examined LLM UCs met the
defined distraction evaluation criteria except TEORT. This is
reasonable as the UC duration was 3 minutes whereas the
TEORT threshold of 12 s was originally defined for visual-
manual tasks with clearly shorter durations (e.g., manual
radio tuning). Therefore, all investigated LLM UCs appear to
be safe in automotive contexts.

Displaying text in addition to voice output increases
glance duration and number of glances, but not to a critical
extent (individual glance duration still meets acceptance
criteria). Different feedback lengths showed similarly low
visual distraction effects indicating that drivers did not
actually read the text. Notably, drivers also glanced at the CID
during purely verbal output to verify spoken utterances
visually. The statistical analysis indicated that shorter LLM
responses actually tend to increase distraction —likely due to
higher interaction frequency within the constant interaction
duration, leading to increased speech production and visual
control needs.

5. Conclusions

The presented methodological approach reasonably
evaluates distraction effects of in-vehicle LLM interactions
by assessing both visual and cognitive distraction effects
through glance metrics and tactile DRT performance. Effects
on driving performance enable statements about potential
safety implications.

For long LLM interactions, the TEORT criterion
appears unsuitable and should not be used for distraction
evaluation.
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Appendix

Table 1: Mean (M) and SD for all measures and all UC.

Eye glance Mean glance Mean number
metrics duration [ms] of glances [n]

M SD M SD
Voice only; short 641 537 13.0 9.47
Voice only; long 645 433 11.78 11.15
Voice-visual; short 817 505 17.33  12.89
Voice-visual; long 953 605 1648 12.72
Eye glance Total Eyes-off
metrics road time [s]

M SD
Voice only; short 8.33 7.31
Voice only; long 7.60 8.14
Voice-visual; short 14.11 12.15
Voice-visual; long 15.71 12.62
Driving SDLP SD Distance
performance [m] [m]

M SD M SD
Baseline 161 .087  4.29 1.57
Reference task 144 .040  7.09 3.39
Voice only; short 155 049  6.12 2.03
Voice only; long 138 .039  6.01 2.85
Voice-visual; short 142 .035 6.63 2.49
Voice-visual; long 142 .035 6.25 4.09
DRT performance Response Time Miss Rate

[ms] [%]

M SD M SD
Baseline 323 83 .042 1.53
Reference task 586 231 13.92 1494
Voice only; short 594 245 10.50 10.99
Voice only; long 539 231 8.75 9.89
Voice-visual; short 576 190 10.83 13.12
Voice-visual; long 515 157 7.58 7.59
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Hands-free Level 2 (L2) systems are now widely deployed in the US. Controlled studies suggest that reduced manual
control may induce driver overreliance; however, real-world usage remains understudied. This study examines
driver behavior when using Ford Mach-E’s hands-free L2 system, BlueCruise. Both hands-on-wheel and eyes-on-
road alerts occurred, with hands-on-wheel alerts more frequent (about two per hour), while eyes-on-road alerts were
more strongly associated with individual characteristics. Alerts escalating to a request to resume control were rare
(0.03%). For both alert types, alerts were not consistently triggered during non-compliance (eyes off road or hands
off wheel). When non-complient, drivers typically looked back to the road quickly (0.5 s) but returned their hands
more slowly (2.1 s). More hands-off driving was also associated with more eyes-on-road alerts and longer glances to
the down and center-stack regions. Future research should examine this tendency to better understand the benefits

and risks of hands-free driving.

1. Introduction

Commercial hands-free L2 driving automation
systems are now widely available to consumers in USA
(Ford, 2025). These systems provide lateral and longitudinal
control within defined operational design domains (ODD;
SAE International, 2018) but require drivers to remain
engaged and ready to intervene. Although automation can
improve comfort and reduce workload, it may also increase
driver overreliance and out-of-the-loop performance,
particularly as continuous manual control is reduced (Merat
et al., 2019; Victor et al., 2018).

Drivers rapidly adopt L2 automation when it becomes
available (Gershon et al., 2021), and having hands off the
wheel has been shown to delay responses to system-initiated
disengagements (Gershon et al., 2023). At the same time,
hands-free systems shift the primary engagement requirement
from continuous manual control to visual monitoring, placing
greater emphasis on driver monitoring systems and alerting
strategies. However, real-world data on how drivers interact
with these alerts during early use remain limited.

This study examines drivers’ real-world use of the
hands-free L2 system BlueCruise in the Ford Mustang Mach-
E during a four-week exposure. Focusing on glance and
steering behaviour in relation to driver monitoring alerts, the
study quantifies alert frequency, response times, and
associations between hands-off and eyes-off behaviour.
Understanding these interactions is important for informing
the design and calibration of driver monitoring and alerting
strategies in hands-free L2 systems.

The following research questions are considered:
e RQI1: What is the prevalence (number of

alerts/hours of highway driving) of hands-on-wheel
and eyes-on-road alerts?

e RQ2: How do drivers respond to alerts (visual and
physical response times)?

e RQ3: Is there a correlation between driving more
hands-off and driving more eyes-off?

1. Method

1.1 Participants and dataset

Data were sampled from the ongoing MIT Advanced
Vehicle Technology project in the New England region of the
US. Eleven drivers (3 female), mean age 45yrs (SD=8), were
included in this analysis. The data constitutes 167 hours of
highway driving.

1.2 Data processing, annotation and analysis

Annotation of glance and steering wheel control level
followed standard MIT AgeLab annotation procedures
(Morando et al., 2021; Pipkorn et al., 2025), while the
annotation of driving mode and alert presence used
instrument cluster display video (Fig. 1) (see Tab. 1).

Fig. 1 The instrument panel display in the Ford Mach-E,
displaying BlueCruise hands-free mode.
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Tab. 1. Instrument cluster annotations

manual, BlueCruise hands-free,
BlueCruise hands-on or Adaptive
Cruise Control (ACC).

Driving mode

Hands-on-wheel (i) first-stage alert (alert in display

alerts with orange frame),

(i) second-stage alert (alert in
display with red frame and
audio tone).

Both alerts included the message
“Keep hands on steering wheel”.

Eyes-on alerts (i) first-stage alert (alert in display
with white frame or alert in
display with orange frame and

audio tone reading).

Both alerts included the message
“Watch the road”

Resume-control alert in display with red frame
alerts reading “resume control”.

Each highway trip was used to extract: (a) presence and type
of eyes-on-road and hands-on-wheel alerts, including the
glance behavior and steering control level adjacent to alert
onsets (RQ 1-2), and (b) L2 hands-free driving segments
specifically to allow for estimation of hands-free driving
proportion, alert presence and visual attention specifically
occuring when L2 hands-free driving was activated (RQ 3).
This data segmentation is illustrated in Fig. 2.

RQ1

oalert counts

A highway trip

Start end RQ2

duration ALERT
L2 hands-free active
v
-5s 5s
R&-?? o prop hands-off \> glance behavior &

steering control
before and after
alerts

o max duration glance
to center stack and down

o count eyes-on alerts

Fig. 2 Process of extracting sub-segments and relevant
variables from highway data

1.2.1  Data Visualisation and Statistical Analyses

Steering control and glance location proportions were
visualised 5s before and after alert onset to assess behavioral
shifts associated with alerts. A set of Bayesian general linear
models were fit to the dataset to estimate: (a) Alert rates
(RQ1) using Negative Binomial models with an offset of
segment duration (mins), (b) Response times to alerts (RQ2)

using lognormal models, and (c) The correlation between
hands-off behaviors and visual attention (RQ3) combining a
binomial model of alert presence and a lognormal model of
maximum glance durations to down and center stack regions.
All models included random intercepts for drivers. Results
are reported as posterior summaries (95% credible intervals),
transformed to the response scale where appropriate.

2. Results

Across 167 hours of highway driving, we observed
340 first-stage (visual-only) hands-on-wheel alerts, 85 that
escalated to visual + audio alerts, and 2 that escalated to
resume-control events. For eyes-on-road alerts, 454 first-
stage alerts were observed—often initiated directly with
visual + audio—of which only 1 escalated to resume control.

Steering control proportions around hands alerts

0.8 1
5 0.6
£
2
o 0.4
&
0.2 A
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-4 -2 0 2 4
Time relative to alert onset (s)
N Hands Off B Medium Control
N One Hand I 2 Hands - Low Position
B Touching Other

mmm 2 Hands - High Position

Glance location proportions around eyes alerts

Proportion

0.2 1
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-4 -2 0 2 4

Time relative to alert onset (s)
EE Road mm Side Windows & Mirrors

EEm Down & Center Stack Other
s Instrument Cluster

Fig 3. Proportion steering wheel control level (top) and
glance location (bottom) surrounding alerts. These
figures (and corresponding models) exclude 0.4% events
with missing data for hands and 19.8% events for glance.

3.1 Rate of alerts per minute of driving
First-stage hands-on alerts occurred at a rate of 1.7 per hour
of highway driving (95% CI: 1.0-2.8), with driver variability
of 0.74 on the log-rate scale. Eye alerts occurred less
frequently, in general, with an estimated rate of 0.9 per hour
of highway driving (95% CI: 0.4-2.0), with a driver
variability of 1.34 on the log-rate scale.
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2.1 Hands-on and eyes-on response times to alerts

Alerts were not always triggered when hands were off
the wheel or eyes were off the forward roadway (Fig. 3).
Hands-on-wheel alerts coincided with hands off the wheel in
approximately 78% of cases (95% CI: 51-92%). When a
manual response was required, drivers returned their hands to
the wheel within a median of 2.1s (95% CI: 1.8-2.5s).

For eyes-on-road alerts, drivers were not looking
ahead at alert onset in approximately 38% of cases (95% CI:
24-57%). When a visual response was required, drivers
redirected their gaze to the roadway within a median of 0.5s
(95% CI: 0.4-0.7s).

2.2 Correlations between hands-off-wheel and eyes-of-
road behaviors

0-25%  25-50% 50-75% 75-100%
Percentage hands-off in segment

- -
o (&3}

o
3

center stack glance in segment

o
=]

Estimated median max duration of down and

0.20

0.15

) ﬁ ‘
0.00

0-25% 25-50% 50-75% 75-100%
Percentage hands-off in segment

o
o

alert in segment

Estimated probability of eyes on road

Fig 4. Estimated median and 95% credible interval limits of
maximum durations of glances towards down and center
stack regions within L2 hands-free segments (top) and
estimated median and 95% credible probability of observing
an eyes-on-road alert within a L2 hands-free segment
(bottom).

When down/center-stack glances were present, greater
hands-off time within a segment was associated with longer
maximum glance durations (Fig. 4, top; Table A3). Compared
with the baseline (0-25% hands-off), all higher hands-off
intervals (25-50%, 50-75%, and 75-100%) showed 95%
Crls entirely above zero, indicating increased maximum
glance duration. Hands-off time was also associated with the
likelihood of an eyes-on-road alert (Fig. 4, bottom; Table
A4), but only when contrasting the lowest, second lowest, and
highest hands-off categories: segments with 25-50% and 75—
100% hands-off time were more likely to trigger an eyes-on-
road alert than those with 0-25%.

3. Discussion

Novice users of hands-free L2 automation experienced
about one to two alerts per hour of highway driving. Between-
driver variability was greater for eyes-on-road alerts,
indicating that gaze-based monitoring is more sensitive to
individual differences, whereas hands-on-wheel alerts reflect
both driver behaviour and driving context.

Alerts also occurred when drivers were compliant,
suggesting conservative timing, sensing uncertainty, or
context-dependent alert logic. When hands were off at alert
onset, drivers restored contact within a median of 2.1 s,
whereas gaze returned to the roadway in about 0.5 s,
consistent with reported differences between visual and
manual components of driver re-engagement (Gershon et al.,
2023).

Alert onset coincided with increased instrument-
cluster glances, similar to responses to take-over requests in
real traffic (Pipkorn et al., 2023, 2024). This suggests that
alerts may prompt a brief system-state check via the HMI
before attention returns to the roadway.

Greater hands-off driving was associated with longer
off-road glances and a higher likelihood of eyes-on-road
alerts, suggesting that reduced manual control is
accompanied by shifts in visual attention allocation. Future
work should determine whether this reflects increased
engagement in non-driving tasks.

4. Conclusions

Novice users of a commercial hands-free L2 system
experienced on average 1-2 alerts per hour, with hands-on
alerts occurring about twice as often as eyes-on alerts. Glance
alerts showed greater inter-individual variability, suggesting
that visual attention management is more sensitive to
individual differences than manual control. Drivers
responded relatively quickly to alerts, indicating that the
system generally re-engaged them effectively. However, the
frequent occurrence of alerts when drivers were already
compliant suggests limitations in sensing, alert timing, or
algorithmic sensitivity that may reduce system credibility
over time. Finally, the association between increased hands-
off driving and longer off-road glances suggests that drivers
who used the hands-free system more extensively also spent
more time looking away from the forward roadway; future
research should examine the benefits and risks of this pattern.
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Appendix A

A.1 Images of different alert types

First stage watch the road alerts

First stage (left) and Escalated (vight) hands-on-

Qx|

wheel alerts triggered during BlueCruise hands-

Resume control

A.2 Glance and steering wheel control annotations

Tab. Al Glance-annotations

Road

any glance directed outside the
windscreen (e.g., toward the
forward roadway)

Tab. A2 Hands-annotations

High — two hands

if both hands were on the
steering wheel at the optimal
3-90’clock position

Medium

if the driver had only one hand
at the 3—90’clock position and
the other hand elsewhere on
the steering wheel

Low — two hands: if both of
the driver’s hands were not at
the 3-90’clock position

Low — two hands

if both of the driver’s hands
were not at the 3-9o’clock
position

One hand

if only one hand was placed on
the steering wheel regardless
of its position

Hands off

if no hand held the steering
wheel

Touching

when a finger touched the
wheel

Other

when the hands placement did
not fit into any of the other
categories (e.g., hands
hoovering)

Not available

if hands were temporarily not
visible due to lightning
conditions.

A.3 Model tables

Tab. A3 Maximum duration down-and-center stack glances

model

Parameter

Estimate

SE 95% Crl

Bo-25% —0.01

0.10 | [-0.22,0.17]

visible due to
conditions.

lighting

Bas—250)-0-25%) | 022 0.05 [0.11,0.33]

Instrument cluster any glance to the instrument Bso-75%)-0-25%) | 029 0.05 [0.18, 0.39]

cluster or the steering wheel Bzs-1009%)-(0-25%) | 043 0.05 [0.34,0.52]

region
Down and center stack any glance to the center stack,

the in-car touchscreen, or Tab. A4 Glance alert model

down when looking at a

smartphone or other object in Parameter Estimate SE 95% Crl

the lap. Bo-25% —3.98 052 [-5.01,
Side Windows and Mirrors any glance to the side windows ) —3.00]

or mirrors (incl. rearview Bas—25%)-(0—-25%) | 0-95 0.28 [0.38, 1.47]

mirror) Bso-75%)-(0-25%) | 0-59 035 [-0.10,

i ) 1.24]

Other any glance not belonging to Bers—1009%)-(0-25%) | 1-22 0.29 [0.65, 1.78]

any other category ﬁsegment,duration 0.67 0.06 [0~559 0‘79]
Not available if glances were temporarily not
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Abstract:

During emergency driving and at accident scenes, communication to surrounding road users must be clear and
unambiguous to promote a safe traffic environment. In Sweden this is done using emergency vehicle lighting (primarily
flashing blue or red/blue) and sirens. However, as shown in earlier studies, it is not always clear what behavior is
expected, and the effect of auditory communication may be reduced in modern cars by good insulation and the use of
different kinds of auditory media. A possible complement, though currently not allowed to be used operationally in
Sweden, is the addition of a LED-display with supplementary text messages. In this study, it was explored how personal
vehicle drivers would perceive such a solution. Interviews with emergency vehicle drivers were conducted to identify
relevant scenarios, the readability of the LED-display was investigated, and an online survey (N=2265) was conducted.
The participants were presented with video recordings showing four different scenarios: pull over — stop signal, roadside
accident, pull over — take the next exit, and emergency driving — calling for clear way, and were randomly assigned to
see emergency vehicle lights only, LED-display only, or a combination. For each situation, questions about anticipated
driver actions, perceived certainty, perceived visibility, perceived stress, perceived danger, and perceived urgency were
answered. The results showed that the use of the LED-display, especially together with emergency vehicle-lights,
provides a more effective way of promoting desired behavior and probably reducing stress. Future studies should

complement these findings by driving experiments.

1. Introduction

Communication with other road users during
emergency driving is crucial for safe and efficient operations.
However, sirens may not be heard in modern, well-insulated
cars and in competition with other sound sources, and
previous studies have shown that light signals currently used
are not always easy to interpret for other road users (Weibull
et al., 2024a). One solution is to use complementary LED text
signs with text adapted to different situations, but current
Swedish legislation, contrary to some other countries, does
not allow that. This study was performed by VTI with support
from Standby AB to explore how this may work in a Swedish
context. The main part of the study was an online survey to
find out how drivers thought they would react in different
traffic situations when encountered with only light signals,
only the LED text sign, or a combination of both.

2. Method

To decide on relevant scenarios for the online survey,
two pre-studies were performed. The first was an interview
study with eight emergency operation professionals. The aim
of the interview study was to identify relevant scenarios
where they experienced difficulties in communication with
surrounding drivers. In the second pre-study, the readability
of the LED-displays was assessed. The results indicated that
the LED-display was readable from about 100 meters. The
participants in the pre-studies were all participating
voluntarily, informed about the study, and gave informed
consent to participate. Research IDs were used, and

identifying information was removed from the material. For
the online survey, participants were recruited via Facebook
advertising. The participants were anonymous. The
respondents had the opportunity to email questions to the
responsible researcher.

The participant was randomly chosen to assess videos with
emergency vehicle lights only, LED-display only, or a
combination of both. Regardless of communication variant,
all participants watched the same scenarios: pull over — stop
signal, roadside accident, pull over — take the next exit, and
emergency driving — calling for clear way, identified in the
first part of the study. Hence, each participant watched four
videos. After each video, they answered questions about how
the demonstrated communication would affect:

* Traffic behaviors

* Perceived urgency
* Perceived visibility
* Perceived certainty
* Perceived danger

* Perceived stress

Traffic behavior was assessed by choosing from a list of
possible actions, inspired by Ledin (2022). The possible
actions were:

* Step on the brake

 Pull over to the side of the road
* Stop
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» Accelerate

+ Ease off the accelerator

* Use the turn signal

* Use the hazard lights

* Take the next exit

+ Continue at the same speed and lateral position

3. Results

A total of 2,265 drivers (74% men, 25% women, 1%
preferred not to say) responded to the survey. They were on
average 60 years old (SD = 13.4). Odds ratio (OR) analyses
were performed to determine how a LED-sign would affect
reported driving behavior. An odds ratio of 1.0 would indicate
that the alternative communication variant did not change the
reported behavior, compared to continuing driving without
changing the behavior (Baseline). An odds ratio below 1.0
would indicate a decreased likelihood of an action, while an
odds ratio above 1.0 would indicate an increased likelihood
of an action. Confidence intervals of 95% were used to
determine statistical significance.

3.1 Pull over: Stop signal

The LED-sign displayed the message “STOPP” (Eng: STOP)
(Figure 1). A combination of LED and current lights nearly
doubled the likelihood of stopping (OR = 1.94) compared to
baseline. Only blue lights were associated with pull over to
the side of the road to a higher extent (OR =4.21) compared
to baseline.

Fig. 1 — Displaying the Stop signal scenario

3.2 Roadside accident

The LED-display stated, “Olycka: Sdnk farten” (Eng:
Accident: Reduce speed) (Figure 2). Blue lights decreased the
likelihood of stopping (OR = 0.08) and increased the
likelihood of pulling over to the side of the road (OR = 1.98).
The LED-display with the current lighting increased the
likelihood of braking (OR = 1.26) and decreased the odds of
pulling over (0.65). A similar effect was observed with the
LED display without lights (Braking OR = 1.34, Pulling over
OR =0.59).

Fig. 2 — Displaying the Roadside accident scenario

3.3 Pull over: Take next exit

The LED-sign displayed the message “TA NASTA AVFART”
(Eng: TAKE the NEXT EXIT) (Figure 3). The LED-display
and combination of LED and lights increased the probability
of the respondent taking the next exit (LED OR = 14.17;
Combination OR = 7.01), while the blue lights decreased the
likelihood (OR = 0.39). Instead, the blue lights increased the
likelihood of pulling over to the side of the road (OR = 1.85)
and stopping (OR = 2.54), which was not the desired outcome.

RSB S A
JERC g ma - .

F. 3 — Displaying the Stop: T ake next it

3.4 Emergency driving

The LED-sign displayed the message “HALL FARTEN” (Eng:
MAINTAIN SPEED) (Figure 4). The desired behavior was
that the driver would continue driving with the same speed
and lateral position. The LED-display and combination
increased the likelihood of maintaining speed and lateral
position (LED OR = 24.18; Combination OR = 10.06). The
blue lights increased the probability of pulling over (OR =
2.39), while the LED-display and combination decreased the
likelihood (LED OR = 0.03; Combination OR = 0.12).
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Fig. 4 — Displaying the Emergency driving scenario

3.5 Perceived Urgency, Visibility, Certainty, Danger
and Stress

The respondents indicated their experienced level of
urgency, visibility, certainty, danger, and stress on a level of
0-100 (0 = Not at all, 100 = extremely, e.g., urgent). To
examine the differences pairwise comparisons were
conducted. The blue-red lights generated the highest sense of
urgency in all scenarios where that light combination was
included (scenarios 1, 3, and 4). In all scenarios, the blue
lights or the combination of LED and lights generated the
highest scores for visibility. In the emergency driving
scenario, the LED and combination variant received
significantly higher scores of certainty compared to blue
lights. The level of danger was ranked higher for blue lights
in scenarios 3 and 4, compared to LED and combination. The
perceived level of stress was, in general, higher in scenarios
3 and 4, compared to scenarios 1 and 2. More specifically, the
highest level of stress was reported when the respondent was
presented with blue lights, followed by a combination of
lights and the LED display. The LED display without lights
was reported as the least stressful alternative in scenarios 3
and 4.

4. Discussion

This study shows how LED-displays can be used as a
complement to today’s emergency vehicle lighting. The use
of an LED-display, both with and without the combination of
the current emergency vehicle lights, increased drivers’
likelihood of performing as desired, such as pulling over in
Scenario 1, braking in Scenario 2, taking the next exit in
Scenario 3, and continuing driving in Scenario 4. In general,
drivers are aware of what is expected from them in a standard
“move over” scenario (Weibull, 2024a), but when something
else is expected from them in an interaction with an
emergency vehicle, they can become insecure and stressed
(Weibull, 2024b). Therefore, the use of an LED-display has
the potential to support drivers when encountering emergency
vehicles in traffic

Future studies should consider how drivers’ attention
is affected when provided with LED-displays in an
emergency vehicle interaction.

5. Conclusions

LED-displays have great potential as a
complementary communication method for emergency
vehicles. However, the current Swedish legislation does not
allow emergency vehicles to display such information.
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Abstract: This study aims to understand drivers’ gaze behavior across age groups during normal driving. Thirty-six
younger drivers and 24 older drivers participated in a driving simulator experiment involving two roads of different
widths. The results showed that both groups focused more on the near side, and older drivers’ gaze was closer to the ego
vehicle. Drivers scanned more frequently when approaching intersections, and this behavior was more prounced toward
the near side on the narrower road. This study may provide insights into the optimization of driver mornitoring systems

based on the age to enhance the road safety.

1. Introduction

Understanding baseline driver behavior is essential for
evaluating the safety impact of advanced driver assistance
systems (ADAS), and automated driving systems (ADS), and
for developing and validating driver monitoring systems
(DMS). In particular, reliable baseline gaze behavior from
attentive, non-distracted drivers is required to assess
deviations caused by distraction, fatigue, or automation-
induced states such as reduced monitoring or out-of-the-loop
behavior. Such baseline data are also necessary for
parameterizing driver gaze behavior models used in safety
impact simulations. However, limited empirical data exist on
how baseline visual behavior varies across driver
demographics, especially in safety-critical situations
involving vulnerable road users (VRUs).

This study investigates age- and road-width-related
differences in driver gaze behavior using a driving simulator
experiment.

2. Method

2.1 Driving simulator and scenario setup

A simulator based on the CARLA open-source
platform (v0.9.15) was used, with road implemented through
the MATLAB RoadRunner. Participants controlled the
vehicle using a Logitech G27 steering wheel and pedal set,
while the driving scenarios were displayed on a 40-inch
Samsung LED screen. Drivers’ gaze and head movements
were recorded using a Logitech MX Brio webcam and
analyzed with the OpenFace 2.0 toolkit (Baltrusaitis et al.,
2018) to estimate gaze direction and facial parameters.

To avoid fatigue or distraction caused by long driving,
two short-length urban scenarios with cyclist crossing events
were developed. In Scenario A, drivers traveled along a
1081 m road with five intersections. The road width was
12.1 m, with two 3.25 m lanes. Scenario B involved a 3136 m
roadway with ten intersections. The road width was 15.9 m,
with two 4.05 m lanes. A cyclist emerged from left at 15 km/h
at the final intersection in Scenario A and at the ninth
intersection in Scenario B. Drivers were instructed to
maintain a target speed of 50 km/h and drive as they normally

would. The entire driving, including practice course, lasted
less than 10 minutes.

2.2 Participants

Sixty valid Swedish or EU licensed drivers
participated, including 36 younger drivers aged under 65
years (mean age 34.5 years) and 24 older drivers aged 65
years and above (mean age 70.3 years), all without diagnosed
eye diseases. Participants completed both scenarios in a
randomized order. This study was approved by the Ethical
Review Committee of Chalmers University of Technology.

Drivers’ gaze distributions were analyzed using
Kernel density estimation (KDE) and plotted in heatmaps,
and scan behavior was analyzed using Glance Algorithm
(Swan et al., 2021) in MATLAB.

2.3 Statistical analysis

Since each participant generated multiple scans, linear
mixed models (LMMs) were used to examine the fixed
effects of age, distance to the intersections, scan direction
(left/right), and lane width across both scenarios on gaze
behavior. The significance level was set at 0.05, and all
statistical analyses were conducted using R 4.4.2.

3. Results

3.1 Gaze distribution

Younger and older drivers’ gaze distributions in
Scenarios A (3.25 m lanes) and Scenario B (4.05 m lanes)
were plotted as heatmaps, are shown in Figure 1 and Figure
2, respectively. Older drivers’ gaze was distributed closer to
the ego vehicle compared to that of younger drivers in both
scenarios. Particularly, in the narrower Scenario A, older
drivers gazed closer to the speedometer displayed at the
bottom middle of the screen.

In the horizontal direction, the gaze of younger
drivers was more widely distributed than that of older drivers.
The average median gaze angles (representing where drivers
gazed most) of younger and older drivers in Scenario A were
0.47° and 0.64°, respectively. The average median gaze angle
of younger and older drivers in Scenario B was 0.26° and
0.28°, respectively. Both younger and older drivers directed
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their gaze to the right side (near side) in both scenarios.
However, the LMM results showed that age road width did
not significantly affect the median horizontal gaze angle (Age:
F(1,44.7)=0.016, p =0.899; Road width: (1, 38.4)=1.565,
p=0.219).
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Figure 1: Gaze distributions of younger and older drivers
in Scenario A with lane width 3.25 m
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Figure 2: Gaze distributions of younger and older
drivers in Scenario B with lane width 4.05 m

3.2 Scan behaviour

Age did not significantly affect drivers’ scan frequency when
approaching intersections (F (1, 46) = 2.953, p = 0.092).
Other significant parameters are shown in Figure 3. Drivers
scanned more frequent when approaching intersections, but
their scan frequency decreased scans within 20 m of
intersections. However, in the narrower scenario, drivers’
scanned towards right side more often, especially within 20 m
of the intersections (Lane width: F (1,906)=6.734, p=0.010;
Scan direction: F' (1, 906) =4.935, p = 0.027).

2035 7 mLeft
o i .
'§ 0.30 B Right
gO.ZS 4
£0.20 -
=
£0.15
Q
& 0.10 -
IS
© 0.05 A
Z

0.00

100-80 80-60 60-40 40-20 20-0 {100-80 80-60 60-40 40-20 20-0

Scenario A Scenario B

Distance to intersections (m)

Figure 3: Relationship between scan frequency, distance
to intersections, and scan direction in Scenario A and B.

4. Discussion

Drivers showed different gaze behaviors across age
groups during normal driving. Older drivers checked the
speedometer more frequently than younger drivers, which
was more pronounced on the narrower road. This may be
explained by the fact that controlling vehicles was more

difficult for older drivers under tasks, or that they adopted
different task-prioritization strategy.

Both age-group drivers tended to scan the near side
more often, which was more obvious on the narrower road.
This may suggest that drivers regard the near side as more
dangerous, expecting hazards from it,or this may be due to
the right-of-way rule when approaching intersections.

Since the scenarios were shown on a single display,
which may have limited drivers’ head movements, the results
differed from previous studies showing that older drivers scan
less frequently (Savage et al., 2020). Under the heavy
cognitive load, drivers’ gaze focuses more on the center of
the road (Engstrom et al., 2005). Whether the narrower gaze
distribution and lower scan frequency observed in older
drivers are due to cognitive load or physical decline should
be investigated in the future.

This study provides baseline gaze behavior of
attentive drivers across age groups in different road width
scenarios. Such baseline data are essential for developing and
validating DMS-based ADAS and ADS, and calibrating
driver models used in virtual safety impact assessments
(EuroNCAP, 2023; 2025). Future research should extend this
work to additional traffic environments and examine how
gaze behavior changes under distraction, cognitive load, and
interactions with automated driving systems.

5. Conclusions

The results contribute to understanding individual
differences in driver behavior and provide baseline gaze
patterns that can support the evaluation of inatention
information systems based on DMS and driver behavior
models used in safety impact assessments of ADAS and ADS.
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Abstract: Head movements are well known to be strong cues to characterize driving task engagement. When added to eye
gazes, both sensory (visual) and motor (head) involvements lead to accurate driver attention assessment. However,
distinguishing between intended head movements and unintended ones remains a challenge. This study presents a
technical framework for characterizing and detecting head-movement intent. 34 subjects participated in the study. More
than 51 hours of driving data were collected on open road and on test track using head/eye tracking camera. Additional
head and eye movement scenarios were acquired in lab car. The analysis of movement dynamics, head and gaze alignment,
lead to achieve the classification that distinguishes between attentional, inattentional behaviours. We suggest that, these

findings can significantly enhance next generation driver monitoring system robustness under real-world conditions.

1. Introduction

When the driver head orientations change deliberately
and are associated to the visual shifts towards a given location,
both motor and sensory inputs are aligned. This can indicate
the driver intent to process relevant information for the
driving activity (Zhao et al., 2017); Althoug several studies
examined the driver head movements ( Lee et al., 2018;
Zhang et al., 2019; Khattak et al., 2024; Schakmann et al.,
2024), those that dealt with the intended head movements are
scarce. Zhang and collaborators (2019) analyzed head and
gaze movements before driving maneouvers (e.g lane
changes) during naturalistic driving and found that head and
gaze yaw are more correlated to driver intention to perform
maneuvers. These authors did not applied the study to non
driving related tasks and to non intended movements like
head drops. Khattak et al. (2024) analysis on the role of driver
head pose was related to safety critical events before crashes
and near crashes. They found that the angular deviations of
the head increased the likelihood of critical events from 4 to
8%.

Our study aims to investigate the driver head and gaze
movements to develop and test an algorithms capable to
classify between intended and unintended head movements in
order to robustify the recognition of driver attention, fatigue
and situation awarness and spoofing for next generation of
driver monitoring system. Both open road and test track
driving sessions data with driving and non driving related
tasks were analyzed. This was followed by in vehicle tests to
evaluate the detection of the two kinds of movements by the
algorithms. Our hypothesis was a weaker detection of
inattention head behaviours like head drops (unintended head
movements).

2. Method

2.1 Participants

The study included regular 34 subjects having valid
driving license with 50% males and 50% females. Their age
ranged between 20—65 years old (average: 41.24 years; SD: 16.59),.

The participants were recruited with the help of
medical experts located in the south-west of France; neither
sleep disorders nor medical advice preventing participants
from driving were mentioned and documented; if so, they
were excluded from the study. All participants filled and
signed a written informed consent document prior to
experiments. The local Ethics Committee approved the study.

2.2 Procedure

Each participant performed open road driving session
that lasted 90 min. Additional 90 min test track driving
sessions were also performed during which the participants
runned driving and non driving related tasks in different gaze
locations with owl and lizard movements as specified by
ENCAP 2023 Driving engagement protocol. Head/eye
tracking camera was used for both open road and test track
driving sessions. 513.709 data points were collected and used
to analyze and classify head movement types through a
dedicated algorithm. Finally, another experiment was runned
in lab car when the vehicle was in static position.

3. Results

The movement dynamics were analyzed using head
and eye gaze angles in different AOIs (Areas Of Interest).
Then, in order to distinguish between intended head
movements and unintended ones, spatial and temporal criteria
were used: head and gaze movement amplitudes, head and
gaze alignment (difference between head and gaze angles and
amplitudes), head fixation minimum duration. In addition, the
head and gaze tracking quality thresholds were taken into
consideration to ensure a good quality of tracking data. This
approach leads to develop and validate intended head
movements algorithm.

3.1 Head Movement Status

Head and gaze movements were analyzed in different
AOIs in order to characterize and define the gaze and
head alignement ( see Fig. 1 to 4).

76


mailto:aime.tiadi@valeo.com
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Fig. 1. Drivers’ Head Yaw Movement Distributions in different
AOIs with Angle values in degree.

Fig. 3. Drivers’ Gaze Yaw Movements in different AOIs with Angle
values in degree.
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Fig. 2. Drivers’ Head Pitch Movement Distributions in
different AOIs with Angle values in degree.

3.2 Intended Head Movements Status

3.2.1  On Open Road

By filtering low quality due to steering wheel movements
on the driver face that occlude sometimes gaze and head,
the detections were achivied on open road driving
sessions with a performance that showed an accuracy of
0.97, with 96.55% of sensitivity and 0 false alarm by hour
as swhown by the confusion matrix (see table 1).

3.2.2  On Test Track with driving and Non

Driving tasks.

In another experiment on test track, the intended head
movement approach was applied when the drivers performed
driving related tasks and non driving related tasks in different
gaze locations with Lizard and owl movements. We expected

Gaze Pitch Movements (°)

80

60
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20

0

M other [ nearright B central_mirror [l left_mirror

B infotainment [l gps

B right_mirror [l onroad

Fig. 4. Drivers’ Gaze Pitch Movements in different AOIs with Angle

values in degree.

differences between lizard and owl movements and
alignement between gaze and head leading to intend head
movements more present in owl movements than lizard ones.

The results from ANOVA showed significant differences
between lizard and owl movements when driver performed
driving related task by looking on driver side mirror (DSM),
F-6.5341310, p= 0.01. Figures 5 and 6 show the intended
head movement status for DSM.

The significant differences were also observed between
lizard and owl movements for rear view mirror (RVM) F-
80.0606342, p= 0.000 and non driving related tasks in
Invehicle Infontainment (IVI) F-2541921, p=0.000 as
shown on figures 7 to 10.
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Table 1. The performance of intended head movement
detection for Real driving sessions on open road:

Accuracy | Sensitivity | False Alarm/hour

0.97 96.55 0

Intended Head Movement Status In Function of Head/Gaze Orientation
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Fig. 5. Driver intended head movement status for driving related task in Driver side mirror with lizard movements
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Fig. 6. Driver intended head movement status for driving related task in Driver Side Mirror with owl movements
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Intended Head Movement Status In Function of Head/Gaze Orientation
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Fig. 9. Driver intended head movement status for non driving related task in IVI with lizard movements.
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3. 3 In Vehicle Tests

The intended head ovement algorithms was also tested,
with the embedded version when the vehicle was in static
position, while participants performed yaw and pitch
movements in order to assess the system’s ability to correctly
detect and differentiate between attentional vs non attentional
behaviour. The yaw movemnts detection rates were 93,75%
and 86,67% for large and small amplitude respectively (see
Fig. 11). The picth movements detection rates were 97,5% for
large amplitude. But we noticed a bad detection rate for small
amplitude, 18.42 % (see Fig. 12). As expected also, we
observed significant differences between all head movements
taken together that are aligned with gaze (Intended
behaviours) and head drops related to inattention behaviour:
F(1.8) = 17.88, p=0.003 (See Fig. 13). The detection of
intended head movements was significantly greater than
inattention head behaviour meaning that algorithms is
capable of distinguishing between intended vs unintended
head movements.

Yaw Movements
W Large_amp Small_amp

100

50

Detection rate (%)

25

Fig.11 Detection rate of driver Head/gaze yaw
movements when vehicle was in static position.

Pitch Movements
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50

Detection Rate (%)

25
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Fig. 12. Detection rate of driver Head/gaze pitch
movements when vehicle was in static position.

Detection rate of Intended and Unintended Head Movements
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Mean Detection rate (%)
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Fig. 13. Detection rate of driver Intended head movements
and inattention behaviour (Head drop, unintended head
movements).

4. Discussion

The results obtained in this study demonstrate a high
level of performance of the proposed detection framework
under naturalistic open-road driving conditions. After
filtering low-quality samples caused by steering wheel
movements partially occluding the driver’s face, the system
achieved an overall accuracy of 0.97, with a sensitivity of
96.55% and zero false alarms per hour. These results indicate
that the proposed approach is capable of reliably detecting the
targeted intended head movement behaviours in real-world
driving environments while maintaining a very low rate of
erroneous detections. Lee et al. (2018) previous study has
shown that head and gaze correspondence can serve as a
reliable proxy for estimating the driver’s attentional focus,
particularly when eye tracking information is unavailable or
unreliable. Moreover, the absence of false alarms per hour
represents a particularly important outcome for the proposed
intended head movement detection approach.

In addition, as expected our results demonstrate clear
differences between the occurences of intended head
movements for owl movements compared to lizard ones
when drivers performed both driving and non driving related
tasks (in DSM, RVM, IVI locations) . This highlights that the
proposed detection system supports the fact that intended
head movements are more frequently associated with owl-
type gaze behavior, where head rotations contribute
significantly to visual exploration and show their alignment
(Friedman et al., 2016).

Furthermore, the proposed system showed the ability
to differentiate between attentional head movements and non
attentional ones (head drops). Indeed, despite the limitation
for small amplitude pitch movements, for which the detection
rate was very low, the statistical analysis demonstrated a clear
distinction between intended head movements aligned with
gaze behavior and simulated head drops representing
inattentive behavior.

This distinction is particularly important in the context
of driver monitoring systems, where the ability to
differentiate between intentional head movements and signs
of driver inattention or fatigue is essential for reliable safety
interventions (Fridman et al., 2016; Dong et al., 2011). In real
driving scenarios, head movements may reflect normal visual

6
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scanning behaviors required for safe driving, such as
checking mirrors or observing the road environment.
Conversely, unintended head movements, including nodding
or head drops, may signal driver fatigue or reduced alertness.
The significant difference observed in this study suggests that
the algorithm captures meaningful behavioral cues that allow
it to distinguish between these two types of head movements
on open road, test track and static position of vehicle.

The relatively poor detection rate observed for small pitch
movements indicates that further improvements may be
necessary to enhance sensitivity to subtle head orientation
changes. Also, further experiments should be applied on a
larger dataset.

5. Conclusions

This study shows that the embedded intended head movement
detection algorithm performs well for most head movements
and is capable of distinguishing between intended head—gaze
aligned behaviors and inattentive head drops. The findings
highlight the potential of the proposed approach for
supporting driver monitoring systems designed to assess
driver attention and detect early signs of inattention or fatigue
as well as driver situational awarness and non human
presence ( spoofing).
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Abstract: This driving simulation study investigated how adaptive automation across the stages of human information
processing (HIP) influences driving behaviour on motorways. Thirty-two participants navigated a motorway scenario
under two traffic densities while interacting with an HUD in four interfaces displaying information according to the four
stages of HIP, i.e., (i) Information Acquisition, (ii) Information Analysis, (iii) Decision Selection, and (iv) Action
Implementation. These interfaces displayed key operational variables such as speed, lateral position, and distance to the
preceding vehicle. A driving session without HUD was also included as a baseline. The findings show that adaptive
automation of HIP levels influences driving behaviour, affecting speed regulation, longitudinal stability, and lateral
control. These effects vary with traffic complexity and individual driver characteristics. Higher HIP levels of adaptive
automation were linked to greater speed reductions under more demanding traffic conditions, indicating that interfaces
offering advice and intervention become more relevant as traffic density increases. Changes in lateral positioning were
also observed, though improvements were clearer for longitudinal control than lateral control. These results highlight
the importance of evaluating not only traditional performance indicators but also system activation when assessing the
effectiveness of in-vehicle interfaces. Additionally, the variability between individuals suggests that future systems could
benefit from adaptive or personalised feedback strategies tailored to different driving behaviours.

1. Introduction

Driving involves a sequence of related stages typical
of the so-called human information processing (HIP), i.e., (i)
acquiring environmental cues, (ii) interpreting their meaning,
(iii) selecting an appropriate response, and (iv) carrying out
the necessary action. (Fig. 1, Parasuraman et al., 2000).

!a!. 1. Sensory 2 II 2. Perception Q.@ 3. Decision 4. Response
'/ processing H-Lo P PN making selection

Fig. 1. Human information processing framework

Timely information processing is essential for safe
vehicle control (Bubb et al., 2021), particularly at higher
speeds, such as on motorways, where even minimal delays in
perception or decision-making can increase safety risks.
Drivers continuously regulate speed, maintain lane position,
and control headway. These activities rely on constant visual
monitoring and rapid motor responses. As a result,
operational control is particularly vulnerable to distraction
and attentional interference, especially on high-speed
motorways.

The growing presence of in-vehicle technologies has
introduced additional visual and cognitive demands that can
interfere with the driver’s ability to process critical roadway
information promptly. Head-up displays (HUDs) have been
proposed to reduce the need for drivers to divert their gaze
from the roadway by presenting relevant information directly
within the driver’s field of view (Charissis et al., 2008).
However, their effectiveness depends not only on where
information is displayed, but also on how it is selected,
organised, and presented. Poorly structured or excessively
dense information may increase visual clutter and cognitive
workload, potentially reducing situational awareness rather

than improving it. The Adaptive Automation (AA)
framework addresses this issue by selectively supporting
different stages of the HIP while keeping the driver actively
involved in vehicle control (Kaber et al., 2005). Within this
framework, the HUD acts as the communication interface
through which different levels of assistance are delivered.

Based on this framework, this driving simulation
study examined how the adaptive automation of the different
stages of the HIP affects driving performance and driver
experience on motorways.

2. Method

2.1 Experimental design

The experiment considered a multi-level mixed
factorial design. Thirty-two participants (age: M = 38.6 y,
SD = 12.0 y; 16 females) drove in five configurations (HIP
levels): a baseline without any support (level 0) and four
HUD interfaces conveying information according to the
adaptive automation of the four stages of HIP (levels 1 to 4).
The road scenario consisted of a motorway, driven for about
8 km under two different traffic conditions, i.e., high and low
traffic volumes (level of service, LOS C and LOS A).

2.2 Design of the HUD interfaces

The HUD interfaces were designed according to the
HIP framework proposed by Parasuraman et al. (2000),
which aimed to guide system designers in determining which
functions of human information processing to automate and
to what extent. The HUD displayed information on three key
driving variables: speed, lateral position, and distance to the
preceding vehicle (Fig. 2).
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Automation can apply to input processes (data
collection and analysis) and to output functions (decision-
making, action selection, and execution).

At the Information Acquisition (1) level, the HUD
provides real-time values. At Information Analysis (2), it
processes the data and alerts the driver when necessary. At
Decision Selection (3), it recommends the appropriate action,
while at Action Implementation (4), the system executes the
manoeuvre.

1. INFORMATION
ACQUISITION

2. INFORMATION
ANALYSIS

3. DECISION
SELECTION

4.ACTION
IMPLEMENTATION

Fig. 2. HUD interfaces

2.3 Data analysis

Linear Mixed-Effects Models (LMMs) were used to
analyse longitudinal and lateral driving behaviour, i.e., speed
and lateral position (mean and standard deviation). The
Participant ID was used as a random intercept.

3. Results

LMMs revealed significant effects of the automated
HIP level, traffic conditions, and gender, as well as their
interactions, on driving performance indicators. The random
intercept for Participant ID was significant across all models,
with Intraclass Correlation Coefficient (ICC) values
demonstrating inter-individual variability. The difference
between marginal and conditional R? further confirms that a
considerable proportion of variance is attributable to random
effects, supporting the use of mixed-effects models.

Regarding longitudinal control, mean speeds were
lower, especially at the automated HIP levels 3 (Decision)
and 4 (Implementation), compared with the baseline without
HUD (Fig. 3a). In addition, the Implementation level
produced significantly lower speeds than the Information
level (HIP level 1). The level of service affects speed both as
a single factor and in interaction with gender and automated
HIP level. As expected, speeds were lower in heavier traffic
conditions (LOS C, ty73 = -2.051, p = .041) and, when
considering the interaction with gender, post hoc tests
revealed that males adopted a higher speed than females in
LOS C (t37 = 2.653, pHoim = .035). Furthermore, the reduction
in speed associated with the automated HIP level 4 was
particularly evident under higher traffic volumes (ty7s = -
4.497, pHolm < .001).

The effect of the Implementation level in the
longitudinal control was further confirmed by the analysis of
speed variability. Speed variability was higher at automated
HIP level 4 than at the baseline, Information, and Analysis
levels (Fig. 3b), suggesting more frequent speed adjustments.
Additionally, LOS C produced greater speed corrections than
LOS A (t282 = 6.322, proim < .001) and higher speed variation
in females (t273 = -2.587, proim = .039).
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Fig. 3. LMM results. Effect of HIP level on (a) mean
speed and (b) standard deviation of speed

Regarding lateral control, automated HIP levels
significantly influenced the mean lateral position (LP),
indicating systematic within-lane repositioning relative to the
baseline across all HIP levels (Fig. 4a). Effects on lateral
variability (SDLP) were less consistent. Only the automated
HIP level 4 slightly improved lateral position stability relative
to the baseline (Fig. 4b, t273 = -2.663, prom = .082).

However, significant interaction terms (e.g., LOS *
Gender; HIP * Gender) demonstrate that lateral stability was

g 0.05 p<.001
pus p=.005
2 0.00
@
[o]
Q.
T 005
2
©
% -0.10 p <.001
[0}
= p<.001
015 0 1 2 3 4
Automated HIP level
a
£
§030
:%‘
o
Q.
©
$0.25
<
G
S p=.082
Q
T0.20 ‘ ' ' . '
n 0 1 2 3 4
Automated HIP level
b

Fig. 4. LMM results. Effect of HIP level on (a) mean
lateral position and (b) standard deviation of lateral
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sensitive to both environmental demands and individual
characteristics. In particular, post hoc tests showed that male
lateral stability benefited with Information (t27s = -3.493,
PHoim = .014) and Implementation (t273 = -3.081, proim = .055)
levels relative to the baseline scenario.

4. Discussion and conclusions

The results indicate that the adaptive automation of
HIP influences speed regulation, longitudinal stability, and
lateral control (Topliss et al., 2019). These effects appear to
depend not only on the automated HIP level but also on traffic
complexity and driver characteristics.

The speed reduction observed at higher HIP levels was
more pronounced under LOS C traffic conditions, suggesting
that the adaptive automation support becomes more relevant
as traffic density increases. In more demanding traffic
situations, drivers may benefit from timely advice (HIP level
3) and system interventions (HIP level 4) that support safer
longitudinal behaviour. Regarding speed variability, the more
ecological HIP level 3 led to fewer speed corrections,
confirming Schewe and Vollrath (2020).

Regarding lateral behaviour, drivers tended to make
slight adjustments to their lane position when interacting with
the HUD at all HIP levels. Although these shifts were
relatively small, they suggest that adaptive automation across
HIP levels influenced drivers’ spatial positioning strategies,
regardless of HIP level. Processing visual information from
the HUD may affect steering control and lane positioning.

At the same time, the limited improvements in lateral
stability indicate that the benefits of higher HIP levels may be
more significant for longitudinal control than for lateral
control.

Finally, results confirm that drivers differ
considerably in their responses to interface feedback and
traffic conditions. Moreover, significant interaction effects
involving gender suggest that individual characteristics
influence how drivers operate across different automated HIP
levels, posing challenges for developing effective driver
support technologies (Park & Park, 2019).

In conclusion, the effect of adaptive automation in HIP
on driving performance varied with traffic conditions and
driver gender, particularly in speed regulation and lateral
control. The benefit of adaptive automation in the Decision
and Implementation levels, ie., in suggesting and
implementing driving manoeuvres, is demonstrated,
especially for speed behaviour, by reducing the need for
continuous driver adjustments and promoting more stable
speed behaviour.

The observed variability between individuals
indicates that drivers respond differently, suggesting that
future systems may benefit from adaptive or personalised
feedback strategies that account for individual driving styles.

Further research is needed to evaluate system
activation exposure and to investigate these effects under
real-world conditions, as the frequency and duration of
system interventions may influence how drivers perceive and
adapt to different levels of automation. Moreover, integrating
additional measures of driver attention (e.g., gaze behaviour)
and mental workload would provide a more comprehensive
understanding of how drivers allocate their attention and
cognitive resources when interacting with the HUD.
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Abstract:

Although safe driving is often assumed to rely on detailed foveal object recognition, drivers may also use coarse
peripheral scene information, which gives a quick sense of the scene, to support control. Here we asked whether drivers
use a coarse luminance grid of the forward scene—a low-resolution summary of how bright each region is and how it
changes over time—during real-world driving. What matters is not the overall brightness but its spatial pattern across
the scene. For 11 drivers on an urban route, we quantified, road segment by road segment, how strongly this luminance
pattern predicted the driving-control score (steering, pedal, and speed) and how strongly the same pattern was reflected
in the driver's pupil—a physiological signal of the luminance the visual system takes in. We then asked whether the two
covaried across segments; they did, with segments where the pattern better predicted driving also showing greater pupil
sensitivity (driver-level commonality, p = .01). This correlational evidence suggests that drivers may use coarse,
driving-relevant luminance structure that the visual system registers. Practically, this points to a candidate marker of
driver inattention: when driving-relevant luminance structure is present in the forward scene but the pupil does not

reliably track it, a driver may be failing to take it in.

1. Introduction

Naturalistic ~ driving requires rapid situation
assessment and continuous control in a cluttered
environment (B. Wolfe et al., 2022). Safe driving cannot
depend on high-acuity foveal recognition of discrete objects
alone (Summala et al., 1996; B. Wolfe et al., 2017). Scenes
contain more than sequential fixations can process (J. M.
Wolfe, 2021), and hazards must often be detected and
evaded within a few hundred milliseconds (B. Wolfe et al.,
2020; J. M. Wolfe et al., 2011). Drivers may therefore rely
on faster, wide-field coarse processing, the extraction of
scene structure well beyond the fovea within about 100—150
ms (Greene & Oliva, 2009; Thorpe et al., 1996). It can
capture behaviorally relevant structure, such as dark regions
marking nearby obstacles, even while gaze stays on the near
road.

Here we asked whether drivers use a scene
luminance grid, a highly reduced, panel-wise summary of
the forward scene over time. Within this grid, overall
brightness is a trivial cue; the informative signal is its spatial
structure, the cell-to-cell deviations from overall brightness.
How informative it is should vary along the route, weak on
open road but richer in structured urban segments such as T-
junctions (Oliva & Torralba, 2001; B. Wolfe et al., 2020).
We then asked whether the same pattern was registered in
the pupillary light reflex: the pupil responds to extrafoveal
spatial structure as well as to overall luminance, and to
whether that information is taken in (Binda & Murray, 2015;
Binda et al., 2013). If the driving-predictive pattern also
predicted the pupil, that match would be evidence that
drivers use the grid.
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Fig. 1. Urban driving route and the 10 analysis segments.
Dots are all recorded vehicle GPS positions in relative X-
Y coordinates (m), colored by segment; the numbers 1—10
label the segments in the order in which they are driven.

To this end, we recorded the scene ahead, reduced
the video to a coarse luminance grid, and modeled its
relation to a driving-control score and pupil diameter across
segments. Across drivers, the grid's spatial structure
predicted driving beyond overall brightness, and the
segments where it did so best were also those where the
pupil was most sensitive to it. Such a match might point to a
candidate marker of driver inattention, driving-relevant
structure that the pupil does not follow.
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Fig. 2. Contribution of spatial structure beyond overall
brightness, shown as the partial correlation for each
driver. Violins show the distribution over the 11 drivers,
open circles individual drivers, and the bar the mean;
zero means no contribution beyond overall brightness.

2. Method

2.1 Data collection

Eleven drivers each drove about 45 min on a
predefined urban route of about 10 km, two laps with 11
turns per lap. The route was divided into 10 equal GPS-
based segments, each visited twice (Fig. 1). The forward
scene was recorded with a centrally mounted RGB camera
(1920 x 1200 pixels, 20 Hz), vehicle signals at 100 Hz, and
pupil diameter with Tobii Glasses 3 at 100 Hz. Signals were
aggregated into non-overlapping 20-s bins (974 in total, 80—
96 per driver).

2.2 Scene luminance grid

Each scene-camera frame was converted to CIELAB
and its L* channel, our proxy for scene luminance, reduced
to a 6 x § grid of cell means; the top four rows (32 cells)
were kept and the two bottom rows, showing only the
instrument cluster and dashboard, discarded. Per-bin cell
means were log-transformed and split into overall brightness
(the mean log L* across the 32 cells) and spatial structure
(each cell's deviation from it).

2.3 Driving-control score and pupil measure

Six speed, steering, and pedal statistics were reduced
to their first principal component (51% of the variance),
computed once across all drivers, giving one score per bin.
The score rose with busy control: steering movement, speed
change, and accelerator use raised it, braking lowered it, and
steady straight driving scored low. Pupil diameter was the
bin mean after blink interpolation. The two are themselves
almost uncorrelated (pooled » = .00 across bins; mean
within-driver » = .08), so they are not, in effect, the same
signal.

2.4 Base model and validation

For each driver, cross-validated ridge regression
predicted both signals from the 32 log-luminance cells;

(PC1 units?)
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AMSE
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Segment

Fig. 3. Contribution of spatial structure in each route
segment, for the driving-control score (top) and pupil
diameter (bottom). Means over 11 drivers, £1 SEM; filled
symbols mark positive values.

every analysis below rests on these models. Models were
fitted within driver, never across
drivers, and cross-validated over the ten segments: each was
held out in turn and predicted from a model fitted on the
other nine. Both visits to a segment were held out together,
so the model was never tested on a segment it had already
seen in training, and every accuracy and importance
reported below is out-of-fold.

3. Results

3.1 Spatial structure contributed beyond overall
brightness

We first asked what the spatial structure adds beyond
overall brightness alone, by partialing the brightness-only
prediction out of the full-grid prediction (Fig. 2). Spatial
structure contributed beyond brightness for both the driving-
control score (partial » = .23) and pupil diameter (partial
= .42), in every driver (sign test p = .001).

3.2 Driving and pupil relied on the same structure

Within each segment we scrambled the spatial
structure across time bins, leaving overall brightness
untouched, and took the loss of accuracy on re-prediction as
its contribution there. This gave, for each driver, a driving
profile and a pupil profile: ten numbers each, showing how
much spatial structure mattered in each segment (Fig. 3).
We then removed from each profile what the segment's own
brightness and variability could explain.

We then split the 11 drivers into groups of five and
six, averaged the profiles within each group, and correlated
the driving profile of one group with the pupil profile of the
other across the ten segments. Because the profiles came
from different people, nothing shared within a driver could
create it. We repeated this over all 924 splits and averaged.

The remaining correlation was positive (mean partial

r = .39; p < .01 by permutation; 95% CI [+.05, +.74],

obtained by recomputing the analysis with each driver left
out in turn) (Fig. 4).
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Fig. 4. Contribution of spatial structure mapped onto the route, after removing what each segment's own brightness and
variability could explain, for the driving-control score (left) and pupil diameter (right).

4. Discussion

Drivers appear to use coarse luminance structure
during naturalistic control, at least on the indirect evidence
of a correspondence between its contributions to driving and
to the pupil. Coarse processing offers a fast alternative, and
should pay off where Iuminance covaries with road
geometry and obstacles (Oliva & Torralba, 2001). For
inattention research, this points to a marker that needs only
the forward scene and pupil size, not a measurement of
where the driver is looking.

What links the two is not settled by our data. One
candidate is attention: attention modulates the pupillary light
reflex beyond its raw response to luminance (Binda &
Murray, 2015; Binda et al., 2013), so drivers might weight
behaviorally relevant structure where it is informative.

The coupling did not depend on how the route was
cut: we shifted the segment boundaries by a quarter, a half,
and three quarters and averaged the four results, and it
stayed positive and above its permutation null (p < .05) at
every granularity from six to fifteen, though it weakened as
segments grew shorter and their estimates noisier. Each
profile is ten values saying how much the luminance pattern
mattered per segment. The » = .39 above is what remained
after predicting these from the segment's own brightness and
variability. Removing the segment's average speed and
accelerator use, the driving variables most related to where
the coupling appeared, still left » = .31 (p < .01). The
permutation null was itself centered near zero (» = .01), so
the procedure cannot manufacture a positive value. The
estimates are nonetheless noisy. Each segment contributes
only about nine observations per driver, and cutting the
route finer would only thin them further, so the correlation
rests on just ten segments.

5. Conclusions

A highly reduced luminance grid predicted the
driving-control score, and the same structure was registered,
more weakly, by the pupil in the same segments. The
forward scene can therefore set an expectation for the pupil,
and a pupil that falls short of it may mark a driver who has
not taken the structure in. Experimental manipulation of
luminance and attentional demand is needed to test this.
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Abstract: Driver distraction represents a significant behavioural risk factor affecting road safety. Among different sources
of distraction, the use of mobile devices while driving has become increasingly common and is associated with reduced
driver attention, longer reaction times and a higher probability of traffic crashes. Within the European road safety
monitoring framework, driver distraction is measured through Key Performance Indicators (KPIs), enabling the
assessment and comparison of safety-related behaviours across countries. The objective of this research is to estimate the
national value of the KPI for driver distraction in Croatia, defined as the share of drivers that do not use a mobile device
while driving. Data were collected through roadside observational surveys conducted under free-flow traffic conditions
across the national road network. Observations were carried out at 41 locations covering motorways, rural and urban
roads, resulting in a total sample of 22,675 driver observations. The results show that approximately 94% of drivers in
Croatia do not use mobile devices while driving. The highest compliance was observed on rural roads (96%), while
motorways and urban roads recorded compliance levels of around 94%. Although most drivers demonstrate safe

behaviour, mobile device usege while driving remains a relevant road safety concern.

1. Introduction

Driver distraction is recognised as an important
behavioural risk factor affecting road safety. It occurs when a
driver’s attention is diverted from activities necessary for safe
driving towards competing tasks. Among various forms of
driver distraction, the use of mobile devices while driving has
become increasingly common and has been shown to impair
driving performance, increasing reaction times and reducing
driver attention as well as vehicle control (Lipovac et al.,
2017). Activities such as texting or interacting with
smartphone applications introduce visual, manual and
cognitive distraction simultaneously, significantly increasing
crash risk (Oviedo-Trespalacios et al., 2016; Guo & Lu, 2022;
NHTSA, 2024).

In Croatia, mobile device usage has contributed to 12%
of severe traffic accidents, as shown in Figure 1 (Sostari¢ et
al., 2025). Despite a general trend of decreased number of
road traffic accidents, the number of mobile device usage
related accidents presents a key concern, both in Croatia and
in other countries.

SPEED
Q7
©,
. ALCOH(\)\I;'YI % ™" pistrRacTION
?ﬁ 4% 7% ‘ ,£38 % OTHER vl?)

12%

Fig. 1. Key factors contributing to severe traffic accidents in
Croatia

To support evidence-based road safety policies, the
European Union promotes the use of Key Performance
Indicators (KPIs) that allow monitoring of behavioural risk
factors within the road transport system. Within this
framework, driver distraction is measured as the share of
drivers who do not use mobile devices while driving.

The objective of this study is to estimate the national
value of the driver distraction KPI in Croatia based on
observational roadside data collected across different road
types and vehicle categories.

2. Method

2.1 KPI Definition

In accordance with the methodological guidelines for
road safety indicators, the KPI for driver distraction is defined
as the share of drivers that do not use a mobile device while
driving (European Commission, 2023). Mobile device use
while driving reduces the driver's level of attention, shifts
focus and increases driver’s reaction time, thereby potentially
increasing the risk of road traffic crashes occurence.

The indicator is therefore calculated as the share of
observed drivers who were not using a mobile device while
driving.

2.2 Data Collection Procedure

Data were collected through roadside observational
surveys conducted under free-flow traffic conditions.
Observations were performed at road cross-sections where
vehicles were travelling without interruption. Vehicles that
were stationary or temporarily stopped, for example at traffic
lights or in traffic queues, were excluded from the analysis.

During each data collection session, traffic counts
were conducted simultaneously in order to enable appropriate
weighting of the results and estimation of statistical reliability.
Observations were carried out during daylight hours and

1
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under favourable weather conditions in order to ensure
consistent observation conditions.

2.3 Sampling Design and Study Locations

To ensure national representativeness and
methodological comparability, data collection followed
predefined sampling requirements. Observations were
conducted across three road categories: motorways, rural
roads outside urban areas, and urban roads within built-up
areas. A minimum of 500 observations per road category and
at least ten locations per road type were required.

In total, data were collected at 41 locations across
Croatia, including 18 urban, 13 rural and 10 motorway sites.
Observations were conducted on both weekdays and
weekends, resulting in 61 observation sessions. Locations
were randomly selected and geographically distributed to
represent different parts of the national road network (Faculty
of Transport and Traffic Sciences, 2025). Figure 2 shows the
observation locations by road category.

L ]
[ ] [}
([ L
" ° .0 . o ®
LI '. [
¢ .
L)
L
e
&
e
' 4
[ ]
o. =
LEGEND °
@ Motorways
@ Rural roads

@ Utrban roads

Fig. 2. Locations of roadside observations in Croatia

2.4 Sample Characteristics

Across all observation locations, a total of 22,675
driver observations were recorded. The sample included the
most common vehicle categories present in road traffic:

* 19,869 passenger cars

* 1,197 light goods vehicles

* 1,228 heavy goods vehicles

+ 381 buses

The large sample size and geographical distribution of
observation sites ensured that the collected dataset provides a
reliable basis for estimating the national value of the
distraction KPI.

3. Results

The collected observational data were analysed to
determine the share of drivers who were not using mobile
devices while driving. In accordance with the methodological

requirements, the primary KPI value was calculated using
observations collected during weekdays under daytime
conditions.

3.1 Results by Road Type

The analysis indicates high compliance levels across
all road categories. On motorways, approximately 94% of
drivers were observed not using mobile devices while driving.
Rural roads showed slightly higher compliance, with
approximately 96% of drivers not using mobile devices.
Urban roads recorded a compliance level of approximately
94%. Figure 3 shows the compliance levels per road category.
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Fig. 3. Compliance levels per road category

When considering all road categories combined, the
overall KPI value indicates that approximately 94% of drivers
do not use mobile devices while driving. These results
suggest that although the majority of drivers comply with safe
driving practices, a non-negligible share of drivers continue
to engage in distracting activities while operating a vehicle.

3.2 Results by Vehicle Category

Differences were observed between vehicle categories.
Passenger car drivers showed compliance levels of
approximately 94-95%, consistent with the national average,
while light goods vehicle drivers demonstrated slightly lower
compliance (about 91%). The lowest compliance was
observed among heavy goods vehicle drivers, with
approximately 89% not using mobile devices while driving.
Bus drivers showed relatively high compliance levels (around
94%). Figure 4 presents compliance levels by vehicle
category across all locations.
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Fig. 4. Compliance levels per vehicle category
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These findings suggest that professional drivers,
particularly those operating heavy goods vehicles, may be
more likely to engage in mobile device use while driving.

3.3 Results by Observation Period

Additional analysis examined differences between
weekday and weekend observations. The results indicate that
compliance levels were slightly higher during weekend
observations, reaching approximately 97% of drivers not
using mobile devices. Figure 5 shows compliance levels
during working days and weekends on all locations.
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Fig. 5. Compliance levels on working days and weekends

When considering all observation periods combined,
the overall KPI value across the entire dataset was
approximately 95%.

4. Discussion

The results indicate relatively high compliance with
safe driving behaviour in Croatia regarding mobile device use
while driving. The overall KPI value of approximately 94%
suggests that most drivers refrain from using mobile devices
while operating a vehicle, although the remaining share still
represents a road safety concern.

Only small differences were observed between road
types. Slightly higher compliance on rural roads compared
with motorways and urban roads may be related to
differences in traffic density, driving conditions or perceived
enforcement levels. Urban environments, with more frequent
stops and interactions with traffic control devices, may
provide greater opportunities for drivers to use mobile
devices.

Differences were also observed between vehicle
categories. Lower compliance among heavy goods vehicle
drivers may reflect the communication demands associated
with professional driving, such as coordinating logistics and
delivery activities. Nevertheless, distraction among
professional drivers can pose significant risks due to the size
and mass of the vehicles involved.

Although the share of drivers using mobile devices
appears relatively small, previous research shows that even
occasional distraction can increase crash risk. Continuous
monitoring of driver distraction indicators is therefore
important for identifying behavioural trends and supporting
targeted road safety interventions.

5. Conclusions

The results indicate relatively high compliance with
safe driving behaviour in Croatia, as the majority of drivers
were observed not using mobile devices while driving.
Nevertheless, the share of drivers who continue to use mobile
devices while operating a vehicle still represents a road safety
concern.

Differences between road types were relatively small,
although slightly higher compliance was observed on rural
roads compared with motorways and urban roads. Lower
compliance among heavy goods vehicle drivers may reflect
the operational demands placed on professional drivers who
rely more frequently on communication during travel.

Although the observed prevalence of mobile device
use while driving appears limited, even small percentages of
distracted drivers can significantly increase crash risk.
Continuous monitoring of driver distraction indicators
therefore remains important for evaluating behavioural trends
and supporting the development of effective road safety
measures.
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Abstract: The Norwegian Public Roads Administration conducted the behavioral intervention 7The National Driving
Challenge as part of the national driver distraction campaign “Thank you for your attention”. The intervention was
developed to address the intention—action gap identified in a national baseline survey and was informed by the Health
Action Process Approach (HAPA), implementation intentions, and self-regulation theory. Following a controlled pilot
study, the intervention was refined before national implementation. Over an eight-week period, participants (N=896)
selected one distracted behavior to discontinue from a predefined list in order to increase their attention as drivers. The
intervention incorporated techniques such as self-monitoring, implementation intentions, and reflective logging. The
participants received weekly motivational text messages (nudges). Eighty-nine percent reported successful behavior
change, and 70% showed spillover to additional behaviors. Planning and self-efficacy were the strongest motivational-
phase predictors of change, and self-monitoring the strongest in the action-control phase, whereas attitudes toward
attentive driving remained unchanged. The findings indicate that targeted behavior-change strategies can strengthen
driver attention and that future road safety campaigns and related initiatives should further explore behavior-focused

approaches.

1. Introduction

Driver distraction is a major road-safety problem in
Norway and internationally. In-depth analyses of fatal
crashes on Norwegian roads indicate that driver inattention or
distraction contributes to close to one in three cases (Aasvik
& Sagberg, 2023). Because attention is a prerequisite for safe
driving, reducing distraction is central to lowering crash risk.
Among the available countermeasures, influencing drivers'
behavior and attitudes has long been a core element of the
Norwegian Public Roads Administration's (NPRA) safety
work, which treats sustained, multi-component campaigns as
an important tool for promoting safe behavior.

As part of this work, NPRA launched the national
driver-distraction campaign "Takk for oppmerksomheten”
("Thank You for Your Attention") in 2018, with a relaunch in
2023. A baseline survey of 3,025 Norwegian drivers revealed
a clear intention—action gap: most drivers intend to drive
attentively but struggle to translate that intention into
behavior (Opinion, 2023). This gap is well captured by the
Health Action Process Approach (HAPA; Schwarzer, 2008),
which distinguishes a motivational phase, in which intentions
form, from a volitional phase, in which intentions are enacted,
and identifies self-efficacy, planning, and action control as
the bridges between the two.

Distracted behaviors such as eating, checking a
phone, or daydreaming are often automatic and habitual
(Kahneman, 2011; Lally & Gardner, 2013), which makes
them resistant to attitude-based appeals but responsive to
volitional, action-oriented techniques. Accordingly, the
intervention combined implementation intentions specifying

when and how to act (Gollwitzer, 1999), daily self-

monitoring, and weekly motivational nudges (Thaler &

Sunstein, 2008) timed to the fresh-start effect (Dai, Milkman,

& Riis, 2014). Focusing effort on a single, concrete behavior

also draws on goal-setting principles (Locke & Latham, 1990)
and may generate behavioral spillover to related behaviors

(Dolan & Galizzi, 2015).

Building on the campaign evaluation and the 2023
baseline, NPRA developed "The Driving Challenge," an
eight-week, behavior-focused intervention in which drivers
voluntarily chose one distracted behavior to discontinue
(Bergh & Riege, 2025). The initiative was first evaluated in a
controlled pilot study including a test and comparison group.
Findings from the pilot informed the refinement and
subsequent national implementation of the intervention. The
present study examines whether this targeted, behavior-
focused approach can strengthen driver attention, and which
self-regulatory factors predict successful change.

2. Method

2.1 Design

The National Driving Challenge was a voluntary, single-
arm pre—post intervention delivered to a self-selected national
sample.

2.2 Participants

Recruitment was carried out by the research agency
Opinion. Eligible participants drove daily or several times a
week and selected one specific distracted behavior they
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wished to change. Of 4,075 registrants, 2,554 completed the
eight-week challenge, and 896 completed both the pre- and
post-intervention surveys and all eight weeks of behavior
logging; this complete-case group formed the analytic sample.
The sample was nationwide and predominantly male (67.6%),
with all age groups represented (median age group 50-59
years).

2.3 Procedure

From a predefined list, participants selected one
distracted behavior to discontinue (e.g., eating, daydreaming,
checking a phone). Each participant then formed an
implementation intention specifying when and how they
would change the behavior, and kept daily logs as a form of
self-monitoring over the eight weeks. Every Monday,
participants received a motivational text message (a nudge)
timed to coincide with the fresh-start effect. The post-
intervention survey was distributed in week 50, with two
reminders.

2.4 Measures and analysis

Pre- and post-intervention surveys assessed self-reported
attention while driving, perceived attention of other drivers,
attitudes toward attentive driving, and the HAPA constructs
of intention, self-efficacy, perceived control, and planning.
Participants also submitted daily behavior logs.

3. Results

3.1 Behavior change

Overall, 89% of participants reported successfully
changing their chosen behavior (a score of 7-10 on a 10-point
self-report scale), while only 4.2% reported never or rarely
succeeding (scores 1-4). Self-rated success was consistently
high across all target behaviors, ranging from 7.8/10 for
daydreaming to 9.0/10 for handheld phone use. Reported
change was modestly greater among older participants, r
=.211, p <.001, and unrelated to gender.

3.2 Spillover

Although participants selected only one behavior to
discontinue, 70% reported changing at least one additional
distracted behavior (40.6% changed one, 16.3% two, and the
remainder three or more), indicating a substantial spillover
effect.

3.3 Predictors of change

Two regression models tested HAPA constructs as
predictors of behavior change. Motivational-phase factors
jointly explained 17.0% of the variance, F(4, 875) =44.96, p
<.001, R?=.170, with planning (f = .24, p <.001) and self-
efficacy (B =.21, p <.001) the strongest predictors; perceived
control was weaker but significant (B = .09, p = .006), and
intention was not (f = .06, p = .074). Action-control factors
explained 17.8% of the variance, F(3, 885) = 64.08, p <.001,
R? = .178, with self-monitoring the strongest predictor (B
= .24, p <.001), followed by awareness of goals (B = .17, p
<.001); effort was not significant (B = .07, p =.091).

3.4 Attention and attitudes

Self-regulation measures increased from pre- to post-
intervention, though effect sizes were small. Participants'
self-perceived inattention decreased while their perception of
others' inattention rose slightly, A = .95, F(1, 895)=46.99, p
<.001, np? = .05; throughout, participants judged others as
far more inattentive than themselves, A = .38, F(1, 895) =
1461.94, p < .001, np* = .62. Attitudes toward attentive
driving did not change over the eight weeks and did not differ
by age or gender.

4. Discussion

The National Driving Challenge produced widespread
self-reported behavior change and improved self-perceived
attention, yet left attitudes unchanged. This pattern is the
study's central contribution: it suggests that asking drivers to
discontinue one concrete, self-chosen behavior is a more
effective route to attentive driving than appeals aimed at
attitudes. The intervention operated on the volitional side of
the intention—action gap rather than the motivational side,
which is where earlier campaign work suggested drivers were
falling short.

The predictors of change clarify the mechanism and
support the HAPA framework (Schwarzer, 2008). Planning
and self-efficacy predicted successful change during the
motivational phase, while self-monitoring was the strongest
action-control predictor, consistent with accounts of how
repeated, monitored action supports new habits (Lally &
Gardner, 2013). Notably, intention did not predict change —
an empirical echo of the intention—action gap itself: intending
to drive attentively was not enough, whereas planning, self-
efficacy, and self-monitoring were. Taken together with the
behavior-focused design, this suggests that campaigns should
focus on changing one specific behavior, ideally supported by
strategies that strengthen planning, self-efficacy, and self-
monitoring.

Two further findings carry practical weight. The
spillover to non-targeted behaviors (Dolan & Galizzi, 2015)
suggests that a narrow, single-behavior focus can yield
broader behavior change. The persistent, strengthening belief
that other drivers are more inattentive than oneself is
consistent with overconfidence effects (Kruger & Dunning,
1999) and helps explain the unchanged attitudes (Maio et al.,
2019): most drivers already think they are attentive, so
generic "be attentive" messaging has little impact, whereas a
concrete behavioral target sidesteps this belief.

The study does, however, have limitations: All
outcomes were self-reported, with no objective measure of
driving behavior; the self-selected, highly motivated sample
and substantial attrition (partly due to a delayed second
survey) limit generalizability. Attrition analyses indicated
only minor demographic and behavioral differences between
completers and non-completers. The eight-week window is
too short to establish durable change, and the correlational
design precludes causal claims. Future work should
incorporate objective or in-vehicle behavioral measures, a
controlled design with longer follow-up, and tests of whether
the spillover and attention gains persist. Even so, effect sizes
that are modest per driver may translate into meaningful road-
safety gains at population scale.
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5. Conclusions

This nationwide intervention showed that most drivers
were able to change a self-selected distracted behavior —
with change often spilling over to other behaviors — even as
their general attitudes remained unchanged. Targeting one
specific behavior, rather than attitudes toward attentive
driving, therefore appears to be a promising approach for
reducing driver distraction. Road safety initiatives pursuing
Vision Zero should further develop and rigorously test
behavior-focused interventions of this kind.
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Abstract: In a driving simulator study (NV = 60), self-reported demand imposed on the driver by the driving task and
secondary tasks, and their effect on driving performance were examined during manual and partially automated driving
(L2). Reported demand was higher during L2 driving, particularly for system-paced tasks, whereas brake response
times did not show a corresponding impairment. Results indicate that higher demands under L2 do not necessarily
degrade driving performance surrogates, such as brake response time. Given that driver distraction is often assessed
using gaze-based measures only, the current findings indicate that comprehensive test methods to evaluate 'sufficient’
attention during secondary task engagement should also include driving performance metrics.

1. Introduction

A major cause of crashes is driver diverted attention to
activities not related to driving, known as driver distraction
(Regan et al., 2011). Distraction guidelines (e.g., National
Highway Traffic Safety Administration [NHTSA], 2013)
provide methods to evaluate distraction related to secondary
tasks and principles for designing in-vehicle infotainment
systems (IVIS) to support safe driving. These principles
include that functions should be driver-paced, interruptible,
and not exceed distraction levels of an accepted reference task
(NHTSA, 2013). Test methods for distraction typically focus
on off-road glances, while adaptations in driving behaviour
are often overlooked and only implicitly inferred by linking
off-road glances with increased crash risk (e.g., Klauer et al.,
2006). Beyond established methods, an approach assessing
'sufficient' attention while driving could consider the
allocation of spare capacity according to situational demands
(e.g., Kircher & Ahlstrom, 2017; Kujala & Grahn, 2022).
Additionally, incorporating  behavioural  adaptation
mechanisms could capture the effects of self-regulation
(Kummerer et al., 2025, 2026), thereby enhancing existing
test methods.

Today’s distraction guidelines were developed before
widespread driving automation and advanced IVIS (e.g.,
NHTSA, 2013), and mainly address manual driving without
assistance systems (LO; Society of Automotive Engineers
[SAE], 2021). Research shows that partial driving automation
(L2; SAE, 2021) can reduce demands by providing lateral and
longitudinal driving support (Eddine et al., 2024). However,
supervising system functions is mandatory (SAE, 2021) and
increased off-road attention during L2 driving (Biondi & Jajo,
2024; Eddine et al., 2024) may increase the risk of missing
system failures.

This research aims to contribute to the development of
a test method for evaluating 'sufficient' attention during
distraction in LO and L2 driving by integrating behavioural
measures to assess when driver capacities are exceeded and
safe driving is compromised. Derived from the Driver
Workload Metrics model (Fig. 1; Angell et al., 2006; Hurts et
al., 2011), the following hypotheses were tested:

H1: The use of an L2 system reduces self-reported
demand on the driver (hereafter referred to as demand).

H2: Secondary tasks increase demand, especially
when not being driver-paced.

H3: Increased demand leads to impairments in driving
performance, such as brake response time.

Driving
conditions
(e.g., road)

- ‘ Driver characteristics
Driving
task l

v
Impairment of Crash/

Demands driving
If capacities are Near-crash
. performance
exceeded *
Secondary H
H
H

task

‘ Concurrent contextual factors ‘

Fig. 1. Driver Workload Metrics model [adapted and
modified from Angell et al. (2006, p. xxviii) and Hurts et
al. (2011, p.7)]

2. Method

2.1 Participants

A driving simulator study was conducted with N = 60
participants (23 women). Average age was 36.72 years (SD =
8.93). All participants had held a valid driving license for an
average of 19.12 years (SD = 8.69).

2.2 Apparatus
The static driving simulator featured a 220° horizontal
field of view using a LED wall (7200%1800 pixels), with side
and rear mirrors shown on displays. The secondary task was
displayed on the center information display (CID; 2880%960
pixels). The simulator ran on SPIDER software (Strobl, 2003).

2.3 Study design and procedure

A mixed design examined the effects of driving mode
(between) and secondary tasks (within) on self-reported
demand and their relationship with brake response time.
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Participants, randomly assigned to drive at LO or L2
(L2: n=31), performed self-paced and system-paced visual-
manual tasks and a reading task on the CID during
randomised experimental drives. A baseline drive without
secondary tasks served as reference. Secondary tasks were
presented at predefined intervals. Unlike driving at LO,
system failures requiring participants to supervise the
automation were introduced in the L2 group. Participants
were instructed to prioritise driving and engage in secondary
tasks only when conditions allowed. After each drive,
participants completed the NASA Task Load Index (NASA-
TLX; Hart & Staveland, 1988) to assess demand from both
the driving task and the secondary task.

In a car-following scenario, sudden braking by the
lead vehicle soon after secondary task onset, combined with
system failure while driving L2, increased rear-end collision
risk, a crash type often linked to distracted driving (e.g., Eby
& Kostyniuk, 2003; Najm & Smith, 2007; Sundfer et al.,
2019).

2.4 Secondary tasks

Visual-manual tasks were adapted from Liang et al.
(2024). Participants searched for a target (triangle) among
distractors either by scrolling through a list of geometric
elements at their own pace (self-paced) or by searching within
a continuously moving list (system-paced). Self-paced tasks
began with a 4-s time window in which the task could be
accepted or declined (Metz et al., 2011) (Fig. 2). System-
paced tasks were announced by a 4-s timer without the option
to decline. Participants earned 10 points per identified
triangle and lost 20 points for each severe driving error, in
order to incentivise secondary task engagement while
simultaneously emphasising the primary importance of the
driving task. The reading task text length matched typical
check-control messages shown during driving.

(@) (b) (©)

Fig. 2. Self-paced visual-manual task
(a) Choice, (b) Task, (c) Score

2.5 Data analysis

The evaluation of interdependencies between demand

and driving performance focused on the sudden braking event.

Demand was measured using the NASA-TLX (Hart &
Staveland, 1988) with an added visual demand item, each
rated on a 20-point scale. Brake response time to the lead
vehicle’s braking was used as a surrogate measure for driving
performance. Influencing factors were analysed using Linear
Mixed Models (LMMs) with participant as a random effect.
Due to assumption violations, confidence intervals were
estimated via bootstrapping (n = 5,000; Leeuw & Meijer,

2008). Interaction terms were not included, as they did not
improve model fit.

3. Results

3.1 Influences on self-reported demand

NASA-TLX scores indicated (Fig. 3) that self-
reported demand was highest for the system-paced condition
in both LO (M = 58.3, SD =23.6,n =22) and L2 (M =724,
SD=23.2,n=27).

Analyses (see Appendix A, Table 1) revealed
significant positive associations between all fixed effects and
demand (p < .01). Therefore, H1 could not be confirmed,
while H2 was supported. The lack of model improvement
from interaction terms indicates that the relationship between
secondary tasks and demand was independent of driving at
LO or L2. The variance indicators revealed high variance
between participants (o> = 245.0) and a large proportion of
the total variance attributable to differences between
participants (adj. ICC = 0.60).

Manual driving Partial driving automation
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Fig. 3. NASA-TLX scores

3.2 Influences on brake response time

Evaluating a surrogate for driving performance (Fig.
4), brake response time in L0 was highest in the system-paced
condition (M = 1.93, SD = 0.57, n = 25), while the reading
task led to the longest brake response times in L2 (M = 1.67,
SD =0.65, n=31).

Controlling for driving mode and secondary tasks,
demand was positively associated with brake response time,
b = 0.01, #(123.96) = 2.74, p = .007, supporting H3. Low
variance between participants (c®> = 0.05) accompanied a
moderate proportion of total variance attributable to
participant-level differences (adj. ICC = 0.20). However,
brake response times in L2 were significantly shorter than in
L0, b =-0.40, #(51.29) = -4.23, p < .001. Additionally, the
reading task significantly increased brake response times, b =
0.36, #(164.98) =3.58, p <.001 (see Appendix A, Table 2, for
details).
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Fig. 4. Brake response time

4. Discussion

Results indicate that demand on the driver was
influenced by the primary driving task and secondary tasks,
with individual differences considered. Higher demand was
associated with increased brake response time, controlling for
driving mode and secondary tasks. Demand was higher
during L2 driving, likely due to the greater effort required to
supervise the system. Highest demand was reported for
system-paced secondary tasks, corroborating the importance
of facilitating driver-paced IVIS interaction. Although
demand increased with L2 and secondary tasks, brake
response time was not adversely affected. This confirms
earlier research that higher demands do not always result in
impaired driving performance, as long as driver capacity is
not exceeded (Angell et al., 2006; Hurts et al., 2011).
However, findings highlight that L2 systems have both
positive (Eddine et al., 2024) and negative effects.

Further research is planned to investigate the impact
of secondary tasks that cannot be tested with current methods
on gaze behaviour and crash risk across levels of driving
automation and different metrics for demand and driving
performance.

5. Conclusions

The current research provides part of the foundation
for developing a test method able to evaluate 'sufficient'
attention under distraction (Kircher & Ahlstrom, 2017). It
highlights the need to go beyond primarily gaze-based
assessments (e.g., NHTSA, 2013) to more completely
understand when driver capacities are exceeded, with
impaired driving performance and increased crash risk as a
result.
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Appendix A

Table 1 LMM presenting influences on self-reported demand

Effect NASA-TLX
b SE 95% CI ¢ p S
LL UL

Fixed effects
Intercept 1943 3.81 11.81 2695 510 <001 -
Partial
driving 1222 475 3.18 2159 257 .01 049
automation
(L2)®
Reading ° 19.75 2.58 1470 2476 7.66 <.001 0.78
Self-paced® 2449 259 19.50 29.58 9.44 <001 0.97
System- 39.80 2.61 34.64 4479 1524 <001 1.8
paced

62
Random effect
Participant 245.0
Adj. ICC 0.60

Note. Observations = 197, groups = 51. CI = confidence interval; LL =
lower limit; UL = upper limit; adj. ICC = adjusted intraclass correlation.
a Reference manual driving (L0). ® Reference baseline.

Table 2 LMM presenting influences on brake response time

Effect Brake response time
b SE 95% CI t p B
LL UL
Fixed effects
Intercept 134 010 1.16 153 13.79 <001 -
NASA-TLX  0.01 0.00 0.00 0.01 274 .007 0.5
Partial
g;ltzﬁiﬁon 040 0.10 -0.59 022 423 <001 -0.71
(L2)®
Reading ® 036 0.10 0.16 0.56 3.58 <001 0.64
Self-paced ® - - - - - ns -
System-
pe}llcedb ) ) i i i s )
62
Random effect
Participant 0.05
Adj. ICC 0.20

Note. Observations = 194, groups = 51. CI = confidence interval; LL =
lower limit; UL = upper limit; ns = not significant; adj. ICC = adjusted
intraclass correlation.
@ Reference manual driving (L0). ® Reference baseline.
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Abstract: This study tested the validity of driver readiness as an evidence accumulation bias reflecting available
cognitive and motor resources, and examined its association with Driver Monitoring System (DMS)-based ocular
metrics. Thirty three participants experienced a safety-critical takeover during assisted driving in a simulated motorway
driving scenario. The effect of cognitive load, visual occlusion and different levels of fatigue on the quality and timing of
this takeover response was assesed during this mixed-participant group study. A single-alternative evidence
accumulation model parameterized readiness as a bias factor, derived from combinations of DMS gaze metrics and was
compared to a standard model without state information using AICc. The best-fitting model relied on off-road gaze time
and stationary gaze entropy, significantly outperforming the reference model (AAICc¢ =7.72, p =.021) and reducing
prediction residuals by 10.5% (0.053 s). Results support readiness as a theoretically valid construct linked to gaze

behavior, although practical safety gains remain modest.

1. Introduction

Partially-automated vehicles (SAE, 2021) require
drivers to monitor the vehicle and road environment, being
ready to intervene, if necessary. Driver Monitoring Systems
(DMS) address safety issues associated with the removal of
the driver as an active controller of the vehicle (Merat et al.,
2019), by warning them if drivers this monitoring falls below
a certain threshold. The adequancy of drivers’ state to manage
the safety demands of a particular takeover situation is
referred to as drtiver “readiness” or “availability” (Marberger
etal., 2017).

While the exact definition of readiness remains a topic
of debate in the literature (see Gongalves et al., 2025a),
previous research supports the idea that readiness can be
conceptualised as the accumulation of cognitive and motoric
resources available to drivers, for resuming control of the
driving task (Kim et al, 2022; ISO 2025). This variable
fluctuates over time, and is associated with the likelihood of
resuming control in a given situation, within a certain time
period (Mioch et al., 2017).

The plausibility of this idea is supported by an recently

developed model proof of concep (see Gongalves et al., 2024).

Here, we successfuly modelled the variability in drivers’
takeover reaction times during a driving simulator study,
based on DMS-based ocular metrics, using an evidence
accumulation model (EAM, Ratcliff et al., 2016). Drivers’
resources were manipulated by the usage of a heavy fog, and
a quiz task. This work supported the association between
drivers’ gaze patterns and the theoretical construct of
readiness, showing that a “more ready” driver required the
accumulation of less resources, before reaching a timely and
appropriate takeover decision (Gongalves et al., 2024).

To date, most of the empirical work supporting this
idea (e.g., Kim et al., 2022; Gongalves et al., 2024) has not
systematically varied the constructs that affect driver state

and therefore their readiness. This includes changes in driver

state due to fatigue (Guo et al.,, 2021); cognitive load

(Goodridge et al., 2026); and visual distraction (Zeeb et al.,

2015). As each of these driver states is generally associated

with particular ocular metrics, it is unclear whether this

theoretical framework can represent a wide range of driver
states, and how they can be detected by different DMS-based
ocular metrics.

Based on this research gap, the objective of the present
study was to test the validity of the concept of readiness as an
accumulation of resources towards a takeover response, for
drivers under different driver states, and its association with
different DMS-based ocular metrics. Based on this research
gap, we posed the following research questions:

e  Can the level of driver readiness, as an accumulation of
resources, be associated with their capability to safely
resume control of the driving task?

e  What metrics of a DMS are correlated with drivers’
readiness?

2. Method

Drivers’ response to a safety-critical scenario was
modelled using a single-alternative evidence accumulation
model (Rattcliff & Smith, 2004), based on the combination of
several ocular metrics extracted from a Seeing Machines PC-
DMS eye tracking system, at a capture rate of ~50 hz.

2.1 The model

The model was based on the proof of concept
developed by Gongalves et al. (2024). See the formulae used
below:

Z = iaXa + ibXb (1)
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t
E, =Z+Zes )
5=0

g~ N(u,02),i.i.d. (3)

In this model, readiness is represented in (1) as the bias
(Z) towards the decision during the evidence accumulation
process. This bias is derived from two ocular metrics (X, Xp),
weighted by their respective constants (i, ip).

In (2), E; denotes the accumulated evidence at a given
time t, and the decision threshold was fixed at 1. In (2) and
(3), & represents the noise in the accumulation process,
generated from a Gaussian distribution with mean p and
variance o2.

Evidence (E)

N

0 Response Time
time (t)
------ Decision threshold

t
— E;=Z+ Y &5~ N, 0?), i.i.d.
s=0

------------ Readiness (Z) =i X, + ipXp

Fig 1 Graphical representation of the model’s concept.

2.2 Dataset

The model was fit to a driving simulator experiment
dataset (see details in Gongalves et al., 2025b). The
experimental scenario was composed of a 3-lane motorway,
with SAE L2 assisted driving engaged (SAE, 2021).
Participants were required to resume control from the
automation due to a system malfunction, leading to a forward-
collision critical scenario at a time-to-collision of 3 s.

Drivers’ state was manipulated by a cognitively-
loading 2-back task (Mehler et al., 2011); a visually-
distracting intermittent occlusion manipulation (Kujala et al.,
2023), or a combination of both. Drivers’ state was also
examined as a between-subject factor, since 11 out of the 33
particpants were night-shift workers, who performed the
experiment right after their shift.

2.3 DMS ocular metrics selection

The DMS ocular metrics used for readiness
calculation were those previously associated with one of our
driver state manipulations. See Table 1:

Table 1 List of DMS ocular considered.

DMS Ocular Metric Reference
Gaze time on road (s) Euro NCAP (2023)
Gaze time driver mirror (s) Euro NCAP (2023)

Gaze time off road (s)
Gaze time instrument cluster (s)

Gaze transition rate towards on
road (percentage)

Gaze transition rate towards
driver mirror (percentage)
Gaze transition rate towards off
road (percentage)

Gaze transition rate towards
instrument cluster (percentage)
Vertical gaze dispersion
(degrees)

Horizontal gaze dispersion
(degrees)

Euro NCAP (2023)
Euro NCAP (2023)

Schenebelen et al.
(2019)

Schenebelen et al.
(2019)

Schenebelen et al.
(2019)

Schenebelen et al.
(2019)

Engstrom et al. (2017)

Engstrom et al. (2017)

PERCLOS (percentage) Kuo et al. (2019)
Blink amplitude/velocity ratio Johns (2003)

(ms)

Gaze stationary entropy Shifferaw et al. (2019)
(percentage)

2.4 Fitting process

The model parametrization process was conducted
through a random search (Bergstra & Bengio, 2012). A total
0f 10,000 search iterations were performed for every possible
combination of DMS metrics. The results only report the
combination that yielded the best model fit.

2.5 Validation process

The validity of the construct and adequacy of the DMS
ocular metrics were assessed by comparing the model’s fit to
a reference model in the form of the standard evidence
accumulation model (Ratcliff et al., 2016), using Akaike
Information Criteraion tests (AICc, Burnham & Anderson,
2004). The standard evidence accumulation model was
parametrised using the same methods as the study’s model.

The reference model uses a constant bias Z, i.e., it has
no information on drivers’ state, instead modelling inter-trial
variability as a random factor. Therefore, if incorporating
specific DMS ocular metrics improves model fit, it suggests
that these metrics capture meaningful variability in drivers’
takeover performance, indicating a relationship with the
underlying construct of readiness. Consequently, significant
improvements in model fit would provide evidence
supporting the proposed concept of readiness as an
accumulation of resources influencing takeover responses.

3. Results

The best performing model calculated its bias Z as a
weighted sum of off road gaze time and stationary gaze
entropy. The AICc test results showed that this model
significantly outperformed the reference model (AAICc =
7.717, p = 0.021), representing an average 10.49% reduction
on the prediction residuals (0.053 s). See Fig 2 and Fig 3 for
the performance comparisons and distribution of model
residuals.
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Fig 2 Model performance comparison.

1
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Fig 3 Model residual distribution.

4. Discussion

The best-performing model variant used off road
glance-based metrics, reiterating the importance of the focus
on visual distraction from current DMS recommendations
(Euro NCAP, 2023; UNECE, 2024). The AICc results
supports the theoretical wvalidity of readiness as an
accumulation of resources, that can be used to explain the
range of likely responses of participants. The residual
improvements suggests that readiness estimators seem to
explain a small, but significant part of the phenomenon.
Although the improvement was statistically significant, the
model’s residuals remain too large for reliable real-world
application, ranging from -0.62 to 0.55 s. Moreover, given the
magnitude of the observed effects (10.49%), the gain in
predictive accuracy is unlikely to translate into a meaningful
reduction in crash outcomes if applied to actual DMS
solutions.

5. Conclusions

While gaze metrics metrics are promising readiness
indicators, more complex relationships need to be explored
with further research. This suggests that the proposed
readiness concept is theoretically related valid, but may not
be the only factor affecting drivers’ takeover performance.
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Abstract

SAE Level 3 (L3) driving automation permits complete driver disengagement, allowing drivers to engage in non-
driving related tasks while demanding rapid takeover capability when the system reaches its operational limits.
As L3 features are introduced alongside existing L1 and L2 platforms, drivers will frequently transition between
modes, experiencing repeated cycles of disengagement and re-engagement that create challenges for distraction
and inattention management. Yet no systematic framework characterizes how these usage patterns shape the
human factors demands on drivers and interfaces. We present a phase-based factorial taxonomy organizing L.3
usage into Entry, During, and Exit phases across five dimensions, yielding 48 distinct patterns. Duration emerges
as the primary determinant of human factors challenges, with eight extended-duration, system-initiated patterns
requiring the greatest HMI design attention. The taxonomy provides a structured basis for designing interfaces
matched to pattern-specific demands, from mode confusion during brief transitions to the sustained inattention

inherent in extended automation use.

1. Introduction

SAE Level 3 (L3) conditional driving automation repre-
sents a fundamental shift in driver responsibility. Un-
like L2 systems requiring continuous monitoring, L3
permits complete driver disengagement—drivers may
direct attention entirely to non-driving related tasks
(NDRTS) such as reading, watching video, or using mo-
bile devices—while demanding rapid takeover capabil-
ity when the system reaches its operational limits (SAE
International, 2021). This tension between disengage-
ment and readiness creates human factors challenges not
addressed by interfaces designed for lower automation
levels.

Research has identified several core challenges.
Drivers become progressively out-of-the-loop (OOTL)
during automation, losing situation awareness, expe-
riencing vigilance decrement, and accumulating pas-
sive fatigue (Endsley, [2017). Takeover performance
degrades with longer automation exposure (Eriksson
& Stanton, 2017), and NDRT engagement—a form of
driver distraction sanctioned by the system—further im-
pairs takeover readiness (Radlmayr et al., 2014). Mode
confusion between L2 and L3 compounds the prob-
lem: vehicle behaviour appears identical while monitor-
ing responsibilities differ fundamentally (Eom & Lee|
2022).

Despite extensive research, studies have largely
treated L3 takeover events in isolation without consid-
ering the broader usage context. In practice, L3 will
function as an incremental feature alongside L1, L2, and
manual driving, with frequent mode transitions as oper-
ational conditions change. We address this gap with a
phase-based taxonomy that systematically characterizes
L3 usage episodes and identifies patterns that create the
most demanding conditions for driver attention, includ-
ing those where sustained inattention makes reorienta-
tion most difficult.

2. Method
2.1 Phase-based framework

We conceptualize each L3 usage episode as a temporal
sequence of three phases, each associated with distinct
attentional demands:

1. Entry: Transition into L3. The driver disengages
from the driving task and redirects attention to
NDRTs.

2. During: Period of L3 engagement. The driver is dis-
engaged from driving, with inattention to the road
environment accumulating over time.

3. Exit: Transition out of L3. The driver must reorient
attention from NDRTSs back to the driving task.
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Entry Initiator Previous Mode Duration Exit Initiator Next Mode

Entering L3 During L3 Exiting L3

Figure 1: Complete taxonomy tree: 48 L3 usage patterns (2x2x3x2x2). Phases are labelled above: Entering L3, During L3,
Exiting L3. Reading left to right: Entry Initiator (D=Driver, S=System), Previous Mode (M=Manual, L2), Duration (Brf=Brief,
Mod=Moderate, Ext=Extended), Exit Initiator (D, S), Next Mode (L2, M). Numbers 1-48 identify each terminal pattern.
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2.2 Factorial dimensions

We identified five dimensions through analysis of L3
implementations and human factors literature. Table [T]
summarizes each dimension.

Table 1: Factorial dimensions of L3 usage patterns.

Dimension  Levels HMI Relevance
Entry Driver, System-initiated entry may go
Initiator System unnoticed; mode change without
driver action raises mode confusion
concerns (Lu & de Winter, [2015)
Previous Manual, L2—1L3 lacks behavioural cues
Mode L2 (vehicle behaviour appears
identical) despite fundamentally
different responsibilities. L1 is
subsumed under Manual for
parsimony
Duration Brief, Determines driver state during
Moder- automation; nonlinear relationship
ate, with takeover performance
Ex- (Portron et al.,|2024)
tended
Exit Driver, System-initiated exits represent
Initiator System mandatory transitions at
operational boundaries
Next L2, L3—Manual requires full control
Mode Manual resumption; L3—L2 demands

monitoring while vehicle appears
unchanged

The full crossing yields 2 x 2 x 3 X 2 X 2 =
48 distinct usage patterns (Figure [I). Each pat-
tern is encoded as [EntryInit]-[PrevMode] |
[Dur] | [ExitInit]-[NextMode]; for example,
D-M|Ext | S-L2 denotes driver-initiated entry from
manual, extended duration, system-initiated exit to L2.

Duration levels are informed by |[Portron et al.
(2024), who found a nonlinear relationship between L3
duration and takeover performance: 15 min produced
the best performance (0% crash rate), 5 min showed
moderate crash rates (15%), and 45 min the highest (23—
31%), despite drowsiness increasing linearly. We define
three levels (Table[2):

Table 2: Duration levels and associated driver states.

out. Block colour indicates automation level (teal=L3,
green=L2, yellow=Manual). Transition block height en-
codes the mode gap (taller = larger gap), and colour en-
codes the initiator (white=system, gray=driver).

Duration (L3)

Exit init.
(white=system)

Exit mode

O OO

Entrymode |Q O

Entry init.
(gray=driver)

Figure 2: Lego-block pattern icon (example: D-M—Mod—S-
L2). Colour encodes automation level: yellow=Manual,
green=L2, teal=L3. Duration width scales with time (1/3/5
studs). Transition height encodes mode gap; colour encodes
initiator (white=system, gray=driver).

3. Results

3.1 Highest-priority patterns

Eight extended-duration patterns with system-initiated
exits present the greatest demands for attention recap-
ture (Table[3). These patterns share a common structure:
extended inattention followed by an externally triggered
demand to reorient attention—either to active monitor-
ing (L3—L2) or full vehicle control (L3—Manual).

Table 3: Eight highest-priority patterns for HMI design.

# Pattern Icon Primary Concern

11 D-M—Ext—S-12 g 8 Extended OOTL +
9 mode confusion

12 D-M—Ext—S-M Extended OOTL +
(©9l ©9)  urgent takeover

23 D-L2—Ext—S-L2 E L2 origin + max

mode confusion
24 D-L2—Ext—S-M L2 origin + urgent
takeover

)

35  S-M—Ext—S-L2 Passive entry +

mode confusion

36 S-M—Ext—S-M Passive entry + ur-
gent takeover

47  S-L2—Ext—S-L2 Full L2/L3 cycling

48  S-L2—Ext—S-M

)

Passive, extended,
urgent takeover

Duration Driver State Takeover Characteristics
Brief Adjusting to Moderate crash rate (15%
(<5 min) automation; at 5 min); driver not yet
calibrating trust, fully disengaged
transitioning into
NDRTs
Moderate Adapted but Best takeover performance
(5- limited OOTL (0% crash rate at 15 min);
15 min) effects; stable mode confusion risk at
NDRT L3—L2 exits
engagement
Extended Progressive Highest crash rates
(>15min) OOTL: SA (23-31% at 45 min); deep
degradation, NDRT absorption
vigilance
decrement,

passive fatigue

Note. Crash rates from|Portron et al.|(2024).

2.3 Pattern icon

To support rapid pattern comparison, we developed a
Lego-block icon (Figure 2) encoding each pattern’s di-
mensions as interlocking blocks in a bird’s-eye lay-

Pattern 48 gglJ

bines the most demanding conditions: automatic L.2-
to-L3 upgrade, extended disengagement, then system-
initiated exit requiring immediate manual takeover. Pat-
tern 47 (S-L2 | Ext | S-L2) presents an-
other demanding mode confusion challenge: both tran-
sitions are system-initiated, vehicle behaviour is identi-
cal throughout, and the driver must shift from complete
disengagement to active monitoring with no distinguish-
ing cue.

E (S-L2 |Ext | S-M) com-
CX9)

3.2 HMI design implications

The taxonomy analysis yields three categories of design
principles for L3 communication systems.

Continuous mode awareness: L2 and L3 must be
continuously and unambiguously distinguishable with-
out active display checking. Because vehicle behaviour
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appears identical, ambient channels (e.g., distinct in-
terior lighting colours) can maintain peripheral mode
awareness, with audio and haptic channels reinforcing
transitions (Mirnig et al.,|2023). This is particularly im-
portant given that drivers engaged in NDRTs may be
inattentive to mode state.

Duration-adaptive communication: Communica-
tion strategy should adapt to engagement duration. Brief
patterns require clear mode confirmation at entry and
rapid re-orientation support at exit; moderate patterns
need advance preview for system-initiated exits; ex-
tended patterns require periodic minimal interaction to
prevent complete disengagement and progressive esca-
lation toward transitions (Politis et al.,[2015).

Transition management: All system-initiated tran-
sitions should provide maximum preview time with
graduated escalation. Transitions to L2 require clear
mode differentiation and monitoring reminders; urgent
manual takeovers require simultaneous activation of all
modalities at maximum intensity. Haptic cues (e.g.,
seat vibration) are critical for capturing attention from
NDRTSs, particularly after extended durations where
drivers may be deeply absorbed and visual and auditory
cues alone may be insufficient (Gold et al., [2016).

4. Discussion

The taxonomy situates each L3 transition within its sur-
rounding usage context—how the driver entered L3,
how long they have been disengaged, and what the exit
demands. This contextual perspective reveals that the
same exit event (e.g., system-initiated transition to man-
ual) creates fundamentally different challenges depend-
ing on whether it follows 3 minutes or 45 minutes of
disengagement, during which drivers may become pro-
gressively inattentive to the driving environment.

A practical implication is that L3 will function as
an incremental feature added to existing L1 and L2
platforms, implying frequent mode transitions as op-
erational boundaries shift. These transitions create re-
peated cycles of disengagement and re-engagement—a
pattern that conventional interfaces, designed for sus-
tained monitoring, do not address. The taxonomy pro-
vides a systematic basis for designing context-adaptive
interfaces that modulate communication intensity based
on the current usage pattern, delivering stronger in-
terventions for the most demanding patterns while
avoiding unnecessary interruption during lower-demand
episodes.

The framework does not capture all moderating
factors—NDRT type, individual differences, and envi-
ronmental conditions further shape driver state dynam-
ics. However, the factorial structure accommodates fu-
ture refinement through nested factors without requiring
changes to the core dimensions. Future work will use
this taxonomy to design and evaluate context-adaptive
communication solutions matched to pattern-specific
demands.

5. Conclusions

This phase-based taxonomy provides a systematic
framework for characterising how L3 driving automa-
tion will be used in contexts where drivers transition be-
tween manual, L1, L2, and L3 modes. The 2 x 2 x
3 x 2 x 2 factorial structure yields 48 usage patterns,
with duration as the primary determinant of human fac-
tors challenges and eight extended-duration, system-
initiated patterns presenting the greatest demands for
HMI design. The framework offers a structured basis
for designing interfaces that support drivers across the
full range of L3 usage contexts, addressing challenges
from mode confusion to the distraction and inattention
inherent in extended automation use.
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Abstract

Driver distraction persists despite decades of research, education, and enforcement. Traditional frameworks de-
fine distraction as attention diverted from driving by secondary activities; a framing that served manual driving
well. Vehicle automation, however, transforms what driving means and what distraction means. We argue distrac-
tion must be reconsidered as a joint property of driver, situation, and vehicle technology rather than an internal
driver state. This reconceptualization has three implications: (a) supervision requires nested situation awareness
of both environment and automation; (b) boundaries between primary and secondary tasks blur, invalidating tradi-
tional metrics such as the 2-second glance threshold; (c) inattention inadequately captures disengagement, which
reflects task perseveration and attention traps. This framework offers directions for research, design, and policy.

1. Introduction

As the biblical parable warns, “No one puts new wine
into old wineskins. For the old skins would burst from
the pressure, spilling the wine and ruining the skins”
(Matthew 9:17). This paper argues that applying tra-
ditional distraction frameworks to automated driving is
precisely this mistake—putting new wine in old bottles
that cannot contain the new reality.

For decades, driver distraction has been understood
through a clear definition: “the diversion of attention
away from activities critical for safe driving toward a
competing activity” (Lee et al., 2008). This framework
served manual driving research well, where the primary
task—controlling the vehicle—was unambiguous.

Vehicle automation transforms this landscape. With
SAE Level 2 partial automation, drivers shift from ac-
tive control to supervisory monitoring. With Level 3
conditional automation, drivers may legally disengage
entirely within the operational design domain. A single
trip may span multiple levels as conditions change, and
distraction takes on different meanings: behavior appro-
priate during Level 3 becomes dangerous during Level
2 and critical during manual control.

Despite decades of research, education, and en-
forcement, distraction persists. In 2023, distraction-
affected crashes claimed 3,275 lives in the United
States, representing 8% of all fatal crashes (NHTSA,
2024). This persistence suggests traditional
approaches—treating distraction as a driver problem—
may be insufficient.

We argue that distraction must be understood as a

joint property of driver, road situation, and vehicle tech-
nology rather than an internal driver state. Following
Hollnagel & Woods (1983), who argued that cognitive
systems engineering requires treating human-machine
as a joint cognitive system rather than separate interact-
ing components, we develop this argument by establish-
ing the conceptual framework, examining how automa-
tion blurs task boundaries, arguing that inattention inad-
equately captures disengagement, and reviewing statis-
tical methods for characterizing heterogeneous behav-
ior.

2. Reframing Distraction as a Joint Property

Traditional distraction research treats the driver as
the problem, assuming stable demands and driver-
controlled attention. This emphasis on attentional re-
sources (capacity limits) neglected attentional dynamics
(engaging and disengaging) (Lee, 2014). Vehicle au-
tomation demands reconsideration: technology affects
both resources (by freeing capacity) and dynamics (by
changing engagement patterns).

Automation changes the demand side. Bainbridge
(1983) identified the “ironies of automation”: by remov-
ing easy parts of a task, automation makes difficult parts
harder. Woods (1997) showed that “clumsy automation”
provides benefits during low-workload periods but im-
poses costs during high-workload moments. For driv-
ing, attentional demands are lowest when automation
performs well and highest when it fails—precisely when
drivers are least prepared.

Moreover, automation itself becomes a distraction
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source, introducing tasks absent in manual driving:
monitoring mode status, interpreting system messages,
and managing transitions. These supervisory tasks com-
pete for the same resources as traditional secondary ac-
tivities.

With SAE Level 2, supervision encompasses
awareness of both road environment and driving au-
tomation (Lee et al., 2026). This nested situation aware-
ness (Figure 1) changes where drivers look. Displays
convey mode information and environmental data; de-
tected vehicles appear on instrument panels. Under-
standing of the environment becomes mediated by un-
derstanding of automation’s perception.

Vehicle SA

Driver SA

\J

Decision

Figure 1: Nested situation awareness framework for supervis-
ing automated driving. The driver needs SA of both the envi-

ronment and the driving automation; the vehicle needs SA of

both the environment and the driver. Modified from Lee et al.
(2026).

Road demands must be considered alongside tech-
nology. Senders et al. (1967) characterized demands
by information density, which drivers sample intermit-
tently. ADAS features mitigate these demands; a wind-
ing road requires less attention with lane centering ac-
tive. Distraction thus depends on attention relative to
demands given automation capability.

Drivers bring trust and mental models, but technol-
ogy shapes these. Complex systems make accurate men-
tal models difficult. Overtrusting drivers allocate insuf-
ficient attention; undertrusting drivers allocate excess.
Calibration is difficult when automation varies unpre-
dictably.

3. Blurry Boundaries:
Tasks

Primary and Secondary

This joint framework requires reexamining traditional
boundaries. The distinction between primary and sec-
ondary tasks becomes ambiguous; activities once sec-
ondary (checking displays) can serve supervision. With
SAE Level 3, the primary task may have nothing to do
with driving. Distraction as diverted attention loses co-
herence when the primary task is absent.

The boundary between on-road and off-road

glances similarly dissolves. In manual driving, stud-
ies applied binary classification with metrics such
as percent road center. The AttenD algorithm ad-
vanced beyond binary classification by treating mir-
ror/speedometer glances as relevant only under one sec-
ond and tracking glance history through an attention
buffer (Kircher & Ahlstrém, 2009). Even this classifi-
cation becomes problematic when displays convey au-
tomation status.

With partial automation, drivers monitor status
through instrument clusters and screens. Glances to
these displays serve situation awareness, yet traditional
metrics classify them as off-road. Information once
available only through the windshield now appears on
displays. However, not all in-vehicle glances serve su-
pervision; troubleshooting infotainment produces dis-
tracting glances even at vehicle displays.

NHTSA’s Visual-Manual Guidelines (NHTSA,
2013) recommend limiting off-road glances to 2 sec-
onds. Automation changes this: Victor et al. (2018)
found that during reliable automation, all participants
exceeded 2-second off-path glances, with some reach-
ing 40 seconds. The question shifts from “How long
did the driver look away?” to “Did the driver maintain
sufficient awareness to intervene?”

4. Beyond Inattention:
gagement

Capturing Driver Disen-

Blurring task boundaries suggests traditional constructs
are inadequate. Inattention encompasses distraction, fa-
tigue, and other failures, but proves insufficient for char-
acterizing disengagement during automated driving.

Inattention implies a binary state: attending ad-
equately or not. Drivers are often disengaged with-
out secondary tasks; mind wandering is prevalent (Lee,
2014). Automation may exacerbate disengagement
by reducing moment-to-moment demands. Automated
driving demands nuanced calibration: neither over-
monitoring nor under-monitoring.

Disengagement encompasses multiple dimensions:
comprehension of automation status, anticipation of be-
havior, and preparation for intervention. A driver may
maintain visual attention yet fail to comprehend that au-
tomation is approaching limits.

Disengagement also reflects breakdowns in inter-
ruption management (Lee, 2014). Task perseveration
occurs when drivers fixate on completing secondary ac-
tivities. Three factors influence perseveration (Fox &
Hoffman, 2002): proximal closure, goal emergence, and
goal valence. With Level 2, perseveration conflicts with
constant takeover readiness.

Drivers employ distinct glance strategies (Lee et al.,
2015). With Level 2, fewer but longer glances prove
hazardous as takeover demands arise unpredictably. In-
dividual differences mean aggregate measures obscure
different risk profiles.

Three attention traps explain why drivers engage
in distracting activities (Lee, 2014): contingency traps
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(hazards difficult to perceive), consequence traps (re-
wards outweigh costs), and conditioning traps (incident-
free history creates habits). Automation deepens each
trap through extended incident-free operation and sanc-
tioned secondary activities.

A Jevons paradox compounds these dynamics
(Jevons, 1865). Just as efficiency gains in coal use led to
increased consumption, automation’s reduction of driv-
ing demands does not preserve attentional capacity—
drivers consume freed capacity through secondary tasks.
Automation efficiency paradoxically increases exposure
to the risks it was meant to reduce.

5. Statistical Approaches for Heterogeneous Behav-
ior

Reconceptualizing distraction has methodological im-

plications. Understanding automated driving behavior

requires methods capturing heterogeneity. Traditional

approaches assuming homogeneous behavior prove in-

adequate.

Quantile regression characterizes the entire con-
ditional distribution (DinparastDjadid et al., 2021).
Safety-critical information resides in distribution tails;
modest mean increases might dramatically increase ex-
treme glances. Two-part models address mixed discrete-
continuous outcomes (Lee et al., 2026), decomposing
glance behavior into occurrence (discrete) and duration
(continuous). Mixture models identify subpopulations
with distinct patterns (Lee et al., 2024); aggregate rela-
tionships may obscure opposite effects in subgroups.

Distributional assumptions also require attention.
Glance measures often violate normality, following
right-skewed distributions. Beta regression addresses
such distributions, and is particularly well-suited for
bounded proportion data such as on-road glance per-
centage (Lee et al., in press).

These methods, however, cannot compensate for
measures that no longer capture the intended construct.
Metrics designed for manual driving may not validly
assess attention when automation transforms what “at-
tending to driving” means.

6. Discussion

This analysis converges on a central insight: distraction
during automated driving cannot be addressed through
driver-focused interventions alone.

For research, traditional metrics require reconsid-
eration. Studies must assess whether manual driving
measures retain validity during automated driving. New
measures capturing supervision quality and intervention
readiness merit development.

For design, automation that communicates status
clearly may reduce disengagement more effectively than
warnings targeting driver behavior.

For policy, threshold-based approaches are compli-
cated when off-road glance meaning depends on au-
tomation mode. Performance-based approaches may

prove more valid than prescriptive rules.

7. Conclusions

Driver distraction has resisted solution for 50 years
partly because it is not solely a driver problem. Un-
derstanding distraction now requires recognizing it as
a joint property of driver capabilities, situational de-
mands, and vehicle technology.

This reconceptualization reveals three challenges.
Supervising automation creates nested situation aware-
ness requirements. Blurring task boundaries under-
mines classifications such as on-road versus off-road
glances. The multidimensional nature of disengagement
exceeds what “inattention” can capture.

Statistical methods offer tools for characterizing be-
havioral heterogeneity, but their value depends on mea-
suring the right constructs. Addressing distraction de-
mands both methodological sophistication and concep-
tual clarity about what distraction means when vehicles
increasingly drive themselves.
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Euro NCAP is developing its 2029 assessment framework for Driver Monitoring, building on the 2026 approach. The
new framework aims to move beyond a mainly binary interpretation of visual distraction and towards a more context-
aware representation of driver inattention risk. A key objective is to encourage a more meaningful use of Driver State
Link, allowing vehicle warning and intervention strategies to better reflect the condition of the driver, while ensuring

robust behaviour whenever driver state cannot be determined reliably. To support this evolution, Euro NCAP is
exploring a three-pillar assessment methodology based on Spot Checks, On-road Evaluation and Synthetic Data.
Together, these methods aim to improve repeatability, real-world relevance and coverage of Driver Monitoring
performance. The overall goal is to promote vehicle systems that support the driver effectively when support is needed,
while avoiding unnecessary or poorly timed interventions that may undermine driver acceptance.

1. Introduction

Since the introduction of Driver State Monitoring
assessment in 2023 as part of the 5-star rating, Euro NCAP
has evaluated to date hundreds of vehicles equipped with
systems able to detect and respond to a variety of driver states
associated with risk, in particular distraction, drowsiness,
(micro)sleep and unresponsiveness. In 2026, a new rating
system was introduced along with updated requirements
across passive and active safety areas. The 2026 assessment
for Driver Monitoring evolved to raise the bar in terms of
detection accuracy while preserving driver acceptance, and to
maximize the life-saving potential of these systems,
particularly by linking the sensitivity of ADAS with the state
of the driver.

This paper covers the work currently being developed
by Euro NCAP towards defining the 2029 assessment of
Driver Monitoring. Built upon the 2026 foundation, the
framework primarily focuses on achieving the correct balance
between effective driver support and driver acceptance, while
ensuring a robust and inclusive driver state detection
performance with a three-pillar assessment methodology. It
is important to note that the concepts described here are work
in progress, hence subject to change before the final
implementation effective in 2029.

2. Criteria

2.1 Driver Monitoring within the new Euro NCAP
Rating Scheme

Within the 2026 Euro NCAP rating scheme, Driver
Monitoring sits under Driver Engagement in the Safe Driving
stage. The Driver Monitoring assessment is structured around
two groups of driver states: transient states such as distraction,
and non-transient states such as impairment. This overall
structure will be retained for 2029. However, the underlying
framework is expected to evolve in order to better reflect how
driver attention, driver understanding and external driving
context interact in real traffic.

2.2 Driver State Link

The triggering conditions for active safety functions
such as Autonomous Emergency Braking (AEB) have
traditionally been developed with the assumption that the
driver is out of the loop, for example visually unaware of a
conflict ahead or impaired. While this approach is
understandable from a safety point of view, it may also result
in warnings and interventions that are unnecessarily early for
an attentive and non-impaired driver, therefore compromising
the difficult balance between crash avoidance potential and
driver acceptance (Ljung Aust, 2023). The fitment of Driver
Monitoring systems creates the opportunity to incorporate the
state of the driver into the warning and intervention
sensitivity of active safety functions, contributing to a more
appropriate response strategy. In Euro NCAP, this concept is
referred to as Driver State Link (DSL).

Euro NCAP started promoting DSL from 2026, with
score incentives both directly via the Driver Monitoring
protocol and indirectly via the Crash Avoidance protocol. For
2029, Euro NCAP aims to go a step further by encouraging
active safety functions to warn strictly when necessary,
allowing suppression or delay of interventions in selected
non-time-critical situations where the driver is deemed to be
aware of the conflict ahead, while also incentivizing more
effective interventions in severe impairment cases. In simple
terms, the long-term objective is that the vehicle should only
warn and intervene when the driver actually needs it.

2.3 Driver inattention

The transient driver states as part of the 2026 driver
monitoring protocol are presented as a binary visual condition
through which the driver is either looking at the forward
roadway, or glancing off the road towards one of the specified
gaze locations. Although this basic representation of visual
attention does not present an issue for off-road glances, the
“eyes on the road” state does not necessarily mean that the
driver is visually aware of the conflict ahead, either due to
cognitive distraction or simply due to the “looked but failed
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to see” or “failed to look properly” cases (Department for
Transport, 2014).

For that reason, the 2029 assessment aims to redefine
driver inattention by also covering, at least partially, cases in
which the driver is looking towards the forward roadway but
is not aware of a conflict developing outside his or her
effective visual scope. The first intention is not to solve every
possible case, but to identify opportunities in simple and
straightforward conflicts. One example would be a driver
who is visually focused on following a lead vehicle but is not

scanning a crossing pedestrian approaching from the nearside.

Similar thinking is also relevant for Lane Support Systems,
where visual attention and vehicle control cues may support
suppression of unnecessary interventions, provided the driver
is not impaired and is effectively managing the situation.

In this sense, the proposed framework moves beyond
a purely binary distraction model and towards a more
dynamic representation of risk that brings together driver
visual attention and external events. This direction is also
aligned with wider work in the field arguing for a broader
attention-centric approach, where the question is not simply
whether the driver is looking forward, but whether the driver
is paying sufficient attention for the current situation and is
ready to respond appropriately (Reimer, 2024).

The goal is therefore twofold: to ensure driver support
when needed, and to avoid it when irrelevant.

Figure 1. Driver attention zone map concept for a
potential conflict ahead (illustrative only).

Table 1 Zone definition and warning/intervention policy

Zones Intervention Warning
Delay/suppression (e.g., N/A
FCW 1.2s instead of 1.7s)
Contextual to support
Driving/ driver (e.g., unintentional N/A
Monitoring  lane change, crossing
pedestrian not scanned)
Eyes OFF Timely to support visually N/A
conflict distracted driver
Lockout of assisted
features after repeated VATS

behaviour (e.g., ACC+LC)

2.4 Driver Monitoring accuracy and failsafe strategies

Although the benefits of DSL are evident, it is
important to acknowledge that Driver Monitoring Systems
are not all built to the same standard, and even state-of-the-
art implementations remain subject to detection inaccuracy or
system failure. In the worst case, this can lead to false
negatives. For that reason, it is fundamental to define clear
vehicle-response policies for situations where the driver state
cannot be fully determined, for example where only head
pose can be estimated, or where the system is unavailable
altogether, for example due to sensor blockage. In such cases,
the fallback strategy should ensure that the vehicle responds
as if no Driver Monitoring information were available, in
other words: do what you would do without DMS.

Regarding DMS performance, Euro NCAP introduced
from 2026 a prerequisite linked to minimum Driver
Monitoring performance in order for OEMs to benefit from
the DSL concept. For 2029, the methodology is expected to
evolve further so that the prerequisite is based more directly
on minimum DMS accuracy rather than on the resulting
Driver Monitoring score.

3. Assessment

For 2029, Euro NCAP aims to introduce an
assessment methodology for Driver Monitoring that is built
around three main pillars: Spot Checks, On-road Evaluation
and Synthetic Data.

3.1 Spot Checks

Spot Checks on proving grounds have been the main
verification method for the Euro NCAP DMS assessment
since 2023. In an environmentally controlled setting, a test
subject drives the assessed vehicle and executes a set of
scripted behaviours to replicate selected transient and non-
transient cases. Vehicle warning and intervention
performance are then measured against the acceptance
criteria. The main benefit of Spot Checks is repeatability and
reproducibility in a low-risk setting. The main limitation is
that, due to the resources involved, only a small number of
cases can be checked, resulting in limited coverage of the full
DMS performance envelope.

3.2 On-road Evaluation

From 2026, every vehicle assessed by Euro NCAP
undergoes a naturalistic drive on public roads as part of the
On-road Evaluation. The main purpose is to understand
whether active safety technologies are fit for purpose in actual
driving conditions, particularly from a driver acceptance
perspective. Although the only element directly being
assessed during the On-road Evaluation from 2026 to 2028 is
the accuracy of SLIF (Speed Limit Information Function),
Euro NCAP aims to extend the role of On-road Evaluation
for other functions e.g. ACC, DMS, LSS. In the context of in-
cabin functions, distraction warnings and associated
interventions present a practical case to identify false
positives during drive sessions, for example where the driver
is confirmed by a ground-truth system to be looking at the
forward roadway but a distraction warning is still triggered.
This method can provide valuable insight into whether a
DMS has been designed only to pass true positive cases, or
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whether it has been developed with a genuinely human-
centric approach.

3.3 Synthetic data

Simulation is a key pillar in the development and
validation of engineered products, and synthetic data has
shown potential to support the training and evaluation of
machine-learning-based DMS. Euro NCAP has initiated a
proof of concept to investigate whether synthetic data can
also contribute to assessment. The objective is to expand
verification coverage across demographic and noise-factor
combinations that are difficult to capture efficiently through
physical testing alone, therefore complementing Spot Checks
rather than replacing them.

4. Discussion and conclusions

Before adopting the proposed criteria and assessment
methodologies for future DMS assessments, close
collaboration and technical alignment with industry will be
fundamental to ensure that the expected societal benefits are
realistically achievable in production vehicles. Multiple
iterations are expected as the framework develops.

Overall, the 2029 direction presented here aims to
move Driver Monitoring assessment beyond a mainly binary
interpretation of visual distraction and towards a more
context-aware framework for mitigating driver inattention
risks. The proposal combines three main ideas: a broader
interpretation of driver inattention, a more meaningful and
safe use of Driver State Link, and a three-pillar assessment
approach intended to improve both robustness and coverage.
The overarching goal remains the same: to encourage fitment
of active safety systems that support the driver effectively
when support is needed, while avoiding unnecessary or
poorly timed interventions that undermine driver acceptance.
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Abstract: Drivers’ gaze is guided by an interaction between endogenous attention and exogenous environmental
saliences. Disruptions may indicate inadequate attention allocation and increased safety risk. Yet, defining expected gaze
remains challenging due to contextual complexity and strong inter-individual variability. We present a self-supervised
framework for detecting gaze abnormalities using eye-tracking data collected in a driving simulator. Gaze is encoded
using a contrastive learning objective that distinguishes gaze patterns during free lane driving from disrupted patterns
by a hazardous jaywalking pedestrian. The framework explicitly models inter-individual variability by learning
participant-specific representations from diverse gaze. By mapping gaze sequences into a gaze embedding space, the
framework categorises patterns as expected or deviated without extensive labelling. The methodology tests the feasibility
of adaptive gaze modelling, laying the groundwork for human-centred driver monitoring systems capable of identifying
critical visual attention shifts with greater sensitivity than traditional models.

1. Introduction

Drivers' visual scanning patterns are a product of the
interaction between endogenous modulations of attention
and exogenous saliences from the external environment
(Carrasco, 2011; Trick & Enns, 2009). Studies on visual
attention have suggested that because environmental context
and specific task demands largely dictate expected visual
activity, gaze remains highly situational (Hayhoe & Ballard,
2009). In that sense, several studies have sought to identify
general characteristics that constitute drivers’ expected
visual scanning patterns across a wide range of driving
scenarios (see e.g., Salvucci & Liu, 2002; Tijerina et al.,
2005; Lenné, 2024; Wilkie et al., 2010, Itkonen et al., 2015).
Despite potential context and individual-driven variations,
saliency map models suggest that a situation’s unique visual
demands and expected patterns can be effectively modelled
and predicted (Borji & Itti, 2013).

Inconsistencies between scenario demands and
observed gaze patterns provide a potential measurement for
driver monitoring systems to estimate a driver's state.
Disruptions to these expected patterns can generally be
attributed to endogenous modulations driven by the driver’s
state or changes in external (exogenous) environmental
saliences, diverting drivers’ visual attention away from
task-related demands. For instance, alcohol intoxication is
linked to higher gaze entropy (Shiferaw et al., 2019b). As
for exogenous disruptions, an information-dense user
interface increases drivers’ dwell time away from the road
centre (Gongalves et al., 2022). However, defining a
universal expectation of gaze patterns is extremely complex,
as it is heavily influenced by both environmental context
and individual participant variability (Goodridge et al.,
2024).

Gaze patterns reflecting attentional behaviour can be
effectively captured using mathematical models, with neural
networks offering significantly higher scalability for
complex datasets. Although various modelling approaches
have been attempted to quantify these patterns (Shiferaw et
al., 2019a, Pardo et al., 2025; Gongalves et al., 2019;
Underwood et al, 2003), neural networks have
demonstrated high accuracy in generating gaze predictions
(Helwan et al., 2022; Ngo and Manjunath, 2017).

Self-supervised neural networks can learn spatial and
temporal structures directly from raw gaze pattern
time-series, without prior feature engineering (Pathirana et
al., 2022). Building on this, anomaly detection defines
probabilistic deviations from expected gaze (Johari et al.,
2025). We can define an abnormality as a deviation in gaze
under specific spatio-temporal conditions, relative to prior
observations from the same or similar drivers (Phan et al.,
2025). Assuming training data adequately represents the
variation space for a given task/context, detected
abnormalities can be causally attributed to disruptions in
driver state or the presence of saliencies.

Despite the framework's theoretical plausibility, the
hypothesis lacks empirical supporting evidence. A
validation study needs to be conducted, where the capability
of the machine learning tool to detect evident abnormalities
in experimentally controlled comparable situations is used
as a benchmark for the theoretical validity of the construct.
In this work, we investigate the following research question:
How do expected and deviated gaze patterns manifest across
different drivers when exposed to exogenous disruptions?

2. Method

To address the research question, we will develop a
self-supervised gaze abnormality detection algorithm using
driving simulator experimental data. The study is assessing
whether the observed abnormalities are caused by the
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presence of hazardous situations (characterised by a
jaywalking pedestrian) when compared to the baseline data
(free lane).

Our methodology converts time-series gaze data into
a quantifiable metric of gaze abnormality. We base this
approach on the principle that driving context dictates a
baseline of expected visual behaviour. When a hazard enters
the environment, it draws the driver’s attention away from
the baseline, generating a potential abnormality. Data is fed
into a self-supervised model to learn a compact
representation of the driver’s natural scanning patterns. By
utilising a contrastive learning objective (see Hjelm et al.,
2019; Khosla et al., 2020; Chen et al., 2020), the framework
learns to distinguish between these normative patterns and
the disrupted patterns caused by jaywalking pedestrians.

2.1 Dataset

The scenarios are extracted from a motion-based,
high-fidelity driving simulator experiment (see Lee et al.,
2024). The experiment consists of 44 participants (24 males
and 20 females), aged between 25 and 63 years (M = 40.23,
SD = 11.19). The eye-tracking system we are using for this
study is Tobii Glasses 3 at 50 Hz.

The experiment simulated an urban UK scenario in
which drivers drove a vehicle at 30 miles per hour on a
straight, unobstructed road. The dataset is divided into two
types of road segments, each lasting approximately 8
seconds (~100 m), designed for this analysis. The first type
consists of baseline segments representing free lane driving
in a sparse road environment, with no leading vehicles or
hazards present. These segments serve as reference blocks
for characterising normal gaze. Each participant experienced
seven baseline segments. The second type consists of a
hazardous event segment of similar length, in which a
pedestrian suddenly initiates a jaywalking manoeuvre by
entering the roadway without prior signalling or waiting
behaviour. This event segment is used to examine deviations
from expected gaze. Two event types are included: a left
pedestrian crossing from a side alley at 0.75 m/s (TTC =2 s)
and a right pedestrian crossing at 1.5 m/s (TTC = 4 s).

2.2 Modelling

In order to capture the nuances of driver attention,
the data labelling process transforms raw gaze coordinates
into spatio-temporal sequences, designed for the neural
networks to extract multi-scale features. This strategy
implements a dual-track temporal granularity: global
sequences, which encompass the entirety of a segment to
model macroscopic gaze dispersion, and local sequences,
which are derived from velocity-based ocular event parsing
(e.g., saccades and gaze fixations; Salvucci & Goldberg,
2000). By labelling data at these different scales, the model
can simultaneously learn high-level behavioural trends and
the fine-grained characteristics of gaze.

The representation component follows the
self-supervised learning framework to model gaze time
series and learn meaningful spatio-temporal representations
directly from unlabeled gaze data. By using different types
of time-series anomaly detection models (Darban et al.,
2024), the framework transforms these sequences into

informative spatio-temporal embeddings (Karessli et al.,
2017), which function as vector representations synthesised
from either raw gaze samples, detected ocular events, and
spatial dispersion.

Our novel contrastive component extends
reconstruction learning and operates as a model-agnostic
approach. It enables time-series representation models to
statistically identify the largest separation between expected
and deviated groups (whose distributions align with gaze
abnormality theory) in the gaze embedding space by
generating multiple binary partitioning iterations that
capture different semantic properties of gaze. Each iteration
comes with a reconstruction score that acts as a proxy for
interpreting deviated patterns.
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Fig 1. Model's architecture.
2.3 Validation

The model validation will be conducted as follows:
For each participant, the segments will be divided into two
groups. The control group, as a subset of five out of the
seven baseline segments, and the experimental group,
including the two hazardous event segments, together with
the remaining two baseline segments. All possible
combinations of training and evaluation sets will be
generated. Discrepancy scores will be computed for each
evaluation set, and the evaluation sets will be ranked by
these scores. The top pairs of segments with the highest
discrepancy scores for each group are isolated for a
comparative analysis.

For the experimental group, hazardous event
segments are expected to appear among these top pairs,
whereas for the control group, discrepancy scores are
expected to remain low. Finally, inter-driver pattern analysis
will be performed by comparing evaluation pairs across
drivers. The effectiveness of the models will be validated by
calculating the percentage of cases correctly labelled (i.e.,
hazardous events as “deviated patterns”). A statistical test
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will be applied to estimate differences between expected and
deviated patterns.

3. Conclusions

This work presents a framework for investigating
gaze abnormality as a marker of exogenous disruptions in
visual attention during manual driving. Using a
self-supervised, contrastive learning architecture, we will
assess gaze deviations in driving simulation data. A key
expected contribution is a gaze abnormality algorithm that
models visual deviations conditioned on hazard disruption
labels. The framework lays the groundwork for applications
in participant-specific driver monitoring systems. The data is
currently being analysed. The expected results will assess
the validity of the proposed framework and provide an
understanding of how deviations in gaze patterns can inform
the development of next-generation active safety tools.
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Abstract: Camera-based driver-monitoring systems (DMS) are increasingly proposed for detecting alcohol-related
impairment, even though the behavioural metrics they rely on are influenced not only by alcohol but also by other
factors such as sleepiness. As a consequence, DMS tend to perform better on the (sedative) descending than the
(stimulant) ascending limb of the BAC curve. The present study aims to disentangle the contributions of BAC,
sleepiness, and intoxication phase to ocular behaviour. Seventy-six drivers completed test-track drives at varying
intoxication and sleepiness levels across ascending and descending BAC phases. Ocular metrics were extracted from
in-vehicle cameras. Mixed-effects models assessed the effects of BAC, subjective sleepiness, and BAC phase. A
matched-pair analysis (BAC-matched and BAC + KSS-matched) quantified phase-dependent differences using Cliff’s
delta. The results show that many ocular features, especially blink duration, fixation duration, PERCLOS, and saccadic
velocity, varied with both BAC and sleepiness. Our findings indicate that the asymmetry between ascending and
descending phases in ocular behaviour is largely explained by increased sleepiness on the descending limb. This pattern
reflects alcohol’s sedative action during elimination, which elevates sleepiness and thereby affects the ocular metrics that
DMS rely on. Thus, the phase differences do not reflect a direct oculomotor effect of BAC trajectory, but an indirect
effect mediated through sleepiness. For safety applications, observable impairment rather than BAC may still be the
most appropriate detection target, reinforcing the need for continuous real-time DMS.

1. Introduction

There 1is increasing interest in extending the
capabilities of driver-monitoring systems (DMS) beyond
their original focus on detecting sleepiness and distraction by
using the same camera-based sensors to identify
alcohol-related impairment. Camera-based features reflect
behavioural changes rather than blood alcohol concentration
(BAC) directly, meaning their specificity to alcohol (versus
sleepiness or distraction) is limited without additional data,
and moreover, their ability to detect impairment tends to be
strongest at higher alcohol levels (Ahlstrom et al., 2025;
Keshtkaran et al., 2024; Prendez et al., 2024).

Evidence from controlled simulator studies shows that
DMS-derived ocular indicators are more sensitive during the
descending limb of the BAC curve than during the ascending
limb, meaning that observable impairment appears greater

even when BAC levels are comparable (Shiferaw et al., 2025).

However, a systematic review by Holland and Ferner (2017)
demonstrated the opposite pattern for subjective intoxication:
at identical BAC, people report feeling less intoxicated (29 %
lower) and show a markedly increased willingness to drive
(207 % higher) on the descending limb, despite substantially
worse objective performance (96 % deterioration) and
impaired inhibitory control (30 % worse). This asymmetry
between subjective and objective impairment is a hallmark of
the Mellanby effect (Mellanby, 1919), in which subjective
impairment is greater on the ascending limb even though
behavioural impairment may persist or intensify on the
descending limb.

Physiological and behavioural indicators also follow
phase-dependent trajectories. Eye-movement studies reveal
diverse patterns: gaze-entropy measures remain impaired

during both ascending and descending phases, fixation
metrics show primarily ascending-phase impairment, and
saccadic latencies follow biphasic dynamics reflecting early
stimulant and later sedative pharmacological effects (Jéntti et
al., 2004; Shiferaw et al., 2019).

Prior research has also shown that sleepiness is
typically higher on the descending limb, even when BAC
levels are matched (Shiferaw et al., 2025). Because sleepiness
influences many of the same ocular indicators used for
alcohol detection, the two states may confound one another
unless explicitly disentangled. The objective of this study is
to examine how different ocular features vary with BAC and
sleepiness. Using mixed-effects regression and matched-pair
methods designed to isolate phase-dependent effects, we
evaluate the relative contributions of BAC, sleepiness, and
BAC trajectory phase to ocular behaviour. The study seeks to
answer the following questions:

1. Which ocular features vary systematically with BAC?
2. Which features vary with subjective sleepiness, as
measured by the Karolinska Sleepiness Scale (KSS)?

3. Do ocular features differ in ascending and descending
alcohol phases at comparable BAC levels, and to what
extent are these differences attributable to sleepiness?

2. Method

Data were collected in a controlled test-track study
designed to capture ocular behaviour across a wide range of
BAC values, subjective sleepiness levels, and both ascending
and descending phases of alcohol intoxication. Seventy-six
licensed drivers participated. Four experimental schedules
were used to systematically vary intoxication trajectories and
time of day. Two daytime groups drove while alert, whereas
two night-time groups completed drives where sleep pressure
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Table 1. Mixed-effects regression results for all ocular features. Directions of change are based on relevant main-effect
terms, with significance stars showing Bonferroni adjusted p values (p < .05 = * p <.01 = ** p <.001 = ***). Phase
effects represent differences between ascending and descending BAC trajectories, accompanied by their corresponding
phase coefficients in models without (M0) and with (M1) KSS adjustment, as well as the percentage attenuation of the

phase effect after sleepiness adjustment.

Feature BAC  KSS Phase Phase MO  Phase M1 Attenuation
effect effect effect coefficient coefficient
Blink Duration (ms)  7%** T THEE - 0.502%**  0.347* 30.9%
Eyelid Opening Speed (m/s) | *** l LFEx -0.365%%*%  -0.542%** -48.4%
Saccade Frequency (/min) | *** 1* LF*¥F 0 .0.780%**  -0.514 34.1%
Eyelid Closing Speed (m/s) | *** 1 LF*E 0 .0.104***  0.095 9.1%
PERCLOS (%) 1*** 1* PEREEQ.772%*%* 0.520 32.6%
GTE (bits) [*** l L¥F* 0 -0.741%*%*  -1.100* -48.4%
Saccade Mean Velocity (°/min) | *** l LFFE-0.139%**  0.005 96.2%
Saccade Peak Velocity (°/min) | *** l LFFE.0.165%**  -0.142 14.0%
Blink Frequency (/min) 1 i 1Ak 0.368** 0.374 -1.8%
PRC (%) 1 1 PHEE* - (.185%**  (0.338%* -83.2%
SGE (bits) | 1* L¥F* 0 -0.470%*%*%  -0.623 -32.6%
SampEn (nats) 1 1* 1x* 0.162%* 0.590* -264.9%
Saccade Amplitude (°) | *** 1 LF*¥F 0 .0.201%**  -0.004 98.1%
Eyelid Closing Amplitude (cm) 1* 1H* PHREE - 0.109%*%*  0.550%** -411.8%
Fixation Duration (ms) 1*** 1* THEX - (0.453%**  0.647* -42.9%
Eyelid Opening Amplitude (cm) 1 1* 1x* 0.077** 0.489%** -536.0%
Time Lag (s) 1 1 1 0.109 1.362 -1149.6%
Main Sequence Slope (°s/m) 1 T T 0.025 0.137 -440.2%
increased naturally. Depending on group allocation, repeated measures and inter-individual variability. These

participants completed between three and six driving sessions
with target BAC levels between 0 and 1.2%o, ensuring
coverage of both increasing and decreasing alcohol
concentrations. More information about the protocol can be
found in Ahlstrom et al. (2025).

Before each session, BAC was measured using a
calibrated breathalyser, and participants rated their sleepiness
using the nine-point Karolinska Sleepiness Scale (KSS).
Additional KSS ratings were provided every fifth minute
during each approximately 25-minute drive. Eye-tracking
data were derived at 60 Hz using a three-camera Smart Eye
Pro 13.0.0 system. This protocol produced repeated measures
spanning different levels of intoxication, alertness, and
alcohol-trajectory phase, enabling analysis of BAC effects,
sleepiness effects, and ascending—descending differences in
ocular features.

Eighteen ocular features were extracted for each non-
over-lapping 5-minute analysis window, matching the
temporal resolution of the KSS ratings collected during the
drives: Blink Duration (ms), Eyelid Closing Amplitude (cm),
Eyelid Opening Amplitude (cm), eyelid Closing Speed (m/s),
Eyelid Opening Speed (m/s), Fixation Duration (ms),
Saccade Amplitude (°), Saccade Mean Velocity (°/min),
Saccade Peak Velocity (°/min), Blink Frequency (/min),
PERCLOS (%), Saccade Frequency (/min), Main Sequence
Slope (°s/m), Percent Road Centre (PRC, %), Stationary Gaze
Entropy (SGE, bits), Gaze Transition Entropy (GTE, bits),
Sample Entropy (SampEn, nats), and Time Lag (s).

For each feature, two mixed-effects regression models
were fitted: MO with BAC % phase and M1 with BAC x phase
plus KSS and their interactions. Spline bases with two
degrees of freedom captured non-linear effects of BAC.
Participant was included as a random effect to account for

models provided estimates of whether each feature was
associated with alcohol intoxication, sleepiness, or both. The
extent to which the phase effect was attributable to KSS was
quantified as (Jphasemo| — [phasewm:|)/|phasemo|.

To examine differences between ascending and
descending BAC levels, within-participant matched-pair
analyses were conducted using a tolerance of [ABAC| < 0.2%o.
A secondary, stricter matching additionally required
|AKSS| <1 to control for differences in subjective sleepiness.
Differences between matched pairs were quantified using
Cliff’s delta.

3. Results

Mixed-effects regression revealed consistent main
effects of BAC, KSS, and phase (ascending vs. descending)
on multiple ocular features (Table 1). Higher BAC was
associated with longer blink durations, slower eyelid
movements, and reduced saccade amplitude and velocity.
These associations were robust across both MO and M1,
indicating a direct effect of alcohol on oculomotor behaviour.
Sleepiness also showed strong main and/or interaction effects,
including on blink duration, fixation duration, PERCLOS,
and saccade dynamics, reflecting substantial overlap between
alcohol- and sleep-related influences.

Phase differences were apparent across several
features in M0, with many measures differing systematically
between descending and ascending limbs at the same BAC.
However, many of these effects attenuated when subjective
sleepiness was included in M1, indicating that part of the
observed phase gap reflects sleepiness rather than alcohol
alone.

The matched-pair analysis quantified ascending—
descending differences at comparable BAC (Table 2). Large

2

123



Table 2. Cliff’s delta effect sizes quantifying differences between ascending and descending BAC phases, when matching

observations by BAC only versus both BAC & KSS. Positive values indicate higher feature values on the descending limb.
Significance stars correspond to Bonferroni adjusted p values (p < .05 = * p <.01 = ** p <.001 = ***). The rightmost
column reports the difference between effect sizes, indicating the extent to which sleepiness contributes to the observed

differences.
Feature dpac Npac dBAC&KsS Npacaxss |0BAcaKss|-[OBAC|
Blink Duration (ms)  0.766%** 111 0.585%** 53 -0.181
Eyelid Opening Speed (m/s) -0.568%** 111 -0.472% 53 -0.096
Saccade Frequency (/min) -0.517%*** 120 -0.236 55 -0.280
Eyelid Closing Speed (m/s)  -0.495%** 111 -0.321 53 -0.175
PERCLOS (%)  0.473%%** 110 0.308 52 -0.165
GTE (bits) -0.418%** 110 -0.255 51 -0.163
Saccade Mean Velocity (°/min)  -0.417%** 120 -0.164 55 -0.253
Saccade Peak Velocity (°/min)  -0.400%*** 120 -0.164 55 -0.236
Blink Frequency (/min)  0.369** 111 0.509** 53 0.140
PRC (%)  0.351** 111 0.154 52 -0.198
SGE (bits)  -0.351** 111 -0.154 52 -0.198
SampEn (nats)  0.333%%* 120 0.236 55 -0.097
Saccade Amplitude (°)  -0.333** 120 -0.164 55 -0.170
Eyelid Closing Amplitude (cm) 0.297* 111 0.434* 53 0.137
Fixation Duration (ms) 0.233 120 0.127 55 -0.106
Eyelid Opening Amplitude (cm) 0.225 111 0.283 53 0.058
Time Lag (s) 0.065 107 0.200 50 0.135
Main Sequence Slope (°s/m) 0.033 120 -0.018 55 -0.015
Sgac = 0.77 | Spacskss = 0.58 Sgac = -0.57 | dpacskss = -0.47 Sgac = -0.52 | dpacskss = -0.24
250 0.13 120
0.12 100
200 0.11 _
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Fig. 1. Split violin plots of the three features with largest effect size for BAC-matched pairs in ascending versus
descending limbs. Filled distributions are from the pairs matched only on BAC. The outlines are from the pairs that are

matched on BAC & KSS. Effect sizes are reported in the titles.

phase differences were observed for several features when
matching on BAC alone. Phase effects generally weakened
when controlling for sleepiness. For example, Saccade
Frequency decreased from 6gac =-0.517 to dpaceaxss =-0.236.
Across features, both alcohol and sleepiness contributed to
ascending—descending differences, albeit to varying degrees.

Fig. 1 shows distributions for the three features with
the largest effect sizes between ascending and descending
phases when matching observations on BAC only (filled
distributions) versus BAC and KSS (outlined distributions).
With BAC-only matching, blink durations were longer,
opening speeds slower, and saccades less frequent on the
descending phase. After controlling for KSS, the ascending

and descending distributions became more similar, consistent
with the attenuations observed in Table 2.

4. Limitations

Several limitations should be considered when
interpreting the present findings. First, although the study
design included both daytime and night-time driving sessions,
sleepiness and circadian timing were not experimentally
controlled, making it difficult to fully disentangle
sleep-pressure effects from descending-phase alcohol effects.
Second, sleepiness increased not only as a function of time of
day but also within each drive, meaning that time-on-task
may have contributed to some of the phase-related
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differences. Third, although BAC matching (JABAC| <0.2%0)
reduced confounding, this tolerance may be too wide
(especially at low BAC levels), introducing residual
mismatch in impairment states. Finally, the study was
conducted on a closed test track, and the ecological validity
of the findings may be limited compared with real-world
driving environments with more complex cognitive and
situational demands.

5. Conclusions

Our findings indicate that the asymmetry between
ascending and descending phases in ocular behaviour can be
largely explained by increased sleepiness on the descending
limb, rather than by a reversal in alcohol-related impairment.
This interpretation is consistent with earlier work showing
that subjective sleepiness is higher on the descending limb
even when BAC is matched (Shiferaw et al., 2025) and
reflects the known sedative effect of alcohol during the
elimination phase (Holland & Ferner, 2017).

For DMS applications, these results suggest that
observable behavioural impairment—rather than BAC—is
the appropriate detection target, as the same BAC may
correspond to very different functional states depending on
sleep pressure and intoxication phase. Consequently,
continuous, real-time monitoring of behavioural indicators is
essential for accurate assessment of driver fitness,
irrespective of the underlying cause of impairment.
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Abstract: This research was a master’s thesis that investigated and developed a real-time driver drowsiness detection
model based on steering behaviour in heavy commercial vehicles. A derived metric of steering, steering reversal rate (SRR),
was analysed to examine the correlation between driver’s steering behaviour and drowsiness, measured using the
Karolinska Sleepiness Scale (KSS). It was first established that the highest correlation between KSS and micro-reversals
was at a gap size 3° and with that of macro-reversals was at gap size 6°. Although both micro- and macro- reversals showed
good correlation with drowsiness, only micro-reversals were used for model development because they exhibited a more
pronounced change with increasing drowsiness and demonstrated a stronger correlation with KSS. This model defined a
dynamic baseline for each driver based on their individual micro-reversal rate and any decline from this baseline was
considered indicative of drowsiness, at speeds greater 65kmph (Council Regulation (EU), 2021/1341, 2021). This
personalised model yielded a sensitivity of 58.8% and a false warning percentage of 2.5% while a generic model when
applied to all drivers yielded a higher sensitivity of 72.1% but also a higher false warning percentage of 37.5%. (Sensitivity
measured according to Council Regulation (EU), 2021/1341, 2021).

1. Introduction

Steering behavior has demonstrated considerable
potential as an indicator of driver drowsiness (e.g., Altmiiller,
2007, Gastaldi, et al., 2014, Thiffault, et al., 2003, Wang et
al.,2016 & Zhang et al., 2016), as subtle variations in steering
input reflect fluctuations in driver alertness. The steering
behavior can be assessed in different ways and one of the
more common ways is to analyze the derived steering metric
called the steering reversal rate (SRR). SRR is defined as the
number of changes in steering direction, per minute, between
1° to 10° angle, referred to as the gap size (Markkula &
Engstrom, 2006).

Two of the prior studies (Altmiiller, 2007 & Zhang et
al., 2016) that have used steering reversal rate to investigate
the correlation with driver drowsiness find an optimal gap
size to be used for calculating steering reversals to conduct
the analysis. However, Altmiiller, (2007) arrives at the
optimal value of gap size 6° with reference to PERCLOS*
and video rating fatigue references, in a simulated
environment and Zhang et al., (2016) arrives at the same
value with reference to KSS but conducting an on-road
experiment with 36 taxi drivers using the same passenger car.
There is no previous literature to generalize this behavior
across different vehicle segments and no optimal gap size
identified separately for smaller and larger steering reversals
to study driver drowsiness. Although Markkula & Engstrom,
2006 establish that 3° is the best gap size while measuring
visual load component while performing secondary tasks,
they do not include drowsiness in their analysis.

The study we conducted, however, was able to
optimize the correlation with KSS across different gap sizes
and identify that for micro-reversals, 3° is the most sensitive
gap size and also corroborate the finding of Zhang et al. (2016)
that 6° for large steering reversals is the most sensitive gap
size with reference to KSS, even in commercial vehicles.

Also, it was observed that the micro-reversals show a stronger
correlation to KSS compared to that of macro-reversals.

Both micro- and macro-reversals derived at these gap
sizes were further analyzed and used to develop a
personalized model to detect a drowsy driver.

2. Method

2.1 Test preparation and data extraction

The log data used in this analysis were collected from
drowsy driver tests conducted on heavy duty commercial
vehicles in 2022 on a 5-kilometer-long ovular test track
designed to replicate motorway driving conditions, as per the
test methods outlined in Council Regulation (EU), 2021/1341,
2021.

The dataset comprised of 40 test drives conducted by
25 drivers, with no more than two test runs per individual. Of
the 25 drivers, 20 were male and 5 were female. The drivers
were internal Volvo drivers, and all had at least a Swedish C
driver’s license. The drivers were requested to be tired at the
start of the test, by waking up earlier than normal and
performing the test after a full shift, without consuming
coffee, tea, energy drinks or similar.

Scale Degree of Alertness/Sleepiness
1 Subject extremely alert
2 Very alert
3 Alert
4 Fairly alert
5 Neither alert nor in sleep mode
6 Few signs of sleepiness
7 Sleepy, no effort to keep alert
8 Sleepy, noticeable effort to keep alert
9 Extremely sleepy, great effort to keep alert, fighting with sleepiness

Fig. 1. Karolinska Sleepiness Scale

*PERCLOS = percentage of time pupils of eyes are 80% or more occluded over a specified time interval
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The drivers were told to maintain the target speed of
70km/h manually. No type of cruise control was permitted
during the test. There was a safety driver in the truck within
the reach of the steering wheel and parking brake. The tests
were ended if the driver fell asleep or rated him/herself as
KSS 9 for 1 hour or if the safety driver had to intervene or at
the latest after 3 hours of driving. Tests were also aborted if
the driver or safety driver requested to do so, e.g. due to
discomfort or if the safety could not be guaranteed.

The drivers along with the test leader were trained on
the definitions of the KSS levels, before the test. During the
test, the drivers rated themselves on the KSS every 10
minutes. A 10-minute interval was chosen to minimize driver
distraction compared to the recommended 5-minute interval,
while still maintaining adequate measurement accuracy.

The key signals extracted from the test data were the
steering wheel angle (down sampled to 10Hz) and the KSS
ratings (Akerstedt & Gillberg, 1990) (refer Fig.1), provided
by the drivers.

A linear relationship was assumed between the SRR
and KSS ratings (Zhang et al., 2016 & Altmiiller, 2007). The
correlation was quantified using the Pearson correlation
coefficient, a statistical measure of linear correlation. Fig 2(a)
and (b) show the correlations between SRR and KSS ratings.

Analysis of the correlation across all gap sizes with
KSS showed that the highest average correlation observed
was -0.54 (p-value = 7.7x107°), corresponding to a gap size
<3°, and +0.43 (p-value = 2.2x1073), corresponding to a gap
size >6°. It was observed that the micro-reversals at 3°
showed a stronger correlation compared to macro-reversals at
6°.

2.2 Model design and implementation

The model was designed based on the observation that
micro-reversals decreased and simultaneously macro-
reversals increased when the driver got drowsier.

However, from Fig 3(a) and (b) it was evident that the
change in macro-reversal values was not as distinct as that of
micro-reversals especially between KSS 6 and KSS 8§,
although its trend in increase with KSS levels was visible.
Overall, the micro-reversals showed a greater correlation to
KSS when compared to macro-reversals. Hence, it seemed
prudent to use only micro-reversals to develop the model.

The model set a baseline for each driver as the maxima
of their micro-reversals because an increase in micro-
reversals meant a decrease in driver drowsiness (Fairclough
et al., 1999 & Ruijia et al., 2009). This baseline was dynamic
in nature, i.e., if the driver got less drowsy over the course of
the test, the baseline would increase accordingly. A drop in
micro-reversals percentage from the baseline was computed
continuously. Based on the drop percentage, the KSS values
were calculated. If the KSS value was greater than 7 the
model gave out a warning. These drop percentages were
scaled according to the baseline, making the thresholds
personalized to each driver. The scaling factor and in turn the
drop percentages are the tuneable components of the model.

In contrast, another model with generic thresholds for
all drivers was developed to compare the outcomes of a
personalised vs a generic model for detecting driver
drowsiness. This model utilized the micro-reversal
distribution in Fig 3(a) to arrive at an absolute range of

thresholds for each KSS level to assess where the driver’s
drowsiness level was.

i Correlation of SRR at different Gap size vs KSS

Pearson correlation coefficient
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Fig. 2. Pearson correlation coefficient between SRR & KSS
(a) negative correlation — micro-reversals (gap size <I° to

10°), (b) positive correlation — macro-reversals (gap size >
1°t0 10°)
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Fig. 3. Steering reversal rate vs KSS rating - (a) micro-
reversals at 3° (b) macro-reversals at 6°

3. Results

The sensitivity of each model was calculated in
accordance with the definitions outlined in clause 5 of Part 2
of Council Regulation (EU), 2021/1341, 2021. This method
of calculating sensitivity varied slightly because it was based
on the warning provided by each model when the driver
identified himself/herself at KSS 7 or above and not if the
model predicted the right KSS level of the driver. The
personalised model had a sensitivity of 58.8%, and the
generic model had a higher sensitivity of 72.1%, per drive.
While the false warning percentage was also higher at 37.5%
for the generic model and 2.5% for the personalised model,
per drive. (Refer Fig 5 and Table 1).

The false warning percentage was calculated as the
total number of false warnings divided by the total number of
test drives. The sensitivity and false warning percentages can
be varied according to the warning strategies adopted by the
model.
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Fig. 5. Drowsiness detection and warning for a sample test
drive - (a) Personalized model (b) Generic model

in % Personalized model | Generic model
Average sensitivity per driver 58,6 71,6
Average false warning per driver 4,0 60,0
Average sensitivity per drive 58,8 72,1
Average false warning per drive 2,5 37,5

Table 1. Results - Sensitivity and false warning percentages

4. Discussions
Will be presented at the conference.

5. Conclusions
Will be presented at the conference
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Abstract: Human inattention in partially automated driving is one of the key safety issues calling for effective
countermeasures such as adequate driver monitoring. To better understand what constitutes “attention” in real world
conditions, we conducted a study with reference drivers in various roles and across different road environments.
Detailed inspections of their visual behaviour challenge common assumptions. These new insights can be used to design
advanced methods for assessing driver engagement while using an L2 driving automation feature.

1. Introduction

Partial driving automation (SAE Level 2) requires
attentive drivers capable of permanently recognizing
potential hazards in the environment and staying ready to
intervene when needed. At the same time, research has shown
that human drivers may fail to accomplish this task
sufficiently (Banks et al., 2018; Boos et al., 2020). To
mitigate this undesirable effect, driver monitoring and
intervention systems have been proposed (Mueller et al.,
2021). However, setting the right criteria and thresholds to
effectively warn a driver remains challenging.

First, although off-road glance durations of more than
two seconds significantly increase the likelihood of being
involved in a (near-)crash (Klauer et al., 2010), a fixed
warning threshold of two seconds may generate a high
number of nuisance alerts (Koniakowsky et al., 2023).

Second, legal or regulatory requirements on driver
distraction mitigation (e.g., UNECE, 2023) focus on
excessive distraction only (e.g., tolerating single off-road
glance durations of up to 5 seconds), potentially missing
many forms of safety-critical user behaviour.

Third, attention in driving is not only about setting
thresholds for tolerating off-road glances but also ensuring
that sufficient information is sampled from the environment
to accomplish the task of driving (Kircher & Ahlstrom, 2017).

Fourth, research on driver inattention based on real-
world multimodal driving data is scarce. While an integrated
view of driver state, vehicle dynamics and traffic context has
been proposed (Ahlstrom et al., 2021; Herbers et al., 2023),
collecting such data in real driving settings can be
cumbersome.

This work presents a study designed to investigate the
glance behaviour of reference drivers under real-world
driving conditions, focusing on three exemplary hypotheses:

e HI: The duration of long glances towards secondary
task related areas decreases with vehicle speed

e H2: Glance behaviour towards mirrors is similar
between supervised driving and manual driving

e H3: Traffic relevant objects in the frontal scene are
fixated at least once while they are visible to the
driver

2. Method

2.1 Sample

Data collection for this study intentionally focussed on
reference drivers, represented by four skilled driving
instructors recruited from local driving schools (two men and
two women; minimum experience of supervising student
drivers: ten years). We targeted driving instructors as study
participants since they are highly trained to supervise an
“imperfect driving system” and to intervene when required —
exactly what is required and desirable from drivers in the
context of L2 driving assistance.

Figure 1: The reference track on public roads (including
rural/urban road types and motorway)

2.2 Vehicle and reference track

The research vehicle was based on a passenger car that
has been modified to integrate additional controls for steering,
accelerating/braking, and secondary driving controls. It was
equipped with additional display devices and dedicated
measurement systems for recording vehicle-related sensor
data and data from (camera-based) interior monitoring. The
setup enables the comprehensive simulation of automated
driving features by a Wizard-of-Oz approach on test tracks
and public roads (Marberger et al., 2019).
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For this study, a team of two wizard operators were
trained to simulate a SAE Level 2 hands-free feature (by a
driving wizard) including realistic driver feedback
(controlled by an HMI wizard) without drawing attention to
their roles in the vehicle. The test participants could intervene
in steering/braking at any time of the drive. The test track (see
Figure 1) features multiple public road types (rural roads,
motorway, urban roads) with various types of right-of-way
regulations, and varying traffic densities. Completing the
track took approximately 35-40 minutes.

2.2. Procedure and experimental conditions

All reference drivers were informed in advance about
the study procedure and how data is processed within the
project. Inside the vehicle, detailed instructions about the
operation of the car and the L2 feature were given. The
general task for all participants was to act during the drives as
they deemed appropriate in their role as a responsible driver.
After a familiarization phase each reference driver completed
the drives under the following conditions in varying order:

e  “max”: Supervision of the L2 feature with
unrestricted attentional resources (no secondary
task)

e  “SuRT”: Supervision of the L2 feature with self-
regulated engagement in a visual-manual secondary
task on an installed tablet device (see ISO/TS
14198 and Yandel, 2016)

e  “man”: Manual driving with unrestricted
attentional resources (no secondary task)

2.3 Data acquisition and pre-processing

Data collection included a combination of various
sources of information about the driver state, vehicle
dynamics, and the driving context. For the analyses of this
publication, the following data has been acquired and/or
generated:

e Glance behaviour data from a wearable, high
precision eye-tracking device (Tobii Glasses 3) with
subsequent annotation of glance locations on static
and dynamic areas of interest (e.g., looking through
windscreen / fixating a pedestrian)

e Vehicle speed (recorded from vehicle CAN bus)

e Manual annotation of attributes characterizing the
current driving situation (e.g., type of current driving
manoeuvre, type of right of way regulation,
existence of VRUs close to the ego vehicles driving
path)

All data has been sanity-checked, synchronized and
downsampled to 10 Hz for the planned data analyses.

3. Results

3.1 Speed-dependency of long offroad glances

Off-road glance durations towards the object “Tablet”
have been calculated in accordance with ISO 15007
(International Organization for Standardization, 2020). Data
from all reference drivers at speeds above 10 km/h have been
combined resulting in n=1055 glances on the tablet device,
predominantly from the SuRT condition (see Figure 2). The
distribution of glance durations varied in the range of 0 to 8
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Figure 2: Scatter plot of individual glance durations on
tablet and relationship with vehicle speed

seconds (M= 1.47, Median: 1.24, 95% Percentile: 3.22).
Driver-specific Pearson correlations between “tablet glance
duration” and “vehicle speed” was found to be negligible or
even slightly positive, ranging from r=-0.02 (p=0.71, N=389)
to r=0.24 (p=0.03, N=85).

3.2 Impact of driver’s role on glance behaviour

As an exemplary indicator of glance behaviour,
proportions of mirror glance time (left, centre, right) relative
to the total duration of the drive have been calculated for the
conditions “max” and “man” (see Figure 3). Paired t-tests for
each mirror reveal significantly higher percentages of mirror
glance time for left mirror (T=3.90; p=0.03; d=-1.95) and
right mirror (T=3.68; p=0.04; d=-1.84) when supervising an
L2 automation feature. Due to large interindividual
differences in centre mirror usage the descriptive difference
for centre mirror usage was not statistically significant
(T=2.66; p=0.08; d=-1.33).
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duration per drive [%]
N

M
0

left mirror center mirror right mirror

Figure 3: Comparison of mirror usage in different
experimental conditions (mean values with standard errors).

3.3 Fixation of safety-relevant road scene elements

For this analysis six safety-relevant road scene
elements have been selected to further investigate the glance
behaviour of reference drivers: oncoming traffic (N=400),
pedestrian on sidewalk (N=121), speed limit sign (N=206),
stop/yield sign (N=54), green traffic light (N=152), red traffic
light (N=105) resulting in a total number of 1038 episodes
where these elements were visible in the driving scene.
Figure 4 shows the percentage of “no fixation”, “cumulative
fixations < 1 second” and “cumulative fixations > 1 second”.
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Depending on the type of road scene element the percentage
of non-fixations ranges from 24% to 93%.

Oncoming traffic Pedestrian on sidewalk Speed limit sign

(N=400) (N=121) (N=206)
10% 2%
24% 36% ‘
34% 88%
27%
Stop or Yield sign Traffic light (green) Traffic light (red)
(N=54) (N=152) (N=105)
7% 0% 13%
5% 27%
93% — 25%

No fixation Cum. fixation duration <1s m Cum. fixation duration >1s

Figure 4: Cumulative foveal fixation duration on
selected road scene elements during visibility

4. Discussion and conclusion

The glance behaviour of experienced driving
instructors, serving as a reference for supervising a non-
perfect driving automation system, provides interesting
insights:

Although driver distraction monitoring systems
typically include vehicle speed as a moderating factor for
warning timing, e.g., demanded by regulation (UN ECE R171)
or recommended by researchers (see Herbers et al., 2023), the
analysis did not reveal a straightforward relationship between
vehicle speed and observed eyes-off-road time. Reference
drivers seem to have a different / more refined policy to
manage secondary task engagement, e.g. by considering the
situational demands and risks of the driving situation at hand.

While it is commonly suggested that glance behaviour
during L2 supervision should mirror that of manual driving,
our data suggest that reference drivers may actually increase
their monitoring efforts compared to manual driving as
indicated by the increased use of mirrors.

Finally, being attentive and situationally aware does
not necessitate foveally fixating all safety-relevant road scene
elements. The high percentages of non-fixations are
surprising and should be taken seriously when designing
future driver monitoring systems that might have the
capability to resolve glance directions on an object-level.

The insights gained from this study can serve as
valuable input to design advanced algorithms for driver state
assessment. Ideally, accurate warning algorithms should be
tuned to avoid false alarms (e.g., by not warning reference
drivers) while remaining highly sensitive to detect
inappropriate glance behaviour.
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Abstract: Driver distraction remains a critical threat to road safety, encompassing both external stimuli and internal
mind-wandering. This study investigated neurophysiological correlates of distraction during simulated driving using
electroencephalography (EEG). EEG signals were recorded from 21 participants while they performed a continuous
driving task, with instructions to detect and respond to police cars that appeared by pressing a button. Three types of
audio distractions were presented: internal-focus (prompting self-referential thoughts), non-task-relevant (irrelevant
background sounds), and task-relevant (driving-related but secondary information) stimuli.

Reaction times (RTs) to police car detections were used to classify attentional states on a trial-by-trial basis: the 25th
percentile (fastest RTs) defined the 'Attentive' state, while trials exceeding the 75th percentile (slowest RTs) defined the
'Distracted' state. Power spectral density (PSD) was analyzed in theta (4-8 Hz) and alpha (8-12 Hz) bands across three
regions of interest: temporal, frontocentral, and parieto-occipital.

Paired t-tests with false discovery rate (FDR) correction revealed that the Distracted state exhibited significantly lower
theta power in all three regions, alongside higher alpha power compared to the Attentive state. Complementary single-
trial repeated-measures correlations (rmcorr) corroborated these findings, demonstrating linear associations between
delayed RTs and increased alpha power coupled with decreased theta power across all regions (p < 0.001), with the

strongest correlations observed in the temporal region.

These results highlight distinct oscillatory signatures of distraction - reduced theta (linked to diminished cognitive
engagement) and elevated alpha (indicative of reduced cortical activation) - offering potential biomarkers for real-time

monitoring of driver inattention.

1. Introduction

Driver distraction is a major threat to road safety and
may arise from both external stimuli and internal mind-
wandering (Lee et al.,, 2008; Forster & Lavie, 2014). In
driving, both forms of distraction compete with task-relevant
processing and can delay responses to critical events (Taatgen
etal.,2021; Voinea et al., 2025). Previous research has shown
that mind-wandering is associated with attentional
decoupling and measurable changes in neural oscillations,
suggesting that EEG may provide a continuous index of
moment-to-moment attentional state (Baird et al., 2014;
Smallwood & Schooler, 2015).

In this study, we investigated whether alpha- and
theta-band EEG activity can differentiate attentive and
distracted states during simulated driving. We further
examined whether these neural measures vary systematically
with trial-by-trial reaction time. A key contribution of this
work is showing that distraction across the studied conditions
is associated with a common oscillatory pattern characterized
by increased alpha and reduced theta activity.

2. Method

EEG data were obtained from the BCIT Mind
Wandering dataset (Touryan et al., 2022). After excluding
two participants due to excessive artifacts, the final sample
comprised 19 participants with normal or corrected-to-
normal vision and no reported neurological or psychiatric
disorders. Participants performed a continuous simulated

driving task in which they maintained lane position and speed
while detecting police cars and responding via button press.
During driving, they were exposed to three 30-minute
auditory conditions: task-relevant, non-task-relevant, and
internal-focus audio.

Behavioral performance was assessed using reaction
time (RT) and response accuracy to police-car targets. A
repeated-measures ANOVA showed no significant
differences across auditory conditions for either RT or
accuracy. Therefore, trials from all conditions were pooled
for EEG analysis.

To maximize contrast between attentional states, trials
were classified using RT quartiles: the fastest 25% were
labeled Attentive, and the slowest 25% were labeled
Distracted. For each target, a S5-second post-stimulus EEG
segment was extracted, divided into 1-second epochs, cleaned
using an automated artifact rejection pipeline derived from
the proprietary signal-processing framework of the InnoBrain
Human Cognitive Monitoring Platform (Osia et al., 2025),
and averaged to compute PSD. Analyses focused on theta (4—
8 Hz) and alpha (8—12 Hz) activity across three regions of
interest: frontocentral, temporal, and parieto-occipital. Mean
PSD values were compared between attentive and distracted
states using paired t-tests with FDR correction. In addition,
repeated-measures correlation was used to test trial-by-trial
associations between RT and band power within individuals.
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3. Results

3.1 Performance evaluation

The initial behavioral analysis using a repeated-
measures ANOVA revealed no significant main effect of
auditory condition on overt performance. Specifically, no
significant differences were found across the three auditory
scenarios for either reaction time, F(2, 32) = 0.40, p = 0.673,
n*G=0.011, or response accuracy, F(2, 32)=2.40, p=0.107,
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Relative Alpha power was significantly higher in the
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t(18) = 4.19, pfdr = 0.001, d = 0.27; frontocentral, t(18) =
3.42, pfdr = 0.004, d = 0.25; and temporal, t(18) = 2.78, pfdr
=0.012, d = 0.25 (Fig. 2).

In contrast, relative Theta power was significantly
lower in the Distracted state across all regions: temporal, t(18)
=-5.22, pfdr < 0.001, d = 0.37; frontocentral, t(18) = -4.59,
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(a) Scalp topography of relative Theta power (Distracted —
Attentive). Blue spectrum indicate a widespread suppression
of Theta activity during the distracted state, (b) Comparison
of relative Theta power across Temporal, Frontocentral,
and Parieto-Occipital ROIs.

Asterisks denote statistical significance following FDR
correction (** p < 0.01, ***p < 0.001).

3.3 Trial-by-Trial Brain-Behavior Relationship

To assess the single-trial association between neural
activity and behavioral performance while accounting for
intra-individual variance, repeated-measures correlation
(rmcorr) was performed between reaction time and relative
Alpha and Theta power.

Frontocentral Alpha

Temporal Alpha

Relative Alpha power showed a significant positive
correlation with reaction time across all regions, indicating
that higher Alpha power was associated with slower
responses. The strongest correlation was observed in the
Temporal region, rrm(933) = 0.188, p < 0.001, followed by
the Frontocentral, 7rm(941) = 0.171, p < 0.001, and Parieto-
Occipital regions, 7rm(941) = 0.144, p < 0.001 (Fig. 4a).

Relative Theta power showed a significant negative
correlation with reaction time across all regions, indicating
that lower Theta power was associated with slower responses.
Again, the strongest correlation was found in the Temporal
region, rrm(933) = -0.232, p < 0.001, followed by the
Frontocentral, rrm(941) = -0.184, p < 0.001, and Parieto-
Occipital regions, rrm(941) =-0.168, p < 0.001 (Fig. 4b).
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Fig. 4. Trial-by-trial brain-behavior relationships using repeated-measures correlation. Scatter plots depict the single-trial
relationship between reaction time (s) and relative power in the (a) alpha frequency bands and, (b) theta frequency bands,
across Frontocentral, Temporal, and Parieto-Occipital ROIs.

Translucent-colored-lines and shaded confidence intervals represent individual participant data fits, while the solid-black-line
represents the common within-individual regression slope. The analysis reveals highly significant positive linear associations
between reaction time and Alpha power, alongside negative associations with Theta power, across all examined regions.

4. Discussion

These findings are consistent with earlier work linking
mind-wandering and distraction to reduced engagement with
task-relevant stimuli and altered neural processing (Baird et
al., 2014; Smallwood & Schooler, 2015). They also extend
prior driving research showing that distraction undermines
safe performance and hazard response (Lee et al., 2008;
Voinea et al., 2025). The observed increase in alpha and
decrease in theta suggest a shift toward reduced cortical

engagement and weaker top-down attentional control during
distracted driving. Importantly, because behavioral
performance did not differ across auditory conditions, the
results suggest that distraction across the studied conditions
may converge on a common neural pattern, rather than
reflecting entirely separate attentional states. This is a key
contribution of the study.
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5. Conclusion

In conclusion, this research highlights that driver
inattention is not merely a transient behavioral lapse but a
distinct neurophysiological state characterized by an alpha-
theta power shift. These findings have critical implications
for the future of human-factors engineering and automotive
safety. The identified neural markers provide a highly
reliable, unconstrained foundation for the development of
passive, real-time Brain-Computer Interfaces (BCls) and
advanced driver-assistance systems (ADAS) capable of
continuously monitoring driver cognitive states and
mitigating the risks associated with distracted driving.
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Calibrating Non-Invasive Impairment Detection Without Intoxication
Ground Truth: An Indirect Application Approach
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Abstract: Current driver monitoring assessments address non-fatigue impairment and link detection to driver
notification and assistance adaptation. We present an end-to-end engineering approach from function concept to
application in the target vehicle system and field monitoring and plausibility validation of a multi-category driving
under impairment (DUI) function. The function uses time-windowed behavioral features, index-based assessment, and
category-specific decision logic to trigger notification and assistance adaptation. A central contribution is an indirect
application approach that leverages non-impaired reference drives to define reference ranges, tune decision behavior
under explicit acceptance criteria, and operate under limited availability of intoxication-based ground truth.

1. Introduction

Driving under the influence remains a road safety
problem. Alcohol strongly increases crash and injury risk,
with a non-linear relationship between blood alcohol
concentration and crash risk. [1] Illicit drugs and certain
prescription medications can also impair driving, and
epidemiological studies report elevated crash risk depending
on substance class. [2]

Euro NCAP explicitly includes non-fatigue
impairment in driver monitoring and links detection to driver
warning and assistance adaptation using non-invasive signals.
[3] This motivates behavior-based DUI functions that rely on
behavioral manifestations rather than direct substance
confirmation.

Experimental work reports measurable behavioral
differences between sober and substance-affected driving,
particularly in gaze and oculomotor measures. Zemblys and
Ahlstrom (2024) report systematic alcohol-related changes
on a test track and emphasize that hardware limitations can
reduce measurability in target-system camera setups. [4]
Gobel et al. (2025) report simulator-based alcohol effects and
show benefits of multi-source fusion for distinguishing sober

versus alcohol-affected driving in simulation. [5] Hayley et al.

(2024) report stimulant-related gaze changes and differences
between methamphetamine and alcohol, illustrating that
behavioral profiles can vary by substance. [6] Reviews and
meta-analyses confirm that risk estimates differ across
substance classes and that study heterogeneity and
confounding limit direct transfer of findings across setups.
Elvik (2013) reports substance-class-specific risk estimates
and emphasizes variability and methodological limitations
across studies. [2] Kelly et al. (2004) highlight the relevance
of multiple-substance use, including alcohol. [7] Buckley et
al. (2025) further highlight large variation in design,
simulator fidelity, and outcome metrics in alcohol and
cannabis simulator studies, which complicates generalization.
(8]

Taken together, literature supports the selection of
relevant behavioral dimensions, but application and
plausibility validation of assessment and decision logic in the
target vehicle system remain challenging. Our paper therefore

focuses on how to translate a methodological DUI concept
into an assessment and decision logic in the target vehicle
system.

2. Method

This paper describes an engineering workflow at a
methodological level. Figures, categories, and example
metrics are schematic and provided for illustration. They do
not represent a product specification or the detailed
implementation of any production system. The approach
provides behavioral indications of impairment rather than
confirming substance use. Driver support actions remain
assistive and do not replace the driver’s responsibility for the
driving task.

2.1 Method overview

We implement the DUI function as a processing chain
that computes behavioral features in analysis windows, maps
them to indices, fuses indices into category levels, and
triggers notification and assistance adaptation when decision
criteria are met. Figure 1 summarizes three layers.

Recognition layer: Features are computed from
available in-vehicle signals per analysis window. They may
include gaze-related measures and steering-related measures
such as lateral control indicators.

Assessment layer: Features are mapped to indices that
quantify deviations relative to a reference range. Because risk
and behavioral profiles can vary across substance classes,
DUI is treated as a multi-category state with separate category
levels for alcohol, drugs, and medications. [2,6,7]

Decision layer: Category levels are compared against
decision criteria to trigger driver notification and assistance
adaptation consistent with driver monitoring concepts. [3]

The function is designed as a supportive driver
monitoring measure. The driver remains fully responsible for
vehicle control at all times.

2.2 Challenges for application and validation

The recognition logic is largely literature-informed,
but application in the target vehicle system depends on
calibrating the assessment and decision logic under field
constraints. We summarize six challenges.
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Figure 1 Overview of the DUI processing chain from windowed feature extraction to index computation, category-

level fusion, and decision/output.

a) Transfer gap
Differences in sensing setups, signal quality, feature
definitions, and scenario design limit the direct transfer
of published findings into calibration and decision
criteria for the target vehicle system. [2,8]

b) System and hardware gap
Sensor configuration, mounting position, data
availability, and noise determine which features are
measurable and how stable indices are in the target
vehicle system. [4]

c) Data scarcity and ground truth
Controlled intoxication studies are practically and
ethically limited, especially beyond alcohol, and large
ground truth datasets are difficult to obtain. [2,8]

d) Simulator gap
Simulator studies can reveal trends, but variation in
fidelity and setups limits their use for calibration in target
vehicle system. [8]

e) Coverage and generalization
Robust settings require broad coverage of drivers and
scenarios, otherwise decision behavior may not
generalize in the field. [8]

f) Category gap
Alcohol evidence is not automatically transferable to
other categories, and polydrug contexts can matter,
which motivates category-aware evidence and validation
strategies. [2,6,7].

2.3 Indirect application approach

We propose an indirect application approach that
primarily uses non-impaired reference drives captured with
target vehicle system. These drives are available from routine
development testing and define the value and variability
range of computed features in the target vehicle system.

Literature motivates this approach because substance-related
impairment can manifest as measurable feature changes
compared to sober driving. [4-6] In the indirect approach,
deviations from the reference behavior range are treated as
behavioural abnormality relevant for impairment indication,
while the causal origin remains open.

Controlled studies can support single categories where
feasible, and simulator data can be used only if input signals
are comparable to target vehicle system. [4,8]

2.4 Feature-wise evaluation and index mapping

For each feature, we define a parameterized
acceptance band representing the normal range for
assessment. Deviations below or above this band are mapped
bidirectionally to two indices that increase gradually with
distance from the band boundary (Figure 2). Calibration
therefore depends on where the acceptance-band boundaries
are placed and when indices start increasing.

Figure 2 Schematic example of a bidirectional deviation
index for a feature.
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2.5 Configuration optimization under acceptance
criteria

Because features, indices, and category levels are
interdependent, parameterization is performed end-to-end at
the overall decision level. In practice, the parameter
configuration can be tuned iteratively by evaluating false
alerts and other acceptance criteria on the reference dataset
and updating parameters until criteria are met or
improvements saturate.

The same step can be formulated as constrained
optimization to search the parameter space more
systematically. Under strong false-alert constraints, solutions
can become overly conservative globally or for specific
categories. To safeguard triggerability, an optional challenge
set can be introduced that contains cases where the system
should be able to respond in principle. Challenge cases can be
constructed from literature-motivated deviation directions or
derived from real driving segments with pronounced
deviations. The challenge set does not replace intoxication-
based ground truth.

The following variables and parameters are used:

- Do : non-impaired reference dataset

- C :Challenge-Set

- 0: parameter configuration

- FP(6;Do) : false alert metric

- FPuin, FPpax ¢ lower and upper bound for FP(6;Do)
- TPTO%Y(0;C) : triggerability on C

- g;(0;Do) : acceptance metrics j, withj=1...J

max.

- g;"*": upper bound for g;

The problem can be stated as follows:

max TP7% (6; C) (1)
subject to

FPpin < FP(8; Do) < FBy 0 (2)
gj (8;:D0) < g*** forj=1...J 3)

The objective (1) maximizes TP™* | ie,
triggerability on the challenge set C. The FP constraint (2)
bounds the false-alert metric on Do to an acceptable range.
The additional constraints for g; (3) represent further
acceptance criteria that can be added depending on the
application.

2.6 Field monitoring

After parameterization we monitor acceptance criteria
in field operation. We also run targeted trigger checks to
plausibilize that the decision chain can be triggered.
Controlled participant studies under influence can
complement category-specific evidence where feasible.

3. Results

Table 1 summarizes the analyzed drive dataset from a
selected period and its distribution across speed ranges
reported as distance and time shares. The dataset includes
regular drives and a subset of long drives conducted for
fatigue observation. Long drives are included only up to a
defined fatigue level for DUI analysis. For feature evaluation,
analysis windows are used only if at least 50% of the window
provides valid data for feature computation. Otherwise

windows are discarded, for example due to low speed, invalid
signals, or insufficient driver visibility and tracking quality.

Table 1 Overview of the analysed drive dataset and its
distribution across speed ranges

Speed range/  Total = Regular  Long

drive szenario drives drives
Number 1513 1407 106
of drives
Distance Total 94888 68658 26230
in km <50 km/h 11936 11454 482
50-130km/h 77636 53043 24593
> 130 km/h 5317 4162 1155
Travel Total 1792 1519 273
time in <50 km/h 880 852 27
hours 50-130km/h 876 638 237
> 130 km/h 37 28 9

Figure 3 shows the distribution of an anonymized
driver-monitoring metric labeled Feature A over evaluable
windows. When all drives are included, an additional
accumulation appears in the left value range. When long
drives are excluded, this effect is strongly reduced. This
indicates that long drives represent a distinct operational
profile that can shift feature distributions.

a)

b)

Figure 3 Histogram of anonymised Feature A over evaluated
time windows: (a) all drives, (b) excluding long drives.

Field monitoring was used to verify that the
predefined acceptance criteria were met. Targeted trigger
checks at limited scale were conducted to plausibilize the
triggerability of the decision chain.

3

139



4. Discussion

Our indirect approach enables application of non-
invasive DUI and impairment functions in the target vehicle
system when intoxication-based ground truth is limited,
especially for drugs and medications. [3] Abnormality
relative to reference behavior is not substance confirmation.
For safety and assistance functions, the exact cause is often
secondary to the presence of a driver state that warrants
notification or assistance adaptation. This increases the
importance of explicit acceptance criteria and robust
parameterization to avoid excessive false alerts.

A key limitation is that true positive performance
against verified intoxication cannot be fully quantified
without controlled ground truth drives. At the same time, the
approach reduces dependence on small study cohorts and
narrow simulator setups. The long-drive subset demonstrates
that naturalistic datasets contain diverse operational profiles
that can significantly shift feature distributions, reinforcing
the need for broad scenario coverage to improve
generalization in the target vehicle system and to reduce
overfitting to narrow study setup. Category-based assessment
is consistent with substance-class variability and avoids
treating alcohol evidence as a proxy for all impairment
sources. [2,6,7]

5. Conclusions

We outline a practical end-to-end method to develop
and apply the function in the target vehicle system and to
support field monitoring under target-system sensing
conditions. Literature motivates feature selection, while the
main engineering challenge is calibrating assessment and
decision behavior under heterogeneous study setups and
limited ground truth. [2,8] The proposed indirect application
approach leverages naturalistic reference drives to set
acceptance bands and tune decision behavior under explicit
acceptance criteria, complemented by targeted trigger checks
and optional controlled studies where feasible. Results
highlight that diverse operational profiles such as long drives
can shift feature distributions, which supports broad scenario
coverage for generalization.
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Abstract: Driving often requires remembering delayed intentions, such as taking an exit, or locating parking. This ability
to remember and execute intended actions in the future is referred to as prospective memory (PM). Laboratory studies
show that maintaining such intentions can interfere with ongoing tasks; however, less is known about how these effects
manifest during driving. The present study examined how different PM demands influence driving performance by
introducing a novel Prospective Memory Parking Paradigm (PMPP). Eleven participants completed four conditions: a
baseline driving condition, a focal event-based PM task requiring responses to explicit parking signs, a non-focal event-
based PM task requiring drivers to locate parking spaces, and a time-based PM task requiring a button press after two
minutes. Driving performance was assessed using vehicle-following measures including modulus, coherence, and lateral
lane position. Significant differences across conditions indicated reduced vehicle-following stability when PM demands
were present. PM accuracy differed significantly across conditions, with the highest performance in the non-focal
condition. However, this improved accuracy was accompanied by reduced vehicle-following coherence and greater lateral
lane displacement relative to other conditions. This pattern suggests that the cognitive demands associated with non-focal
PM may compromise vehicle control. Time-based PM also demonstrated relatively strong accuracy, reflecting reliance on
external clock monitoring. The results align with capacity-based theories of PM, highlighting the trade-offs between
executing delayed intentions and driving performance. This research extends laboratory findings to a more ecologically
valid context and suggests that delayed intentions may be overlooked cognitive distractors with implications for road
safety.

allow PM response to be executed cautiously. This allowed

1. Introduction more time for PM-related information to accumulate, thus

Remembering to execute planned intentions at the
right moment in the future is a vital cognitive skill referred to
as prospective memory (PM) (Einstein & McDaniel, 1990;
Ellis, 1996). A defining characteristic of PM is that delayed
intentions are typically embedded within an ongoing activity.
Therefore to simulate this in laboratory settings, PM
paradigms typically embed a PM task within an ongoing task
(Einstein & McDaniel, 1990). This dual-task structure has
raised a central question in the PM literature: does retrieving
a delayed intention while engaged in an ongoing task impose
costs on ongoing task performance?

To understand the processes underlying these costs,
The preparatory attentional and memory processes (PAM)
theory proposed that the delay between encoding and
execution of intention always recruits non-automatic and
capacity-consuming processes for PM retrieval (Smith, 2003;
Smith & Bayen, 2004). In the absence of strategic monitoring,
the intended action is likely to be missed. However, the
multiprocess framework accounts for retrieval occurring
spontaneously, where the intention is automatically triggered
upon encountering a PM cue, or through strategic monitoring
(Einstein et al., 2005). Heathcote et al. (2015) proposed an
alternative interpretation of the PM costs to reflecting a self-
imposed strategic slow down on ongoing task responding to

preventing the ongoing task response from overriding the PM
task.

The key tenets shared by all these theories is that PM
retrieval requires resource-demanding processes which
include monitoring for the target event and engaging
preparatory attentional mechanisms, draw from a finite pool
of cognitive resources. In this context, subsequent studies
demonstrated that the addition of a PM task to an ongoing
activity imposed increased cognitive demands on individuals
(for e.g., Guynn, 2003; Smith, 2003; Hicks et al., 2005; Marsh
et al., 2006; Smith et al., 2007; Strickland et al., 2017).

While PM literature has extensively demonstrated that
monitoring for PM cues induces ongoing-task interference in
controlled laboratory paradigms such as lexical decision tasks
their applicability in more dynamic, high-stakes contexts
such as driving—remains less explored. To date, only a
limited number of studies have examined PM-related
interference in driving contexts. For example, Stephens et al.
(2013) observed a descriptive trend suggesting a potential
PM-related cost associated with maintaining delayed
intentions during vehicle-following, although the effect did
not reach statistical significance. In the same vein, Trawley et
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al. (2017) provided stronger empirical evidence that PM-
related cognitive demands impair driving performance,
demonstrating that event-based PM tasks produced greater
driving disruption than time-based PM tasks. Building on this,
the present study introduces a Prospective Memory Parking
Paradigm (PMPP) to investigate how different types of PM
representations  influence  driving  behaviour  while
participants perform a vehicle-following task.

2. Method

2.1 Participants

Participants were recruited from Monash University
through flyers placed around the campus. 11 participants
were included (mean age = 32.2 years, SD = 8.8), consisting
of 6 male and 5 female participants who also received a § 20
voucher as compensation for their time. The study procedures
were approved by the Monash University Human Research
Ethics Committee (MUHREC; Project No. 49557).

2.2 Experimental Design

This study employed a within-subjects, repeated-
measures experimental design. The independent variable was
PM condition, with four levels: no-PM (baseline), focal
event-based PM, non-focal event-based PM, and time-based
PM. The order of conditions was counterbalanced and no-PM
condition was always administered first to avoid carryover
effects of PM intentions.

2.3 Apparatus and scenario

Driving tasks were completed using a STISIM®
Drive driving simulator (STISIM 100WS). The scenario
simulated a 4 km and 14.64 m wide urban route featuring
pedestrians, surrounding traffic, oncoming vehicles, road
signs, roadside parking, and shops on both sides of the
roadway. Throughout the 8 minute drives, the posted speed
limit was 40 km/h.

2.4 Prospective Memory Parking Paradigm (PMPP)

This paradigm follows the dual-task framework
widely used in prospective memory research. Vehicle-
following served as the primary driving task, requiring
participants to maintain a safe distance behind a lead vehicle
by adjusting their speed accordingly. Embedded within this
ongoing driving task were prospective memory (PM)
components related to parking. Four conditions were
included: (1) Baseline (No PM): participants performed only
the vehicle-following task; (2) Focal PM: participants
responded to explicit parking signs; (3) Non-focal PM:
participants searched for available parking spaces along the
road; and (4) Time-based PM: participants executed a
response after a specific time interval.

3. Results
3.1 PM Performance
PM performance was calculated as the proportion of

correctly executed responses relative to the total number
of PM targets presented in each drive. For focal and non-

focal conditions, a response was considered correct if it
occurred within £150 m of the target location. For the
time-based condition, a hit was recorded when the
response occurred within +30 s of the target time;
responses outside these windows were scored as misses.

A repeated-measures ANOVA revealed a significant
effect of PM condition on PM accuracy, F(2,20)=16.30,
p <.001, n% = .62. Post hoc comparisons indicated that
PM accuracy was significantly higher in the non-focal
condition than in the focal condition, #(10) = 11.74, p <
.001, and higher in the time-based condition than in the
focal condition, #(10) = 3.35, p = .022. Overall, PM
accuracy was highest in the non-focal condition,
followed by the time-based condition, and lowest in the
focal condition.
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3.2 Driving Performance

Vehicle-following measures (coherence, modulus,
and time delay) computed by STISIM, along with other
driving performance indicators, were analysed using
repeated-measures ANOVA:s. Greenhouse—Geisser
corrections were applied when sphericity assumptions were
violated, and Bonferroni-adjusted post hoc tests were
conducted (p <.05).

Significant effects of PM condition were observed
for modulus, F(2.44, 24.45) = 3.41, p = .041, np*> = .254, and
coherence, F(2.58, 25.76) = 4.96, p = .010, np* = .331. Post
hoc comparisons indicated lower coherence in the non-focal
PM condition compared to the no-PM condition (p = .041),
suggesting less consistent speed adjustments relative to the
lead vehicle.

A strong effect was found for mean lateral lane
position, F(2.20, 22.04) = 10.20, p < .001, np* = .505, with
greater lateral displacement in the non-focal PM condition
compared to focal (p = .044) and time-based conditions (p
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<.001). No other driving measures showed significant effects
as shown in Table 1.
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4. Discussion

The present study examined how different types of
prospective memory (PM) intentions affect driving
performance using a simulated Prospective Memory Parking
Paradigm (PMPP). By embedding PM tasks within a vehicle-
following task, the paradigm allowed us to assess both the
impact of delayed intentions on driving behaviour and the
relative cognitive demands of different parking-related
intentions.

PM accuracy was highest in the non-focal condition,
followed by time-based and focal conditions. This pattern
diverges from classic laboratory findings that typically report
superior performance for focal PM tasks (Einstein &
McDaniel, 2005; Scullin et al, 2010). One possible
explanation is that detecting available parking spaces
required active environmental scanning, encouraging
deliberate and sustained monitoring. In contrast, explicit
parking signs may have been detected more passively.

Consistent with our hypothesis, non-focal PM demands
were associated with greater impairments in driving
performance. Reduced coherence and modulus indicated less
stable speed matching with the lead vehicle, and greater
lateral lane displacement suggested poorer lane control.
These findings support theoretical accounts proposing that
non-focal PM tasks require strategic monitoring and therefore
impose greater cognitive load. The pattern aligns with prior
work showing that event-based PM tasks can disrupt
simulated driving (Trawley et al., 2017).

Overall, the study demonstrates that delayed intentions
embedded within driving tasks may compete with attentional
resources required for vehicle control, highlighting
prospective memory as a potentially overlooked source of
cognitive distraction in real-world driving.

5. Conclusions

This present study introduced a novel Prospective Memory
Parking Paradigm (PMPP) to examine how different types of
PM demands influence driving performance in a simulated
vehicle-following task. By embedding parking intentions
within an ongoing driving task, the study served dual purpose
both the cognitive costs of PM on driving and the relative
attentional demands of different parking-related intentions.
Although PM accuracy was highest in the non-focal condition,
this improvement was accompanied by reduced vehicle-
following coherence and greater lateral lane deviation,
suggesting that strategic monitoring prioritised intention
execution at the expense of vehicle control. Consequently,
searching for available parking spaces appeared more
cognitively demanding than responding to explicit parking
signs. Overall, the findings extend laboratory PM interference
effects to an ecologically valid driving context, highlighting
how monitoring demands may subtly compromise vehicle
control.
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Appendix A

Table 1

Means (M), Standard Deviations (SD), and Repeated-Measures ANOVA Results for Driving Measures Across PM Conditions

No PM Focal PM  Non-Focal PM  Time-based PM

Driving measures M SD M SD M SD M SD df F p eta_p2
Modulus 056 027 043 021 037 023 0.51 024 (2.44,24.45) 341 0.041 0254
Time delay 096 2.7 -2.12 301 -215 3.09 -0.44 3.6  (2.66,26.56) 233 0.103 0.189
Coherence 029 018 02 012 0.16 0.14 0.26 0.18 (2.58,25.76) 4.96 0.01 0.331
Speed deviation 203 049 19 053 203 0.41 2.02 04  (1.65,16.49) 0.387 0.646  0.037
Steering deviation 4.05 401 345 101 657 10.05 3.81 327 (1.16,11.62) 0.774 0.416 0.072

Throttle deviation 065 025 071 032 067 0.19 0.74 023 (2.23,22.33) 0411 0.69  0.039
Brake deviation 085 04 083 044 074 033 0.9 0.38 (2.03,20.34) 0.405 0.676 0.039
Lateral lane position -1.31 034 -131 033 -1.17 025 -1.43 024 (2.2,22.04) 102 <.001 0.505

standard deviation of lateral position 0.48 0.18 049 02  0.46 0.13 0.46 0.14 (1.98,19.77) 0.654 529 0.061

Note. Greenhouse—Geisser corrections were applied where the assumption of sphericity was violated. Reported degrees of freedom are corrected values. np? = partial eta
squared. Significant effects are indicated at p <.05. Post hoc comparisons were Bonferroni-adjusted

Experimental procedure

Session Duration: approx.1 hour

Filler Task 5
Welcome o . Filler Task 2 Filler Task 3 Filler Task 4 &
& Training Drive Drive 1 for Drive 2 for Drive 3 for Drive 4 End of
Instructions Delay Delay Delay P
L 4 8 as a8 -a s —a » am - n—
Approx. 10 Approx. 5 8-Minutes Approx. 8-Minutes Approx. 8-Minutes Approx. 8-Minutes
Minutes Minutes 5 Minutes 5 Minutes 5 Minutes
Study Overview Simulator Baseline Condition ~ Focal PM Condition ~ Non-Focal PM Condition  Time-Based PM Condition
Read Explanatory Familiarization Participants will Participants will Participants will perform Participants will perform a
Statement only perform the perform a Focal PM a Non-Focal PM task time-based task
Consent Form vehicle following task concurrently concurrently with the concurrently with the
Signing task with the vehicle vehicle following task vehicle following task
following task
*Drives were counterbalanced for each participant; expect the baseline condition
Fig .5. Description of experimental session
5
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Abstract: The National Highway Traffic Administration (NHTSA) Occlusion Test Protocol (OTP) is a globally
recognised safety guideline used to measure, understand, and reduce visual distraction caused by in-vehicle technologies.
Despite its adoption by vehicle manufacturers, designers, researchers, industry groups and road safety regulatory
bodies, there is little empirical evidence confirming the validity of the OTP against real-world glance behaviours.
Participants performed a series of tasks within an in-vehicle infotainment system, under three an occlusion method
using visual occlusion goggles, participant-controlled occlusion, and no occlusion with eye-tracking. The hypothesis that
the OTP would show absolute validity in real-world driver glance behaviour was not supported. Participants glanced
off-road less frequently and for shorter durations in surrogate driving tasks than when than is assumed by the OTP.
This suggests that the protocol is possibly overestimating the time off-road that could lead to distraction. Additional
analyses compare the method of interaction with the system and median time of gaze off-road, again suggesting that the
current protocol standard of 8 cumulative 1.5 second glances may not represent the real-world glance behaviours and
distraction thresholds. Based on findings of this validation, recommendations for an evaluation of the current OTP are
presented which would provide an improvement to the assessment of driver safety

1. Introduction

The NHTSA OTP (NHTSA, 2014) has emerged as a
globally accepted tool to understand the impact of visual and
cognitive distractions on drivers. This protocol is widely used
to evaluate how in-vehicle infotainment system (IVIS) use
influences driver attention and safety by using occlusion
testing to simulate real-world glances away from the road
(Aust et al., 2018; Domeyer et al., 2014; Perez et al., 2013).
The occlusion method offers a cost-effective and practical
alternative to more complex driving simulations, and
provides insights into the visual attention demands that
secondary in-vehicle tasks such as using IVIS, places on
drivers (Hungund et al., 2021). According to the OTP, an
IVIS task should not exceed eight driver eye glances, with
each eye glance lasting no more than 1.5 seconds, or 12
seconds of cumulative glance time per task (Pournami et al.,
2015). Studies have shown that occlusion testing can provide
reliable insights into driver distraction, but limitations such
as participant variability and task-specific differences should
be considered (Grahn et al., 2023). The OTP is based on
research confirming historic beliefs that single long glances
away from the road while conducting secondary tasks
provide a more consistent estimate of crash risk than total
time of eyes off the roadway (Simons-Morton et al., 2014).

The OTP was developed through a collaboration of
researchers and engineers, guided by experts in the field of
human factors and ergonomics (Hungund et al., 2021; Perez
et al., 2013). It specifies that in-vehicle secondary tasks that
require a driver’s visual attention should be designed to
minimise the time the driver’s eyes are diverted off the road.
The OTP was developed with the goal of reducing driver
distractions from in-vehicle tasks, and it ensures that the
completion of each task needs only brief and safe visual
glances (Perez et al., 2013). However, despite the critical role
of NHTSA's OTP in providing safety guidelines for

manufacturers and developers of in-vehicle technology, there
appears to be a lack of direct experimental evidence
supporting the specific time intervals prescribed by the OTP
(Grahn et al., 2023; Pournami et al., 2015). Research for this
project was also unable to find evidence that the OTP had
undergone rigorous scientific validation, and this raises
concerns about whether the specified standards are fully
supported by empirical evidence. While the OTP provides an
essential framework for minimising driver distraction, its
current guidelines might not fully reflect the complexities of
modern IVIS capabilities. As vehicular technology,
specifically IVIS technology advances, the OTP’s estimate
of duration and frequency of driver off-road glance behaviour
while utilising the IVIS may no longer reflect real-life driver
interactions with these systems. This gap highlights the need
for further research to validate and refine OTP standards to
ensure that the protocol remains aligned with the evolving
demands of vehicle technology and driver behaviour (Perez
etal., 2013).

This study aims to validate NHTSA’s OTP, evaluate
its current applications, and test its effectiveness as a tool for
measuring driver glance behaviour. The extended abstract
includes only the results of one analysis, additional analyses
to be covered in the full paper.

2. Method

2.1 Participants

Forty licensed regular drivers (25 female, 15 male,
Mage=35.35 years, SD = 12.26), with a minimum five years
of solo licensure (M = 17.16, SD = 10.91) participated in the
study. Thirty-two participants reported regular, daily IVIS
interaction while driving. The study received ethics approval
from the University Human Research Ethics Committee (H-
2023-0056).
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2.2 Design

The study employed a 3x2 within-subjects factorial
design, to determine the impact on driver off-road glance
duration. The study manipulated visual occlusion (“glance”
representing the OTP standardised occlusion of 1.5 seconds
TSOT; participant-controlled occlusion, where participants
held the occlusion goggles for as long as they required to do
the task; and “no occlusion” monitored via eye tracking). The
study also manipulated task interaction mode: visual-manual
voice-controlled mode.

Participants completed three of six possible VIS
tasks commonly performed by Australian drivers; change the
radio station; initiate a telephone call; change the song via a
media playlist; and receive a text message. Where two modes
of interaction were possible (visual-manual and voice-
control), both modes were performed.

2.3 Materials

This study used Visual Occlusion Goggles (VOGs),
eyewear designed to intermittently obscure a user's vision
through its LCD lens. Participants press a response button to
clear the goggles’ visual field temporarily, with the goggles’
total shutter open time (TSOT) in this study set to occlude
again after 1.5 seconds. When the goggles are transparent,
the participant can see the IVIS controls and displays; when
occluded, their vision is blocked, preventing them from
seeing the task controls and displays. The opaque condition
simulates the time a driver is focussing on the primary task
of driving.

2.4 Procedure

Participants were instructed to perform a randomised
selection of three in-vehicle secondary tasks, which may
have included initiating telephone calls, changing media,
tuning the radio, and receiving text messages while wearing
the VOGs or the eye tracking glasses. While wearing the
VOG:s, the participants were required to press the response
button to clear the goggles visual field temporarily, with the
goggles becoming opaque again after 1.5 seconds. The
opaque condition intended to simulate the time the
participant would be focussing on the primary task of driving.

3. Preliminary Results

Visual occlusion was compared to the OTP standard
of driver off-road glance duration of 12 seconds (cumulative)
per task, and frequency of eight glances per task. One-sample
t-tests revealed significant deviations from the OTP standard
across all tasks, (p <.001) except for changing a song from a
playlist (p = .419), which showed moderate evidence for the
null (BF10=0.32).

4. Discussion

The aim of the current study was to determine the
validity of NHTSA’s OTP in assessing real-world driver off-
road glance behaviour while conducting secondary in-vehicle
tasks, such as those involving IVIS. Contrary to the first
hypothesised outcome, results indicated that NHTSA’s OTP
— defined as eight 1.5 second off-road glances (12 seconds
cumulative) per task - does not uphold absolute validity for
actual driver glance behaviour. Rather, the actual driver off-
road glance durations were found to be shorter than the OTP

standard, as evidenced in findings from the “glance”
occlusion condition, where five of the six IVIS tasks failed to
meet the standard for glance duration, and in the “no
occlusion” condition, where no tasks met the duration
standard. Similarly, when assessing off-road glance
frequency, five out of six tasks failed to meet the standard in
both the “glance” and the “no occlusion” conditions.

Contrary to the expected reliability of the OTP
regulation standard, findings from the present study suggest
that the NHTSA’s OTP guideline may be too moderate, and
no longer reflective of real-life driver glance behaviour.
Glance duration and frequency were both found to
consistently fall below the 12 second (cumulative) standard,
and findings from the current study suggest that drivers spend
less time looking away from the road than was projected
when the OTP was established. The results suggest a
potential shift in real-life glance behaviour, which may be
due to factors that include increased driver awareness of the
risks of distracted driving (Oviedo-Trespalacios et al., 2019),
and driver self-regulation efforts (Young & Regan, 2013)
that can lead to a more cautious attitude when interacting
with in-car technologies.

This reduction in driver off-road glance duration to
complete secondary tasks supports Young & Regan’s (2013)
idea that modern drivers cognitively adapt to distraction.
Given the cultural shift toward more fast-paced multitasking
environments (Strayer et al., 2015), modern drivers may have
developed more efficient strategies for managing their
interactions with IVIS and other in-vehicle systems. These
strategies may result in a reduced need for longer off-road
glances due to drivers pre-planning to streamline their
interactions and to anticipate future needs and events.

5. Conclusions

This study evaluated the validity of the OTP in
reflecting real-world driver glance behaviour while drivers
conduct secondary in-vehicle tasks. Contrary to the expected
validity of the OTP standards, results showed that driver off-
road glances occurred less frequently and for shorter
durations than anticipated. This suggests that real-life driving
may in fact pose less risk for off-road glances than the OTP
anticipates. Nevertheless, as in-vehicle technology available
to drivers evolves, it is critical that the OTP regulatory
standards and testing methods accurately reflect human
distraction tolerances. This emphasises the need for task-
specific regulations, and for vehicle manufacturers,
policymakers and safety regulators to reconsider how they
integrate secondary driving tasks into vehicle systems.
Reducing the visual and cognitive demands associated with
secondary in-vehicle tasks, such as using IVIS, could result
in a dramatic reduction in the risk of serious casualty crashes
caused by preventable driver distraction.
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Abstract: This study compared a camera monitor system (CMS) with conventional mirrors during mixed driving with
heavy goods vehicles (HGVs). Ten professional drivers participated in a semi-naturalistic driving experiment providing
eye-tracking data, subjective ratings, and general opinions. The central finding is that drivers glanced at the CMS
displays more frequently during driving, while subjective workload, eye fatigue, and sleepiness remained similar
between mirror conditions. The study provides insights into the current state of CMS and concludes that more nuanced
evaluations of driver distraction and inattention may require clearer, context-specific benchmarks for what attention
and scanning behavior a given driving situation and task demands.

1. Introduction

This work was conducted within a research project
investigating the use and experiences of the existing and
future displays, interfaces, and driving environments in cars
and trucks. A camera monitor system (CMS) for heavy goods
vehicles (HGVs) is increasingly common. However, one of
the main motivations for introduction has been reduced drag
and fuel consumption and not only an enhanced driving
experience. Still, it is expected that a CMS can improve
overall driving performance, comfort, and safety (An et al.,
2024). Based on this, and drawing on prior interviews with
field test drivers, this study was set up as a semi-naturalistic
driving experiment comparing CMS and conventional
mirrors.

2. Method

Ten test drivers from AB Volvo participated in the
study (7 male, 3 female, mean age of 43 years (SD = 16.0,
range 25-65)). Their mean driving experience was 15.2 years
(SD =10.2, range 4-36), and they had varying levels of prior
CMS experience, ranging from no prior exposure to
approximately 4 years.

2.1 Procedure

Starting from Haéllered test track outside Boras in
Sweden, each participant conducted a driving and reversing
task. The driving consisted of a 100 km loop of mixed driving
during afternoon (light/dusk conditions, more traffic) and
evening (dark conditions, less traffic). The reversing took
place inside the test track with the instructions to freely
reverse into a parking slot. These tasks were done two times
per session, and each participant repeated the same procedure
for both mirror conditions (counterbalancing the start with
either CMS or conventional mirrors).

2.2 Equipment and data collection

Two Volvo FH trucks with similar drivetrains and
trailers attached (pink color for CMS, and orange for
conventional mirrors) were prepared with the following
equipment: 1) An inverter connected to the onboard battery

to power equipment, 2) Three eye-tracking camera sensors
with associated computer (Smart Eye Pro, n.d.), 3) Web
cameras directed at each mirror, and 4) A laptop with
software to collect and synchronize data (iMotions, n.d.). In
addition, subjective ratings of mental workload (NASA-
TLX), sleepiness (KSS), and visual fatigue (VFS) were
collected, as well as general opinions when comparing the
two mirror conditions at the end of the session.

3. Results

3.1 Glance patterns

Glances were derived from eye-tracking data using
pre-defined areas of interest (AOI) for the left and right CMS
and conventional mirrors. During driving, participants spent
significantly more time glancing at the CMS displays (see Fig.
1). Since mean glance durations showed similar results
between conditions (~450 milliseconds), the differences in
dwell time were instead due to more frequent glances at the
left display during the CMS condition.

101 p=0.001 **

T
p=0.024 *

I %

CMS D1 CMS D2

1
p=0.018 *

Dwell time (%)

Mirror D1 Mirror D2

Fig. 1. AOI dwell time (% of driving task) per condition and
drive. Bars = group mean + 95% CI. Brackets: Holm-
corrected post-hoc comparisons (2x2 rm-ANOVA).

The reverse parking task did not result in any
significant differences between CMS and the conventional
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mirror conditions, and only a trend of lower dwell time for
daytime conditions with conventional mirrors (see Fig. 2).
However, this data set was fairly limited and subject to more
eye-tracking noise as participants adjusted their seating and
head positions more.

p=0.013 *

| |
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Dwell time (%)
8 3
—_—

20

CMS D1 CMS D2 Mirror D1 Mirror D2

Fig. 2. AOI dwell time (% of reversing task) per condition
and drive. Bars = group mean + 95% CI. Brackets: Holm-
corrected post-hoc comparisons (2%2 rm-ANOVA).

3.2 Time-on-task

Driving session durations ranged from 96 to 115 minutes
across all 40 drives, with a group mean of 104 minutes (SD =
4.1 min). There were also no significant differences in task
durations for the reverse parking task (M =51.8 s, SD = 15.8
s), ruling out that the results on glance behavior would be
clearly affected by unequal task durations (see Fig. 3).
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pillar), 5) Additional functions (e.g., zoom, pan etc.), 6)
Lower cabin wind noise, and 7) A narrower cabin when
passing wider objects. In terms of possible improvements or
weaknesses, these included: 1) Static image perspective when
moving your head, 2) More difficult to judge depth and
distance, 3) More difficult to reverse (i.e., the trailer looks
straight in one screen but not in the other due to a fish-eye
lens effect), 4) Lower image quality/resolution and sense of
reality, 5) Grainy in darkness (and sometimes difficult to see
in rain, fog, and snow), and 6) More difficult to fix if broken.

The quantitative outcome of higher dwell time for
CMS during driving, with significantly more glances at the
left CMS display, can be linked to comments such as the
following: “The displays are closer to my field of view, so [
use them more frequently. They draw focus to themselves.”
(TP2). It was also stated that a lack of experience with CMS
could affect their use, with one participant reflecting that “/¢
is an old habit to use mirrors, and it is easier to reverse
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straight and judge distances with them”.
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Fig. 3. Task duration for reverse parking per condition and
drive. Bars = group mean + 95% CI. Brackets: Holm-
corrected post-hoc comparisons (2x2 rm-ANOVA).

3.3 Subjective ratings and opinions

The subjective ratings turned out to be quite consistent
between drives and conditions. However, there was a trend of
decreased mental demand following the second drive (in
darkness but with less traffic). Sleepiness instead increased
over the three reporting times during the session (see Fig. 4).
While all drivers did not share the same opinions, favored
features of the CMS included: 1) Night vision mode, 2)
Closer proximity of displays resulting in fewer head turns, 3)
View stays cleaner, 4) Better direct field of view (past the A-
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Fig. 4. Subjective ratings for CMS (pink dots) and mirrors
(orange squares). Group mean + 95% CI connected with

trend lines and individual ratings in the background.
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4. Discussion and conclusions

This study compared a CMS with conventional
mirrors during mixed driving with HGVs, collecting eye-
tracking data, subjective ratings, and driver opinions. The
central finding is that drivers glanced at the CMS displays
more frequently than at conventional mirrors during driving,
while mean glance duration remained similar between
conditions. This reflects more frequent sampling of the
display rather than longer fixations on it, suggesting drivers
are checking the CMS more often rather than being held by it
once they look. For the more limited reverse parking sample,
this effect was not found. Reversing is a focused, self-paced
task whereas driving involves more ambient scanning, and
this suggests that the influence of CMS on glance behavior
may be task-dependent rather than uniform across all driving
activities. These findings speak to a recurring challenge in
driver distraction and inattention research of distinguishing
genuine distraction from necessary task-relevant information
sampling. Unlike an infotainment screen or phone, a CMS
display is itself a source of driving-relevant information, so
more frequent glances toward it are not distraction in the
conventional sense. The question is whether attention drawn
to one relevant source comes at the cost of others also
required for safe driving. Addressing this will require clearer,
context-specific benchmarks for what attention and scanning
behavior a given driving situation and task demands.
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Abstract: The increasing use of touchscreen interfaces in vehicles has raised concerns about their impact on driver
visual attention. This study compared eyes-off-road behavior during secondary task interactions performed using tactile
and touchscreen interfaces during a continuous tracking task using a steering wheel and pedals. Eighteen participants
completed two counterbalanced tracking sessions while interacting with interface elements in response to randomly
presented prompts. Eyes-off-road behavior during each interaction was measured using eye tracking and analyzed with
mixed-effects logistic regression. Touchscreen interactions produced dramatically higher odds of off-road glances than
tactile interactions (b = 5.45, p <.001; OR = 232). While 36.1% of tactile interactions were completed without an off-
road glance, only 3.5% of touchscreen interactions were completed without an off-road glance. These results indicate
that touchscreen-based controls may substantially increase visual distraction during in-vehicle secondary tasks.

1. Introduction

Modern automotive design increasingly favors
touchscreen-based controls for in-vehicle information
systems (IVIS) over tactile controls (Huo et al., 2024; Suh &
Ferris, 2019). While touchscreens provide flexibility and
allow many functions to be consolidated into a single
interface, they may also increase driver distraction (Crossland
et al., 2019; Strayer et al., 2019). Compared with tactile
interface elements such as physical buttons and knobs,
touchscreen controls have been associated with greater visual,
manual, and cognitive workload (Nagy et al., 2023). Driver
distraction due to IVIS interactions was estimated to have
caused 1.66% of all crashes (Ziakopoulos et al., 2019). Driver
distraction more broadly remains a major safety concern, with
approximately 13% of police-reported crashes involving
distraction (NCSA, 2025) — a figure that could increase as
touchscreen interfaces continue to displace tactile controls in
modern vehicles.

Total Eyes-off-road time (TEORT) can be used to
measure driver distraction due to IVIS interactions because
visual attention devoted to IVISs competes with attention
needed for monitoring the roadway and responding to hazards
(Purucker et al., 2017). Safety guidelines therefore emphasize
minimizing off-road glance durations. For example, some
guidelines recommend that in-vehicle tasks be designed such
that individual glance durations remain below approximately
two seconds and that total eyes-off-road time during a task
remains limited (NHTSA, 2013).

The present study examined if secondary tasks
performed using a touchscreen interface are more likely to
require drivers to look away from the roadway than tasks
performed using a tactile interface. The study used a within-
subjects design in which participants completed repeated
secondary task interactions while performing a continuous
tracking task in a simulated driving paradigm.

2. Method

2.1 Participants and Design

Eighteen participants were recruited (11 female, 8
male) with a mean age of 25 years old (SD = 5.27).
Participants provided informed consent and were
compensated with either a $20 gift card or extra credit in an
undergraduate course. The experiment used a within-subjects
design in which each participant completed two driving
sessions: one with the tactile interface and one with the
touchscreen interface. Interface order was counterbalanced
across participants.

2.2 Apparatus

The tactile interface consisted of a 12” custom control
panel including a potentiometer, rotary encoder, two
momentary buttons, and two latching buttons connected with
a Bodnar BU0836X interface. The touchscreen interface was
presented on a 12” touchscreen display and included a slider,
two momentary buttons, a scroll bar, and two toggle buttons
implemented in Unity. Control types and sizes were matched
across modalities and placed in comparable locations.

The primary driving task was developed in Unity and
controlled using a Logitech G920 steering wheel and pedals.
The task consisted of a vertically scrolling road in which
participants tracked a target moving down the center of the
road. A Pupil Labs Core eye tracker recording at 60 Hz was
used to determine when participants looked away from the
primary task display.

2.3 Procedure

Participants practiced the primary driving task for up
to five minutes and the secondary task controls on both
interfaces for up to 3 minutes. After eye-tracker calibration,
participants completed a 15-minute driving session while
responding to interface prompts presented at random intervals.
Each prompt appeared as a number on the driving display
corresponding to a labeled control on the interface (See Fig.
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1 for an example). A total of 120 prompts were issued during
each session. After a short break to switch interfaces,
participants completed a second 15-minute session using the
remaining interface.

L Ji ‘ ' E
Fig. 1. (A) Image of the primary task, (B) Tactile secondary
task interface, (C) Touchscreen secondary task interface.

2.4 Analysis

The primary analysis used a mixed-effects logistic
regression, as the dependent variable—whether participants
looked away from the road during an interaction—was binary
and observations were nested within participants.

3. Results

3.1 Interface Effect on Looking Away from Road

A mixed-effects logistic regression model included
modality (tactile vs. touchscreen), modality order, and trial
number within session (mean-centered) as fixed effects (See
Table 1). Random intercepts and random slopes for modality
were included by participant to account for individual
differences in both baseline tendency to glance off-road and
sensitivity to the modality manipulation.

Before interpreting the primary model, a likelihood-
ratio test confirmed that allowing modality slopes to vary by
participant significantly improved model fit relative to a
random-intercept-only model, ¥*(2) = 154.28, p <.001, AAIC
= —150.3, ABIC = —137.6. This indicates meaningful

between-participant variability in the size of the modality
effect, which can also be observed in Figure 2, justifying the
more complex random-effects structure. Neither model
showed convergence warnings or singularity.
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Tactile Touchscreen

Fig. 2. Proportions of interactions completed without looking
away from the road split by modality for each participant.

Fixed-effect estimates from the primary model are
reported below in Table 1. The random-effects structure
yielded participant-level intercept variance of SD = 1.07 and
modality slope variance of SD = 2.48 (intercept—slope
correlation r =.16).

Touchscreen interactions were associated with
substantially greater odds of glancing off-road compared to
tactile interactions, b = 5.45, SE = 0.95, z = 5.75, p < .001,
OR = 232.00, 95% CI [36.30, 1486.00]. Model-estimated
marginal probabilities of glancing off-road were 67.6%
[55.7%, 77.6%] for tactile interactions and 99.8% [98.6%,
100.0%] for touchscreen interactions, consistent with the raw
descriptive rates of 63.9% and 96.5%, respectively.

Interaction number within session was also a
significant predictor of glancing off-road, b = —0.011, SE =
0.001,z=-7.55,p<.001, OR =0.989, 95% CI [0.986, 0.992].
Each successive interaction was associated with
approximately a 1.1% reduction in the odds of looking away,
potentially indicating a familiarization effect within the
driving sessions. However, modality order was not a
statistically significant predictor, b = —0.68, SE = 0.42, z =
-1.61,p=.108, OR =0.51, 95% CI [0.22, 1.16].

Consistent with this difference, Figure 3 shows the
distributions of TEORT times split between modalities.

Table 1. Mixed-effects logistic regression comparing eyes off road occurrence by modality, order, and interaction

Estimated Standard Z-value P-value Odds 95% CI
Coefficient Error Ratio
Intercept 1.072 0.334 3.21 0.001 2.92 [1.52,5.62]
Modality 5.448 0.947 5.75 <0.001 232.39 [36.33, 1486.44]
Order -0.675 0.420 -1.61 0.108 0.51 [0.22, 1.16]
Interaction # -0.011 0.001 -7.55 <0.001 0.99 [0.99, 0.99]
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Figure 3. Distribution of Total Eyes-Off-Road Time for
Interactions Between Modalities.

4. Discussion

Touchscreen interactions were substantially more
likely to require drivers to look away from the roadway than
tactile interactions. Nearly all touchscreen interactions
required an off-road glance, whereas over a third of tactile
interactions were completed without visual diversion. This
pattern supports the argument that the absence of tactile
feedback increases reliance on visual guidance during
interaction. This is consistent with prior work comparing
touchscreens and physical buttons, which found that the lack
of tactile cues in touchscreen interfaces increases the need for
visual confirmation during interaction (Huo et al., 2024).

These findings also have implications for IVIS design
guidelines. The high probability of off-road glances observed
for touchscreen interactions suggests that certain touchscreen
control types could make it more difficult to comply with
recommendations that limit glance duration and total eyes-
off-road time. Prior research has emphasized the importance
of minimizing total eyes-off-road time during in-vehicle
interactions because longer visual diversions from the
roadway are associated with increased crash risk (Purucker et
al., 2017; Strayer et al., 2019).

Several limitations should be considered. The strong
modality effect produced extremely large odds ratios, which
may be inflated by ceiling effects. In addition, the reduction
in eyes-off-road behavior across interactions suggests that
continued practice may reduce the need for visual attention
over time. However, research indicates that drivers may also
exhibit negative behavioral adaptation as they become
familiar with in-vehicle technologies. In a multi-day
simulator study, drivers’ maximum eyes-off-road glance
durations increased over repeated exposures to IVIS text
entry tasks, suggesting that drivers may become more willing
to allocate visual attention to the interface as they grow more
comfortable using it (Peng & Boyle, 2015). This pattern
suggests that familiarity with an interface does not
necessarily reduce distraction risk and may encourage longer
visual engagement with in-vehicle systems. Future work
could examine how familiarity with an interface influences
glance behavior across different control modalities.

5. Conclusions

This study compared tactile and touchscreen
interfaces during repeated secondary task interactions in a
simulated driving environment. Touchscreen interactions
were dramatically more likely to require drivers to look away
from the roadway than tactile interactions. These findings
highlight the role of tactile feedback in supporting eyes-
forward interaction and suggest that touchscreen interfaces

may impose greater visual demands during secondary task
performance.
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Recent developments position driver monitoring systems (DMS) as a mechanism for adapting ADAS
intervention thresholds in real time, based on detected driver state. The project examined 224 fatal
crashes in Sweden involving driver degradation to assess the theoretical effectiveness of this approach.
Crashes were coded according to a new coding scheme, including longitudinal vs lateral origin, error
types similar to the familiar omission/commission taxonomy, here expressed as ‘underperformance’ vs
‘overconfidence’ and an estimation of whether driver degradation would be possible to detect in time
with confidence. Results include descriptive statistics about ten basic scenarios, breakdown of these into
longitudinal and lateral origin crashes, how different driver degradations relate to different basic errors,
and a breakdown of ‘suspected distraction or sleepiness related action’ into primarily distraction-related
and primarily sleepiness related crashes. It is argued that longitudinal crashes followed by lateral origin
crashes, both with non-transient driver degradation patterns are most suitable for adaptive interventions.
However, as many of the crashes included vehicles not equipped with AEB or LKA/ELK, the primary

recommendation is to first promote full market penetration of standard ADAS. For transient
impairments and quickly developing crash scenarios, driver state detection and crash prediction
uncertainties compound quickly, leaving little confidence basis for intervention - in the words of

Hippocrates: “first, do no harm’.

1. Introduction

While fatality rates on the roads are getting
lower largely thanks to the combination of
infrastructure changes such as divided highways and
improvements in protective safety, crashes attributed
to driver degradation such as sleepiness, distraction,
alcohol or drugs are still fairly frequent (Forsman
2015, 2023).

Advanced Driver assistance = (ADAS)
technology such as Automatic Emergency Braking
(AEB) or Lane Keeping Assistance (LKA) has been
available for some time, including systems to help
maintain lane position, keep distance from vehicles
ahead, and apply emergency braking in critical
situations (Danielsson 2025). Driver monitoring
systems have developed considerably in recent years,
with increasingly capable detection of drowsiness,
distraction and impairment (Halin et al. 2021). Recent
discourse has proposed using these systems to adapt
intervention thresholds of existing ADAS. The
premise is straightforward: if a driver shows signs of
impairment such as sleepiness, distraction, or
substance influence, systems could intervene earlier or
more forcefully than they would for an alert driver.

This study had two aims. The first was to map
scenarios in fatal crashes caused by impaired driving
ability due to fatigue, distraction and the influence of
alcohol or drugs, in order to better understand how to
intervene at an operational level close to the crash.
The second aim was to analyse the possible effects of
adaptive interventions, such as making automatic

braking systems and lane keeping assist systems
adaptive to the driver's state.

The premise for this project is that the driver
bears primary responsibility for operating the vehicle,
whilst collision avoidance systems and driver
assistance systems function as complementary
protective mechanisms to reduce the risk of or
consequences of accidents

In order to better understand the timing and
actions involved in crashes with suspected driver
impairment, we analysed in-depth data from 224 fatal
crashes in Sweden.

2. Method

2.1 In-depth accident meta analysis

The project was granted access to a selection of
the in-depth studies of fatal accidents collected by the
Swedish Transport Administration during the years
2010-2023, a total of 2,708 accidents with 6,551
involved people, and 2,980 fatalities. From the
original database at person level, the following
selection criteria were used: traffic participant role:
driver. Vehicle year: 2000 or newer was selected to
exclude the very oldest vehicles that may not be
entirely representative with regard to safety and road
characteristics. Accident types - all except wildlife
accidents. The weather conditions were no
precipitation and road condition was dry or moist
roadway to exclude unfavourable road or visibility
conditions. Finally, parameters “suspicion of
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fatigue-/distraction-related action”, “alcohol” or
“drugs” should be “Yes”. In the end 373 cases were
filtered out for analysis, of these a full review of 224
were completed due to time/budget cap. These were
distributed according to Table 1. Priority was given to
include all cases of accident types with relatively few
cases, and then filling up with the two most common
types, single-vehicle accidents and head-on collisions.
In absolute terms, these accident types are still most
common in the study, with 62 and 67 cases
respectively.

Table 1 Number of crashes per type

Accident type Reviewed Number in  Percentage
selection covered
Turning 11 11 100
Bicycle/Moped 13 13 100
vs vehicle
Pedestrian vs 27 27 100
motor vehicle
Train/Tram 5 5 100
Crossing paths 11 11 100
Head-on 67 113 59
Overtaking 7 7 100
Single-vehicle 62 154 40
Rear-end 20 20 100
Miscellaneous 12 12 100
Total 224 373 60

The study utilised post-crash investigation
data, including police reports, medical records,
toxicology results, and crash reconstruction analyses.
Crashes were classified according to two primary
patterns of driver degradation: underperformance —
late or absent manoeuvring due to missed hazard
detection, itself stemming from distraction,
sleepiness, or in some cases visual obstruction — and
overconfidence — excessive speed for conditions,
resulting in loss of vehicle control.

2.2 Analysis framework

Each case was coded by the author against a
structured scheme covering error type (omission or
commission), impairment temporality (transient or
continuous), relevant ADAS type (lateral,
longitudinal, or both), and an assessment of whether
timely detection of impaired driver capability was
considered feasible.

A fundamental limitation is acknowledged:
exact event sequences cannot be reconstructed with
certainty from post-crash evidence. Classification of
degraded driver performance often relied on
circumstantial evidence, which tends to confirm
stereotypical patterns — the drowsy driver drifting off
the road, for instance. Medical evidence and
toxicology provide stronger grounds for classification
in substance-related cases, but behavioural inference
remained necessary throughout. This evidentiary
uncertainty is not merely a methodological

inconvenience; it mirrors the detection uncertainty
faced by real-time monitoring systems attempting to
classify driver state from indirect signals.

3. Results

3.1 ADAS type

Most crashes were in the categories head-on
and single vehicle. The impairments seen most
frequently in those scenarios are alcohol and
sleepiness. Head-on crashes had a higher share of
suspected sleepiness while single vehicle crashes had
a higher share of alcohol and drugs.

3.2 Subdivision of impairments

A subsample of 172 cases classified as
‘suspicion of distraction or sleepiness related action’
were analysed to be categorised further as primarily
related to either factor. Of those cases 45% were
interpreted to be related to distraction, 36% to
sleepiness, 23% were unclear, and the 6% remaining
cases were related to substances or illness.

3.3 Intervention feasibility

A qualitative analysis was performed for each
basic scenario, based on most frequent impairment
type, impairment being transient or non-transient,
scenario origin being predominantly longitudinal or
lateral errors, covering the following categories:
Scenario Description, Impaired Driver Capability,
Scenario Variation and Characteristics, Complexity in
Responsibility  Distribution, ADAS  Potential,
Adaptation Possibilities, and Adaptation Challenges.
Standing out in the analysis were single-vehicle and
rear-end crashes, which were considered to show the
greatest potential benefit from adaptive intervention,
followed by head-on collisions.

4. Discussion

4.1 Crash origins

It could be argued that most head-on and single
vehicle crashes have origin in unrecoverable lane
deviation/departure. This could be related to
sleepiness being related to ceased manoeuvring while
within speed limits while drug and alcohol-related
crashes can possibly be related to overconfidence and
over-speeding, resulting in loss of control and high
speed road departure.

The investigated crashes can be categorised as
originating in excessive variation or deviations in
either longitudinal (over-speeding, late braking, early
starting) or lateral (lane departure leading to head-on
collision or road departure and collision with terrain)
directions. This generally maps to two or three ADAS
systems. For longitudinal direction there is the
continuous support from ACC, and the emergency
intervention in AEB, for lateral direction there is the

156



continuous support from LKA and a more intermittent
version in LDW.

4.2 Performance degradations

The human driver performance degradations
covered can be categorised as transient in nature, such
as a brief visual distraction, or non-transient, such as
fatigue, sleepiness or substance use. Ironically, some
transient states are fairly uncomplicated to detect,
while the non-transient impairments show more subtle
signs, large intra-individual variations and a small
signal-to-noise ratio and are therefore not always
straightforward to detect with confidence.

4.3 Predominant errors

The main driver errors encountered in the
study were driver underperformance — related to
missed detections, or early or late actions, mainly
errors of omission, (Reason 1990) and related to
distraction, sleepiness, and in some cases alcohol use.
These can be contrasted with overconfidence errors
which are mainly errors of commission — wrong
selection of action or selecting actions outside the
current suitable performance envelope based on
visibility, road conditions. The overconfidence errors
seem to be mostly related to drug use, and in some
cases also to alcohol. The error type at least in part
determines what kind of intervention is needed.

4.4 Intervention adaptions

The two main intervention adaptation variants
considered in this project were 1. earlier longitudinal
action, to the extent that it constitutes similarly early
intervention as ACC deceleration and 2. stronger
LKA torque, in order to keep vehicles in lane until an
emergency stop could be performed.

Given the detection uncertainty for both driver
impairment and conflict/collision detection, it would
make most sense to intervene in the case of a
continuous  impairment detected with good
confidence, for a longitudinal scenario with good time
margins, such as a rear-end scenario, but also to some
extent adapt LKA torque so as to avoid lane
departures.

As a further step one could also consider late
adaptation of AEB to a transient impairment such as
visual inattention/distraction, but due to the short
timespans involved extraordinary caution should be
taken not to trigger a hard AEB braking based on
insufficient evidence and thereby worsen a situation,
essentially the Hippocratic ‘first do no harm’.

5. Conclusions

The DMS-to-ADAS integration pathway
deserves careful scrutiny of its benefit-risk profile —
including failure modes, false positive rates, and
driver adaptation. Many of the crashes analysed were
preventable in principle, but many vehicles were not
equipped with intervening ADAS, which makes the

obvious first step to ensure full market penetration of
basic ADAS functions, such as ACC/AEB and
LKA.

For prevention of substance-related crashes,
interventions that prevent starting the driving task
(like alcohol interlocks) show greater promise than
graduated real-time threshold adaptation. The latter
faces fundamental challenges: limited detection
confidence and narrow intervention windows.
Proceed with caution.
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Abstract: This study examines how talking/singing while driving affects crash risk under naturalistic conditions,
comparing high- and low lateral-interaction environments. Using weighted SHRP2 data, we evaluated talking-related
tasks against four baseline types, including a new Acceptable-task baseline representing societally accepted behaviors.
Talking generally did not increase crash risk under realistic baselines, possibly reflecting increased forward glances and
preserved automatized braking responses (cognitive control hypothesis), although talking/singing (audience unknown)
was elevated in low lateral-interaction environments. In high lateral-interaction environments, modest risk increases
appeared, especially for hand-held phone conversations. Visual-manual phone tasks consistently showed elevated crash
risk across all contexts. The work underscores the importance of baseline choice and driving environment.

1. Introduction

Many countries have banned phone use while driving
due to strong evidence that it harms safety. Numerous studies
show that Visual-manual phone tasks greatly increase crash
risk. Although these Visual-manual tasks produce clearly
elevated on-road risk in naturalistic driving studies (NDSs),
talking on the phone (hand-held or hands-free) has not shown
a significant crash-risk increase in real-traffic data (e.g.,
Klauer et al., 2014). Depending on the baseline, several
analyses even suggest a protective effect (e.g., Young, 2019).
Explanations include: (a) talking may replace riskier tasks,
and (b) talking increases forward-directed glances. Critics
note that the NDS crashes used for the risk assessments are
largely rear-end events in relatively simple situations, where
increased eyes-on-road time can be protective. Other critics
cite simulator studies showing slower reactions under
cognitive load (e.g., Drews et al., 2008). However, yet others
argue these simulator effects may reflect study design rather
than real-world crash risk (Engstréom et al., 2017).

We examine how talking or singing affects crash risk
under Low versus High lateral-interaction. Because
conversational cognitive load shifts gaze forward, we expect
higher risk when hazards arise laterally rather than straight
ahead.

We also assess how baseline choice influences
crash-risk estimates; prior work shows large differences, with
Ideal driving yielding the highest—and arguably
unrealistic—risk values. As an alternative, we introduce an
Acceptable-task baseline, consisting of tasks that are
societally accepted while driving and unlikely to be legally
restricted.

2. Method

2.1 Dataset

We used data from the SHRP2 NDS, in which ~3,400
participants drove instrumented vehicles during everyday use
from 2010-2013. The data-acquisition systems recorded
video, and on-board sensors, totaling ~56 million km

(Hankey et al, 2016). SHRP2 identified and
severity-classified safety-critical events. We used crash
Levels I-III (excluding low-risk tire strikes) and baseline
segments, which serve as non-critical comparison samples.
Both crashes and baselines are provided as 6-s segments
(epochs). All crash types (rear-end, run-off-road, pedestrian,
etc.) were included.

SHRP2 also provides manually annotated
secondary-task data (Hankey et al., 2016). These tasks are
non-driving activities (such as phone use and eating/drinking)
that may divert attention from driving. SHRP2 defines 62
secondary-task types, and each epoch may include 0-3 tasks.

2.2 Covariate and population balancing

We used propensity scores to balance observed
driving-context covariates between events with and without
the task. Propensity scores—the probability of treatment
given covariates—were estimated and used as weights so that
events without the task represented the counterfactual for
those with it. Because the SHRP2 age distribution differs
from that of U.S. licensed drivers, we applied an additional
age-based weight using the ratio of U.S. to SHRP2 age-group
proportions. The final weight used was the product of the
propensity and age components and was used in all analyses.

2.3 Tasks and baseline

2.3.1  Talking/singing tasks

This paper focuses on talking/singing tasks, which are among
the most common secondary tasks. SHRP2 defines four
talking/singing-related tasks: two passenger-interaction tasks
(front-seat and rear-seat interaction) and two non-passenger
tasks (Talking/singing, audience unknown and Cell-phone
talking/listening, hand-held). We concentrate on the latter
two, as passenger interactions often involve off-road glances
toward the passenger, and we want to focus on the cognitive
component of the conversational tasks.
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2.3.2  Other tasks

In addition to talking tasks, we also evaluate the risks
associated with Radio tuning and a broader set of primarily
Visual-manual cell-phone tasks (Table 1). Radio tuning is
part of the foundation for NHTSA’s distraction guidelines
and corresponds to what we classify as Acceptable tasks. In
contrast, Visual-manual cell-phone tasks represent actions
that are illegal in many jurisdictions.

Table 1 Visual-manual cell-phone-related tasks
(SHRP?2 annotation categories)

- Holding - Texting

- Browsing - Dialing hand-held

- Locating/reaching - Dialing hand-held using
/answering quick keys

- Other

2.3.3  Baselines

To assess crash risk, the tasks need to be compared to
an appropriate baseline. We define four baselines:

o [deal-driving (“ldeal”) — only tasks directly related to
safe driving.

o Acceptable-driving (“Acc.drv.”’) — Ildeal-driving
behaviors plus societally accepted tasks unlikely to be
restricted (see Table 2).

o Acceptable-task (“Acc.task”) — only the acceptable
tasks, excluding driving-related tasks.

e Task-absent — includes all tasks except the task being
evaluated.

Table 2 Acceptable-tasks (SHRP2 annotation categories)

- Adjusting/monitoring
climate control

- Drinking with lid and straw
- Adjusting/monitoring radio
- Smoking cigar/cigarette

- Passenger in adjacent seat
interaction

- Drinking from open
container

- Drinking with lid, no straw
- Drinking with straw, no lid
- Biting nails/cuticles

- Passenger in rear seat
interaction

2.3.4  Locality

In addition to glance behavior, SHRP2 records the
locality of each event (see Table 3). To assess how context
influences crash risk, we grouped localities into High
lateral-interaction areas—where drivers are more likely to
encounter crossing traffic and vulnerable road users and must
monitor the surroundings more actively—and Low

Table 3 Context categories (SHRP2 annotation categories)

Low lateral-interaction
- Bypass/Divided Highway
with traffic signals

High lateral-interaction
- Moderate Residential

- School - Interstate/bypass/ divided
highway without traffic
signals

- Church - Open Country

- Business/Industrial

- Playground

-Urban

lateral-interaction  areas, where driving is more
forward-focused (e.g., highways, open country).

2.4 Analysis

To evaluate the effect of secondary tasks on crash risk,
we use the weighted SHRP2 crash and baseline data to
estimate odds ratios (ORs) and their corresponding Cls using
logistic regression models.

3. Results

First, the OR comparing Low versus High lateral-
interaction shows that crash odds in High lateral-interaction
areas were more than three times higher (age-weighted OR =
3.45,95% CI =2.79-4.31).

Across all tasks and conditions, ORs follow a
consistent pattern (Table 4): risk is highest when using the
Ideal-driving baseline and decreases as broader baselines are
applied, reaching their lowest values with the Task-absent
baseline.

For Talking-related tasks and for
Adjusting/monitoring the radio, the Ideal-driving and
Acceptable-driving baselines yield significantly elevated ORs.
In contrast, when compared with the Acceptable-task or
Task-absent baselines, these tasks generally do not show
significantly increased crash risk.

Two notable exceptions emerge. First, for Hand-held
phone talking in Low lateral-interaction areas, the OR
relative to the Task-absent baseline is significantly below 1
(two crashes only), with the OR relative to the
Acceptable-task baseline also below 1, though not
statistically significant. Second, Talking/singing, audience
unknown in Low lateral-interaction areas shows consistently
elevated ORs across all baselines, unlike the pattern for
Hand-held phone talking.

When the two talking tasks are combined, ORs for the
broader baselines (e.g., Task-absent) cluster near 1. This
reflects the opposing OR patterns of the two subtypes and the
higher prevalence of Talking/singing, audience unknown. In
Low lateral-interaction areas, where Talking/singing,
audience unknown has 14 of the 16 crashes, combined ORs
follow it (1.22—1.82).

Across all baselines, combined talking tasks show
lower ORs than Adjusting/monitoring the radio. By contrast,
Visual-manual cell-phone tasks (Table 1) exhibit consistently
elevated crash risks, with ORs above 2 for all baselines except
in Low lateral-interaction areas, where confidence intervals
are wide.
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Table 4 Odds ratios with confidence intervals across tasks,
driving context and baseline

Task Locality Baseline OR (95% CI)

Ideal 2.03 (1.33 —2.98)
All Acc. drv. 1.91 (1.26 — 2.79)
Acc. task 1.39 (0.89 —2.10)
Task abs. 1.23 (0.82 - 1.77)
High Ideal 2.31 (1.49 —3.43)
Cell Phone Jateral Acc. drv. 2.19 (1.43 -3.24)
Hand Held interact Acc. task 1.68 (1.06 — 2.60)
Task abs. 1.49 (0.98 —2.17)
Low Ideal 0.34 (0.01 — 1.85)
Jateral Acc. drv. 0.31 (0.01 — 1.66)
interact Acc. task 0.19 (0.01 — 1.09)
Task abs. 0.17 (0.01 — 0.93)
Ideal 1.45 (1.05 — 1.96)
All Acc. drv. 1.40 (1.02 — 1.87)
Acc. task 1.04 (0.74 — 1.46)
Task abs. 0.94 (0.70 — 1.25)
Talking/ High Ideal 1.21 (0.83 - 1.72)
singing Jateral Acc. drv. 1.16 (0.81 — 1.63)
Audience interact Acc. task 0.86 (0.58 —1.27)
Unknown Task abs. 0.79 (0.55 -1.09)
Low Ideal 2.50 (1.29 — 4.55)
Jateral Acc. drv. 2.47 (1.30 — 4.39)
interact Acc. task 2.24 (1.04 — 4.84)
Task abs. 1.88 (1.01 —3.23)
Ideal 1.62 (1.24 - 2.09)
All Acc. drv. 1.55 (1.19 — 1.98)
Acc. task 1.13 (0.84 —1.52)
Task abs. 1.03 (0.80 — 1.30)
Cell Phone . Ideal 1.53 (1.14 - 2.03)

Hand Held High Ace. d 1.46 (110 — 1.92
& Talking lateral ce, arv. 46 (L. 92)
Audience interact Acc. task 1.07 (0.77 — 1.49)
Unknown Task abs. 0.99 (0.76 — 1.28)
Low Ideal 1.82 (0.96 —3.28)
lateral Acc. drv. 1.77 (0.95 - 3.10)
interact Acc. task 1.42 (0.68 —2.92)
Task abs. 1.22 (0.67 —2.07)
Ideal 1.76 (1.02 — 2.83)
All Acc. drv. 1.73 (1.01 - 2.77)
Acc. task 1.62 (0.91 —2.74)
Task abs. 1.16 (0.68 — 1.84)
. . Ideal 1.65(0.90 —2.77)
Agﬁf;?f; m lle;ltleng;I Acc.drv. | 1.64(0.90—2.74)
radio interact Acc. task 1.60 (0.85 —2.85)
Task abs. 1.13 (0.62 — 1.87)
Low Ideal 2.40 (0.54 — 7.08)
lateral Acc. drv. 2.27 (0.52 — 6.54)
interact Acc. task 1.79 (0.38 — 6.19)
Task abs. 1.50 (0.35 —4.16)
Ideal 3.38 2.57 —4.41)
All Acc. drv. 3.16 2.42 — 4.07)
Cell Phone Acc. task 2.41 (1.76 — 3.29)
Tasks Task abs. 2.38 (1.84 — 3.03)
(Except Hioh Ideal 3.51 (2.61 — 4.67)
Talking/liste lategral Acc. drv. 3.27 (2.46 — 4.30)
ning, hand- . Acc. task 2.50 (1.78 —3.52)
held & | Mt o kabs. | 2.50 (191 — 3.24)
Dialing L Ideal 1.93 (0.75 —4.22)
hands-free) lat(;::ﬂ Acc. drv. 1.85 (0.72 — 3.95)
interact Acc. task 1.53 (0.55-3.77)
Task abs. 1.38 (0.55 —2.88)

4. Discussion

In Low lateral-interaction areas (e.g., highways),
talking on a Hand-held phone showed little or no added crash
risk, and in some comparisons even appeared protective
relative to societally accepted tasks including Adjusting the
radio. This aligns with earlier NDS work and the
cognitive-control hypothesis (Engstrom et al., 2017), which
holds that conversational engagement boosts forward glances
without hindering automatized braking to looming hazards.

In High lateral-interaction areas (e.g., urban settings
with pedestrians and crossing traffic), Hand-held phone
talking showed moderately elevated risk relative to the
Acceptable-task baseline. This may indicate that although
talking increases forward gaze, it may reduce awareness of
lateral hazards that are more common in these areas.

Visual-manual cell-phone tasks showed high crash
risk, highlighting that off-road glances and manual
interaction remain the most hazardous distractions.

The elevated ORs for Talking/singing, audience
unknown in Low lateral-interaction areas do not match the
pattern for Hand-held phone conversations. Possible
explanations include heterogeneity within the ‘“audience
unknown” category or behavioral differences (e.g., simple
car-following scenarios versus more complex maneuvers
such as lane changes, where cognitive load could have greater
consequences). Further analysis of behavioral and glance
patterns would be needed to clarify this discrepancy.

Methodologically, the finding that the Ideal-driving
baseline overstates risk is consistent with prior work: this
baseline represents unrealistically task-free driving. The
Task-absent baseline, by contrast, reflects the activities that
talking typically replaces and therefore provides the most
policy-relevant comparison. Under this baseline, Talking
tasks generally yield ORs near 1, while Visual-manual tasks
remain clearly elevated. The Acceptable-driving and
Acceptable-task baselines are more realistic than Ideal
driving but are best treated as sensitivity analyses because
they do not capture task replacement effects.

Finally, because @ SHRP2 contains  mostly
lower-severity crashes, these findings cannot speak to rare
high-severity outcomes. Future work using large-scale
continuous in-vehicle monitoring may help address this gap.

5. Conclusions

This study indicates that talking or singing while
driving generally does not raise crash risk when compared
with realistic baselines, particularly for Hand-held phone
talking in Low lateral-interaction areas where increased
eyes-on-road time and preserved automatized responses may
mitigate risk. In high-interaction environments, however,
talking—especially Hand-held phone talking—shows
moderately elevated risk. Some inconsistencies warrant
caution, but overall the results highlight the importance of
baseline choice and driving context when assessing
distraction-related crash risk.
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Abstract: Modern conversational Al systems enable extended, multi-turn dialogue that may alter how drivers allocate
their visual attention, even when aggregate visual demand remains low. This study examined visual attention during
hands-free phone conversation and multi-turn conversational Al interaction using a glance-episode-based framework.
Eye-tracking data collected during real-world driving were analyzed to characterize the duration, sequencing, and
run-level structure of on-road and on-screen glance episodes. On-road glance episodes were substantially longer than
on-screen episodes across both tasks, but mean episode duration, episode sequencing, and on-road run duration did not
differ meaningfully between interaction types. Visual attention patterns remained stable, with brief device-directed
glances embedded within sustained periods of roadway monitoring. These findings suggest that extended conversational
Al interaction can be supported by visual attention structures comparable to those observed during conventional
hands-free phone use and highlight the value of episode-based analyses for evaluating emerging voice-based in-vehicle

technologies.

1. Introduction

Visual distraction is a well-established contributor to
crash risk, with naturalistic driving studies showing that
prolonged or poorly timed glances away from the forward
roadway substantially increase the likelihood of
safety-critical events (Klauer et al., 2006; Klauer et al., 2014;
Victor et al., 2015). As a result, visual attention metrics play
a central role in the evaluation of in-vehicle systems intended
to support secondary task engagement during driving.

Design guidance from the National Highway Traffic
Safety Administration (NHTSA) and the Alliance of
Automotive Innovation emphasizes limits on individual
off-road glance duration and cumulative visual demand,
leading to widespread use of metrics such as mean glance
duration and total eyes-off-road time (Alliance of Automobile
Manufacturers, 2006; NHTSA, 2013). While these measures
summarize overall visual demand, they do not characterize
how visual attention is distributed over time. Tasks with
similar cumulative visual demand may differ in safety
relevance depending on whether off-road glances are brief
and intermittently sampled or occur in clustered sequences
that interrupt roadway monitoring (Victor etal., 2015).

Voice-based interfaces generally reduce visual
demand relative to visual-manual interaction, but modern
conversational systems based on large language models
enable extended, multi-turn dialogue that may alter the
temporal organization of visual attention even when
aggregate visual demand remains low (Reimer etal., 2021;
Monk etal.,2023). Understanding these effects requires
analyses that move beyond aggregate metrics to examine the
structure and sequencing of glance behavior.

The present study focuses on the temporal
organization of visual attention during hands-free phone
conversation and multi-turn conversational Al (Gemini Live)
interaction. Using glance episode and run-based analyses, this
work examines how drivers interleave brief device-directed

glances with sustained periods of on-road viewing. A glance
episode is defined as a contiguous period of visual attention
directed either to the roadway or to the in-vehicle display, and
on-road runs are defined as uninterrupted sequences of
on-road glance episodes bounded by device-directed glances.
These constructs allow visual attention to be examined in
terms of both individual episodes and sustained periods of
roadway monitoring.

The data analyzed here were collected as part of a
broader on-road evaluation of conversational Al (Monk
etal., 2026), but are re-examined using an episode-based
framework that was not emphasized in the prior work.

2. Method

2.1 Participants

Twenty-four licensed drivers (balanced by sex and age
across four groups: 18-24, 25-39, 40-54, 55-60) completed
the study. Participants reported regular driving experience
and routine use of voice-based conversational agents. Eight
additional recruits were excluded due to early termination,
driving performance issues, or equipment failure. The study
was approved by Exponent’s Institutional Review Board.

2.2 Apparatus and Measures

Testing was conducted on public roads in Bowie,
Maryland using a 2025 Chevrolet Trailblazer driven along a
predefined low-complexity route. Visual turn-by-turn
guidance was provided via Android Auto using Google Maps.
A Google Pixel 9 smartphone running a pre-release version
of Gemini Live supported all voice-based interactions
through the in-vehicle display.

Eye movements were recorded using Tobii Pro
Glasses 3. Scene video and gaze data (see Fig. 1) were
processed in Tobii Pro Lab to derive glance episodes to
on-road and in-vehicle regions of interest. Cognitive
workload was additionally assessed using a tactile Detection
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Response Task, and subjective workload and perceived
distraction ratings were collected following each task.

Fig. 1. Forward view from the Tobii Pro 3 Glasses
camera..

2.3 Tasks and Procedure

Five task conditions were evaluated while driving:
visual turn-by-turn guidance only (baseline), hands-free
phone call, Gemini Live single-turn interaction, Gemini Live
multi-turn interaction, and an auditory OSPAN task. During
the baseline condition, participants followed visual turn-by-
turn guidance only. The phone call involved a brief
hands-free conversation with an experimenter outside of the
vehicle. Gemini Live single-turn interactions consisted of one
prompt-response exchange, whereas multi-turn interactions
involved extended dialogue. The OSPAN task served as a
high cognitive-load comparison. Participants completed all
tasks while driving the same route, with task order
counterbalanced.

3. Results

3.1 Mean Glance Episode Durations

Mean glance episode durations were first examined to
compare overall visual attention behavior between the
Hands-Free Phone Call and Gemini Live mulit-turn
conditions. A linear mixed-effects model with task (Hands-
Free Phone Call, Gemini Live) and glance episode location
(on-screen vs. on-road) as fixed effects and participant as a
random effect revealed a pronounced effect of glance episode
location. Across both task conditions, on-road glance
episodes were substantially longer than on-screen episodes
(Fig. 2).

In contrast, no meaningful differences were observed
between the two conditions in mean on-road or on-screen
glance episode duration. Estimated marginal means for both
glance types were comparable across tasks, indicating that
average episode duration alone did not distinguish between
the two voice-based interaction tasks.

4
. On-screen

On-road

Estimated marginal mean glance episode duration (s)

Hands-Free Phone Call  Gemini Live

Fig. 2. Estimated marginal mean glance episode
durations by task and glance episode location.

3.2 Sequential Structure of Glance Episodes

To examine the temporal organization of glance
behavior beyond mean differences, glance episodes were
analyzed as an ordered sequence within each trial minute.
Analyses were restricted to the first three minutes of each trial
and to the first 24 glance episodes within each minute,
ensuring adequate participant representation at each episode
index.

Across both task conditions, on-screen glance
episodes remained brief and relatively stable across the
episode sequence, whereas on-road episodes were
consistently longer (Fig. 3). This pattern was evident across
the full range of analyzed episode indices and did not differ
systematically between the Hands-Free Phone Call and
Gemini  Live conditions. Visual inspection of
episode-indexed means revealed a consistent alternation
between short device-directed glances and substantially
longer on-road episodes, with no evidence that on-road
viewing became shorter or more interrupted over time.

3.3 On-Road Run Structure Between Device Glances

Because neither mean episode duration nor episode
ordering differentiated tasks, a deeper analysis focused on the
structure of continuous on-road monitoring between
device-directed glances. On-road “runs” were defined as
contiguous sequences of on-road glance episodes bounded by
on-screen glances, representing uninterrupted periods of
roadway monitoring.

A linear  mixed-effects model  predicting
log-transformed on-road run duration with task as a fixed
effect and participant as a random effect showed no reliable
difference between the task conditions. Back-transformed
estimated marginal means indicated similar geometric mean
run durations across tasks (Fig. 4), suggesting that drivers
maintained comparable periods of uninterrupted roadway
monitoring during both types of voice-based interaction.
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Fig. 3. Mean glance episode duration as a function of episode order within each trial minute, collapsed across
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Fig. 4. Estimated marginal means of on-road run
duration by task.

4. Discussion

This study examined visual attention during
hands-free phone conversation and extended, multi-turn
conversational Al interaction using a glance-episode-based
framework. Rather than relying on aggregate measures of
visual demand, the analyses focused on how drivers
temporally organize visual attention—specifically, how brief
device-directed glances are interleaved with sustained
periods of on-road viewing—consistent with prior
naturalistic evidence that the timing and structure of glances
are critical for safety outcomes (Klauer et al., 2006; Victor
etal., 2015).

Across all analyses, on-road glance episodes were
substantially longer than on-screen episodes, reflecting the
dominance of roadway monitoring during both tasks.
However, mean glance episode duration did not differ
meaningfully between Hands-Free Phone Call and Gemini

Live Multi-turn interaction. Sequential analyses further
showed that the ordering and stability of glance episodes over
time were similar for both tasks, aligning with prior work
indicating that well-designed voice interfaces can produce
glance patterns resembling baseline driving rather than
visual-manual interaction (Reimer et al., 2021).

At a higher structural level, periods of uninterrupted
roadway monitoring between device interactions—
operationalized as on-road runs—were also comparable
across tasks. These sustained on-road viewing intervals are
consistent with prior evidence that several seconds of
continuous roadway observation may be sufficient to support
the rebuilding of situation awareness following off-road
glances (Meyer etal.,2022; Seaman etal.,2021). Despite
differences in interaction length and conversational
complexity, extended conversational Al interaction did not
alter the temporal structure of visual attention relative to a
well-established hands-free benchmark.

Taken together, the results suggest that drivers engage
in stable, self-regulated visual attention strategies during both
hands-free phone conversation and multi-turn conversational
Al interaction. Evaluated through the lens of glance episode
structure, extended conversational Al interaction did not
introduce detectable changes in how drivers allocate visual
attention during driving, reinforcing the importance of
examining temporal organization in addition to aggregate
visual demand metrics emphasized in existing guidelines.

5. Conclusions

This study used a glance-episode-based approach to
examine visual attention during hands-free phone
conversation and extended, multi-turn conversational Al
interaction. Although on-road glance episodes were
substantially longer than on-screen episodes across both tasks,
mean episode duration, episode sequencing, and on-road run
structure did not differ meaningfully between Hands-Free
Phone Call and Gemini Live interactions. These findings
indicate that extended conversational Al interaction can be
supported by visual attention patterns similar to those
observed during conventional hands-free phone use, with

3
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brief device-directed glances embedded within sustained
periods of roadway monitoring. Evaluating visual behavior at
the episode level provides a complementary perspective
beyond aggregate visual demand metrics and offers a useful
framework for assessing emerging voice-based in-vehicle
technologies.

6. Acknowledgments

This work was supported by Google, Inc., Mountain
View, CA. The funder played a role in the conceptualization
of the study, provided access to Gemini Live integrated with
Android Auto, and contributed the decision to submit the
manuscript for publication.

References

Alliance of Automobile Manufacturers. (2006). Statement of
principles, criteria and verification procedures on
driver interactions with advanced in-vehicle

information and communication systems. Washington,
DC.

Klauer, S. G., Dingus, T. A., Neale, V. L., Sudweeks, J. D.,
& Ramsey, D. J. (2006). The impact of driver
inattention on near-crash/crash risk: An analysis using
the 100-Car Naturalistic Driving Study data (DOT HS
810 594). National Highway Traffic Safety
Administration.

Klauer, S. G., Guo, F., Simons-Morton, B. G., Ouimet, M.
C., Lee, S. E., & Dingus, T. A. (2014). Distracted
driving and the risk of road crashes. New England
Journal of Medicine, 370(1), 54-59.

Meyer, J., Llaneras, E., & Fitch, G. M. (2022). Impact of
temporary browsing restrictions on drivers’ situation
awareness when interacting with in-vehicle
infotainment systems. Safety, 8 (4), 81.

Monk, C., Ayala, A., Yu, C. S. P, Fitch, G. M., & Gruber,
D. (2026). Visual and cognitive demands of a large
language model-powered in-vehicle conversational
agent. arXiv preprint arXiv:2601.15034.

National Highway Traffic Safety Administration. (2013).
Visual-manual driver distraction guidelines for
in-vehicle electronic devices (78 FR 24818).

Reimer, B., Mehler, B., Muiioz, M., Dobres, J., Kidd, D., &
Reagan, 1. J. (2021). Patterns in transitions of visual
attention during baseline driving and during interaction
with visual-manual and voice-based interfaces.
Ergonomics, 64(11), 1429-1451.

Seaman, S., Seppelt, B., Angell, L., Reimer, B., & Mehler,
B. (2021). Vehicle control and response to emerging
events: It’s both off-road and on-road glance duration.
Proceedings of the 7th International Conference on
Driver Distraction and Inattention, Lyon, France,
Virtual, 18-20.

Strayer, D. L., Cooper, J. M., Goethe, R. M., McCarty, M.
M., Getty, D. J., & Biondi, F. (2017). Visual and
cognitive demands of using in-vehicle infotainment
systems. AAA Foundation for Traffic Safety.

Victor, T., Dozza, M., Biargman, J., Boda, C.-N., Engstrom,
J., Flannagan, C., Lee, J. D., & Markkula, G. (2015).
Analysis of naturalistic driving study data: Safer
glances, driver inattention, and crash risk (SHRP 2
Report S2-S08A-RW-1). Transportation Research
Board.

165



Driver interaction with central display in real-world driving conditions

Mirta Zelenika Zeba !, Thomas Streubel !

'Volvo Cars Cooperation, Safety Center, Géteborg, Sweden

“mirta.zelenika.zeba@volvocars.com

Abstract: The present study investigates real-world interactions with the central stack by examining phone-related
behaviours, mirror-adjustment practices, and general CD use. Naturalistic driving data from 1,281 vehicles, comprising
approximately 575,000 drive cycles recorded between February 2023 and November 2024, were analysed to identify how
drivers initiate phone calls. Additional data collected from February to August 2025 captured all mirror-adjustment
events, including their timing and driving-state context. Planned analyses further aim to quantify CD interaction

frequency and associated visual-attention demands.

Results show that handheld phone use remains the most common method of call initiation (41%), followed by the CD call list
(30%), smartphone applications (19%), and speech-based commands (10%). Mirror adjustments occurred predominantly at
standstill (64%) and within the first eight minutes of driving, with 44% of drivers not adjusting mirrors during the observation

window.

1. Introduction

The implementation of new technologies for in-
vehicle interaction, such as in-car touchscreens, provides
several functional advantages, including access to multiple
features within a single interface and increased convenience
for users. However, these technologies also introduce notable
drawbacks. In particular, the absence of tactile feedback often
requires drivers to devote greater visual attention to the screen
compared with physical buttons, thereby increasing
distraction and reducing attention to the road environment
(Strayer, et al., 2019). Overall, physical buttons located in the
centre stack—rather than touchscreen controls—have been
associated with reduced driver distraction and improved
performance on both secondary tasks and driving-related
activities (DeGuzman, Demir, Ayas, & Donmez, 2026) .

Despite these findings, it remains critical to identify
which aspects of display design and touchscreen command
types most adversely influence driving performance and
elevate safety risks. One significant contributor to increased
task duration and visual demand is the amount of information
presented on the touchscreen (Kujala & Salvucci, 2015).
Furthermore, secondary activities—such as adjusting audio
settings, modifying in-vehicle configurations, or initiating
phone calls—tend to have a less pronounced effect on driving
performance than tasks directly tied to vehicle operation.
Functions essential to driving, such as activating windshield
wipers, have been linked to increased crash risk when
executed through touchscreen interfaces (Pichen, Miller, &
Baumann, 2021).

Drivers commonly adjust their behaviour when
conditions become more demanding. Studies show that
during unexpected or critical events, they reallocate attention,
slow down, or stop secondary tasks, shifting more glance time
to the forward roadway (Metz, Schomig, & Kriiger, 2011).

Drivers also anticipate upcoming demands by
gathering information before looking away, adapting
attention based on the expected duration of eyes-off-road
glances and the driving context (Liu, Yuan, & Ma, 2021).

Naturalistic and on-road studies generally indicate that
drivers allocate approximately 80-90% of their visual

attention to the forward roadway, with the remaining time
distributed across mirrors, dashboard instruments, and
in-vehicle systems (Victor, Harbluk, & Engstrom, 2005;
Gaspar & Carney, 2019). A landmark naturalistic dataset
identified non-forward driver inattention as being present in
nearly 80% of crashes and 65% of near-crashes (Klauer,
Dingus, Neale, Sudweeks, & Ramsey, 2006). However, such
findings likely reflect that distraction often coincides with
moments that are already becoming critical, rather than
suggesting that brief non-forward glances are inherently
unsafe.

Understanding how much of drivers’ non-forward
visual attention is directed toward infotainment systems—
particularly the Central Display (CD)—is therefore essential.
While on a situational level time on task is of high relevance,
the total-eyes-off-road time (TEORT) is a metric for
unspecific driving on a global scale. Estimating the
proportion of off-road glances attributable to CD interactions
is a crucial step toward identifying the conditions under
which such interactions meaningfully influence driving
safety. Against this background, the present research aims to
examine patterns of CD use, including phone-related
interactions, mirror-adjustment behaviour, and the overall
frequency of engagement with the central stack, and to
quantify the associated visual-attention demands.

Based on these objectives, the study addresses the following
research questions:

To what extent do drivers rely on the Central Display (CD)
for phone-related tasks instead of interacting with handheld
devices during real-world driving?

How frequently are mirror adjustments performed during
driving compared with standstill conditions?

How frequently do drivers interact with the Central Display
while driving, and under which driving conditions do these
interactions occur?

2. Method

2.1 Call initiation

Data related to phone-call initiation were collected
between  February 2023 and November 2024.
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The dataset includes 1,281 wvehicles, resulting in
approximately 575 thousand recorded drive cycles across
Sweden (mostly in the area around Gothenburg). No
experimental instructions were provided to drivers; the data
therefore represent genuine, everyday driving behaviour.
Vehicle signals indicating a call initiation were collected to
distinguish between calls made through the handheld phone
(phone connected to the vehicle), using the centre display call
list, through Apps (e.g., via mirroring or connected apps) and
using speech-based voice commands.

2.2 Mirror adjustments

Mirror-adjustment behaviour was analysed using data
collected from February 2025 to August 2025.
The dataset includes measurements from 164 vehicles
running approximately 42 thousand drive cycles in Sweden
(mostly in the area around Gothenburg). Only vehicles were
included with mirror adjustments through the central display.
The extracted variables included the occurrence of
mirror-adjustment events, the vehicle’s motion state
(standstill versus moving), the timing of each adjustment
relative to the start of the drive cycle, and the driver-level
frequency of mirror adjustments across the observation
period.

3. Planned analysis

Beyond the phone-specific and mirror-adjustment
analyses, the broader aim of the study is to investigate general
interactions with the Central Display (CD). The planned
analyses include quantifying the frequency of Central Display
(CD) interactions on a time-base (contrary to drive cycle
base), estimating the visual-attention demands associated
with CD-related tasks, examining how CD use varies across
different driving conditions (e.g., standstill vs. moving), and
assessing the extent to which CD interactions contribute to
non-forward visual attention.

4. Results

Analysis of phone-related behaviour indicates that
drivers rely on a variety of methods to initiate calls while
driving. Handheld phone use remained the most common
method, accounting for 41% of call initiations, despite legal
implications and safety concerns related to phone usage while
driving. The Central Display (CD) call list was used in 30%
of call initiations, demonstrating a moderate but not dominant
shift toward in-vehicle phone integration. Additionally, 19%
of calls were initiated via smartphone applications accessed
through the CD or device mirroring, while 10% were initiated
using speech-based voice control (see Figure 1).

Calls initiated in the

vehicle
H Phone
10% .
19% 41% W CSD call list
App
30%
B Speech

Figure 1. Call initiation in vehicle through different methods

Mirror-adjustment activity during driving was rare. In 44% of
vehicles no adjustment was recorded in the measurement
period, suggesting that mirror settings are often configured at
first vehicle setup. The majority of adjustments—63%—
occurred while the vehicle was stationary. A significant
portion of adjustments during driving were performed at
speeds below 20 km/h. Furthermore, half of the mirror
adjustments were within the first 8 minutes of a drive cycle.
Overall, events were very rare with less than 1% of drive
cycles containing any mirror adjustments with common
frequencies of one or two adjustments per drive cycle.

5. Discussion

The findings of this study highlight several important
insights into how frequent drivers interact with in-vehicle
systems, particularly in the context of phone use, mirror
adjustments, and overall reliance on the Central Display (CD).
A key result concerns the methods by which drivers initiate
phone calls. Although nearly half of all calls were initiated
using safer, built-in hands-free options—specifically the
central display (CD) call list and speech-based commands—
the fact that handheld phone use still accounted for 41% of
call initiations highlights a persistent gap between the
availability of safer CD-based alternatives and actual driver
behaviour.

The mirror-adjustment findings contribute a different
dimension to the discussion. Mirror changes were rare during
active driving and predominantly occurred when the vehicle
was stationary, with most adjustments taking place within the
first few minutes of a trip. These patterns suggest that mirror-
adjustment behavior is strongly tied to initial vehicle-setup
routines rather than ongoing driving demands. However, an
important limitation of the dataset is its restricted time
window, which does not represent the full lifecycle of vehicle
ownership. Nevertheless, the fact that mirror controls are
seldom used while driving reinforces the need for these
essential safety-related interfaces to remain easily accessible,
simple to operate, and designed to minimize any need to
divert attention from the forward roadway.

Taken together, these findings underscore the broader
challenge of aligning human behavior with the safety
expectations of vehicle interface design. While the CD
consolidates multiple functions into a single access point, its
effectiveness depends heavily on user experience and task
efficiency. When built-in systems do not fully meet user
needs—or when drivers perceive alternative methods as
faster or more familiar—they may revert to behaviors that
increase visual distraction and reduce compliance with legal
and safety standards.

6. Conclusions

This study examined how drivers initiate phone calls,
adjust mirrors, and planned analysis includes interaction with
the Central Display (CD) during real-world driving. The
results show that handheld phone use remains common
indicating that current in-vehicle calling features have not
replaced handheld interactions. Mirror adjustments occurred
primarily when the vehicle was stationary and early in the
drive cycle, suggesting that such tasks are largely tied to
initial setup rather than ongoing driving.
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Abstract: This study examines the behavioral effects of hands-free cognitive secondary task engagement on cyclists
navigating complex interactive traffic situations. Using a high-fidelity bicycle simulator, 46 participants were randomly
assigned to either a control group or a test group performing an acoustic speech task. Participants navigated two
randomized scenarios involving different behaviors of the car with regard to the right-of-way and two sight conditions
(free vs. restricted). Key metrics included mean speed and braking distance when approaching the intersection. Results
indicated no significant main effect of the secondary task on overall behavior. However, significant interactions were
found between the speech task and car behavior. Control participants dynamically adapted their braking and speed to
specific situational demands (e.g., braking later when a car had already cleared an intersection). Conversely, distracted
cyclists exhibited a lack of situational adaptation, failing to increase speed during good sight conditions and braking
earlier/more cautiously regardless of whether the car yielded. The findings suggest that while cognitive distraction did
not lead to immediate danger in these scenarios, it impaired the participants' ability to fully and rapidly process
environmental cues. This led to less efficient, albeit more cautious, behavior. Future research should investigate whether
this lack of adaptation translates into increased risk in time-critical or more hazardous traffic environments.

1. Introduction

Previous results on effects of cognitive secondary task
engagement among cyclists are mixed. Some studies have
found detrimental effects such as failing to slow down when
entering an intersection (e.g., de Waard et al., 2014) or
increased engagement in violations associated with near-
crashes (e.g. Useche et al., 2024). Other studies have found
positive compensating effects such as reduced riding speed
(e.g., de Waard et al., 2014; Kircher et al., 2015) and limiting
secondary task engagement to less demanding situations (e.g.,
Brandt et al., 2021; Kircher et al., 2015).

With increasing possibility to engage in hands-free
secondary tasks using headphones, the behavioural effects of
such engagement should be further examined. Results of a
recent study using simple traffic situations (Meller et al.,
2024) found the effect of cognitive secondary task
engagement to depend on the complexity of the cycling task.
Therefore, this study aims to examine the behavioural effects
of handsfree cognitive secondary task engagement during
complex interactive traffic situations. The study is
theoretically based on Wickens’ Multiple Resource Theory
(Wickens, 2002) implying in this combination that
interferences could happen at a level of cognitive processing
and decision making.

2. Method

2.1 Bicycle simulator

Data was collected using a bicycle simulator (see Fig.
1) at TU-Braunschweig, Germany. The bike is mounted on a
static platform allowing side tilts. Monitors enable a 360°
view, and a fan provides a headwind depending on the cycling
speed. Bluetooth headphones provide ambient sounds (e.g.,

passing vehicles). The simulator runs with the software
SILAB 7.0 (Wiirzburg Institute for Traffic Sciences, 2022).

Qlﬁ;

Fig. 1. The bicycle simulator used in the study

2.2 Secondary task

The study included two secondary task conditions: a
control group with no task (control group) and a test group
with an acoustic speech task (speech task). For the speech
task, participants used Bluetooth headphones to listen to three
color names and a rule for reordering them. They then
vocalized the new order. This involved acoustic input, visual-
spatial representation, cognitive processing and decision and
speech output (see Vollrath & Totzke, 2005).

2.3 Experimental design and parameters

Two basic scenarios were used (see Fig. 2). The cyclist
was riding straight and had the right of way. A car war either
going on the road beside the cyclist and then turning right or
coming from the side road to turn right. In both scenarios, the
cyclist had the right of way.

The scenarios were varied regarding car behaviour
(rule compliant yes vs no), and sight condition (free vs
restricted). In total the study included eight different
scenarios which where experienced by all cyclists (see Fig 3).
The order of the scenarios was randomized.
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restricted sight free sight of intersection

control PO1 .. P23 PO1 .. P23

car waits
speech task P24 .. P46 P24 .. P46
car drives control PO1 .. P23 PO1 .. P23
through speech task P24 . P46 P24 . P46

Fig. 3. Experimental design (“P”: participant) with four
independent groups

To analyze cyclists' behavior at the intersection, we
defined a crossing point of car and cyclist trajectories. We
studied behavior from 10 meters before to 10 meters after this
point for passing, and from 90 meters before to 10 meters
before for approaching. Key metrics included mean and
minimum speeds, braking distance, maximum braking force,
and SDLP for lateral control. During intersection negotiation,
we examined the duration and mean speed to assess handling
speed, along with SDLP for lateral control.

2.4 Procedure

After agreeing to participate and data privacy,
participants were randomly assigned to one of the two
secondary task conditions and introduced to the bicycle
simulator. They practiced turning and braking on a test course
and handling traffic in a city ride until comfortable. The test
ride lasted about 30 minutes. Afterwards, participants filled
out a demographic questionnaire, received thanks, and were
compensated. The entire experiment took about 1 hour.

2.5 Participants

Participants were recruited via mailing lists and online
forums at the TU-Braunschweig. Participants should be able
to ride a bike and know the German traffic rules. They
received € 5 per half hour or credit points. The study was
approved by the ethical commission at the Institute of
Psychology at the TU- Braunschweig.

The sample included 46 participants (15 female, 31
male) aged 21 - 76 years (M = 38.3 years, SD = 15.9). Most
participants were employees (44%) or students (41%), and
the majority cycled daily (52%) or almost daily (ca. 28%).

2.6 Data analysis

To examine the effects a mixed 2 (secondary task,
between) x 2 (car behavior, between) x 2 (sight condition,
within) factor ANOVA was conducted for each of the two
basic scenarios. The statistic software IBM SPSS Version 28
was used.

3. Results

3.1 Scenario 1: Cyclist rides straight — car turns right
to side road

When approaching, aan interaction was found
between car behavior and secondary task for the point when
cyclists started to brake (F(1,44)=5.9, p = 0.019; see Fig. 4).
In the control group, cyclists braked earlier when the car
drove at their side and then stopped. When it overtook them
and turned right, they braked quite late, because mostly the
car was already gone when they reached the intersection. The
speech task group braked a little later when the car drove
beside them and stopped, but also did that although the car
overtook them and turned right.

scenario 1: point of braking

=== speech
task
«=49==control

N W A~ OO N 0 ©
I T S SR TR

distance to intersection [m]

Car stops car turns right

Fig. 4 Average distance to the intersection when the
car stopped as compared to when it turned right in the two
groups in the first scenario where the car drove along the
cyclists

Regarding sight, there was an interaction between
sight and secondary task was found for mean speed
(F(1,44)=5.9, p=0.019; see Fig. 5). The control group adapted
their speed by going slower at restricted sight. The speech
task group did not show this adaptation but cycled more
slowly even with good sight.

scenario 1: mean speed approaching
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Fig. 5 Mean speed when approaching the intersection
with good sight and restricted sight in the two groups in the
first scenario where the car drove along the cyclists

In the intersection, there was no effect of secondary
task.

3.2 Scenario 2: Cyclist rides straight — car comes from
the right

As in the first scenario, there is a tendency of an
interaction between group and speech task for the point of
braking when approaching the intersection (F(1,44)=3.9,
p=0.055).
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In the control group drivers brake later when the car
stops and lets them pass (Fig 6). When the car takes the right
of way and turns right they brake earlier to avoid a collision.
Drivers in the speech task group brake similarly early when
the car turns right. However, when the car stops, they brake
even earlier.

scenario 2: point of braking
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Fig. 6 Average distance to the intersection when the
car stopped as compared to when it turned right in the two
groups in the first scenario where the car drove along the
cyclists

4. Discussion

Overall, there was no main effect of the acustic speech
task on the behavior of the cyclists in these two complex
scenarios in any of the parameters examined.

However, in both scenarios there was an interaction
between speech task and the behavior of the car (giving the
right of way and stopping vs. taking the right of way and
turning right before the cyclist). Cyclists in the control group
adapted their behavior to this variation and braked later in the
first scenario when the car turned right before them, because
the car was already gone when they reached the intersection.
They braked earlier in the second scenario when the car
turned right in order to avoid getting too close to this car when
turning.

With the acoustic speech task, cyclists did not brake
as early in the first scenario as the control group, when the car
stopped. Moreover, they did not brake later when the car was
already gone because it had turned right before them. Both
reactions might be an indicator that with the acoustic speech
task the situation is understood a bit later than in the control
group. However, the slower reaction when the car stopped did
not leed to any dangerous situations. Braking earlier when the
car had turned is a more cautious behavior, perhaps also
because not quite understanding what was going to happen.

Similarly, when looking at the mean speed when
approaching cyclists with the acoustic speech task failed to
adapt their speed to the sight condition as the control group
did by going faster with good sight. Thus, with the speech
task and good sight cyclists went more slowly, perhaps as a
compensation for the resources required for this task.

While there is no negative or dangerous effect of
cognitive distraction on cycling even in these more complex
situations, cognitive distraction seems to impair the full and
fast understanding of relevant aspects of the driving situation
like the behavior of the car (yielding or taking the right of was)
or the sight towards car traffic (free vs. restricted sight). This
is in line with what we expected from the Multiple Ressource
Theory (Wickens, 2022). It also indicates a lack of adaptation

to the overall situation as found in other studies (e.g., De
Ward, 2015; Kircher et al., 2015).

In the scenarios examined here, this did not leed to
crashes or dangerous situations because of the way the
scenarios were designed. Here, the lack of adaptation lead to
a more cautios behavior: Braking earlier although the car had
already turned right and was gone when they reached the
intersection in the first scenario, braking earlier although the
car had stopped and let them pass in the second scenario and
cycling more slowly although there was a good sight towards
motor traffic.

5. Conclusions

Cognitively distracted cyclists don’t adjust their
behaviour to the characteristics of more complex situations.
However, the scenarios examined did not lead to dangerous
or critical situations. Thus, the next study should focus on
situations where not adapting the behavior to the
requirements of the situations may lead to critical situations.
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Abstract: Arousal is a physiological and psychological state that is crucial for regulating cognitive control. The
Locus Coeruleus-Norepinephrine (LC-NE) system is a brain structure implicated in this regulation; with pupillometry
used as a non-invasive indicator of LC-NE activity. Therefore, pupillometry may be a useful tool for evaluating driver
cognitive load, using camera-based Driver Monitoring Systems (DMS). With an ageing population and increasing
implementation of automated systems in vehicles, it is important to understand how pupillometry fluctuates with age. We
conducted a driving simulator experiment measuring drivers’ (N = 38) pupil activity during hands-off L2 driving and
transitions of control to manual driving, under high and normal cognitive load. Linear multilevel models revealed
quadratic relationships between pupillometry and age: pupil activity peaked for middle aged drivers and declined for
older drivers. There was also evidence that older-than-average drivers were less affected by cognitive load, as indexed by
mean pupil diameter. These findings reiterate the need for DMS algorithms to be trained on representative samples and
suggest that DMS profiles may need to adapt dynamically as drivers age.

1. Introduction

As road vehicles become more automated, there is
increased emphasis on Driver Monitoring Systems (DMS)
predicting Driver Readiness (DR), which is defined as the
probability of successful takeovers (ISO, 2025). This is
particularly important for intermediate automation levels
(e.g., SAE Level 2 [L2]) where lateral and longitudinal
dynamics are controlled by the vehicle, yet the driver must
continue to monitor the road and be ready to regain manual
control of driving. There have been many attempts to create
standardised DR metrics (Gongalves et al, 2024; Kim et al,
2022; Mariajoseph et al, 2020), yet DR remains an
amalgamation of varying constructs such as cognitive
readiness (i.e., attention and cognitive load), motoric
readiness (i.e., motoric availability), and individual factors
(i.e., driver experience, age) (Gongalves et al, 2024).

Cognitive load refers to the amount of information
processing resources required for completing a task
(Engstrom et al, 2017). Identifying dangerous levels of
cognitive load is one of the biggest challenges for DMS, since
peripheral methodologies must be used to predict an
individual’s internal cognitive state. Pupil size is one of the
easiest, non-invasive, peripheral methods for estimating
neural activity associated with cognitive effort (Vilotijevi¢ &
Mathét 2024). Pupillometry is also linked to the underlying
activity of the Locus Coeruleus-Norepinephrine (LC-NE)
system which plays a role in regulating global arousal
(Mathoét, 2018).

Given that arousal is thought to modulate cognition
(Gruseschow et al, 2020), researchers have used mean and
standard deviation (SD) of pupil diameter to approximate LC-
NE system activity during transitions of control from
automated driving (Goodridge et al, 2026; Radhakrishnan et

al, 2023). These studies show that pupillometry can provide
real-time measures of cognitive processing for future DMS
during system monitoring and control transitions. A crucial
next step is to investigate pupillometry differences across
common demographics - such as age - given a globally ageing
driver population. Driver demographics are known to impact
driver state estimation (Goodridge et al, 2024; 2026;
Gongalves et al, 2025), and age-related impairments in the
LC-NE system are linked with natural cognitive decline
(Kremen et al, 2019). We therefore built upon previous
research (Goodridge et al, 2026) to investigate age-related
differences in pupillometry associated with cognitive load
during hands-off L2 driving and transitions of control.

2. Method

2.1 Participants

This study recruited 38 participants (males = 22;
females = 16). Average age was 38.81 years (range = 22-65
years old, SD = 12.502). Participants had normal or corrected
to normal vision, a UK driving license (mean = 17.84 years,
range = 4-43 years, SD = 12.119), and were regular drivers
(mean = 9355.26 miles, range = 5000-20000, SD = 4153.97).
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2.2 Apparatus

The experiment was conducted in the second-
generation University of Leeds Driving Simulator (see Figure
1). Pupillometry data were captured using a Seeing Machines
DMS eye tracker, sampling at 60 Hz.

" g
UNrvirsiry
i D“'Vl"oo' L1103, MJ'_o;

Figure 1: The University of Leeds Driving Simulator.

2.3 Design and procedure

Procedures were approved by the University of Leeds
Research Ethics Committee (Reference code: 2022-0353-
206) and informed consent was obtained prior to data
collection.

A 2 (event criticality: time to collision [TTC] = 3 s;
TTC =5 s) x 2 (cognitive load: 2-back, no 2-back) repeated-
measures design was used. Participants completed two UK
motorway drives: one with a 2-back task (Mehler et al, 2011)
during hands-off L2 driving, and another without an
additional task. Each drive included 10 events consisting of
30 s of manual driving followed by two minutes of hands-off
L2 driving. A request to intervene (RTI) was then issued via
an auditory tone and a steering-wheel icon in the dash area.

Critical events involved a lead vehicle decelerating at
the RTI (two severe: TTC = 3 s; two moderate: TTC =5 s).
Non-critical events either had no lead vehicle (two) or a lead
vehicle that maintained speed (four).

2.4 Statistical modelling

We used linear multilevel models (MLMs) to analyse
pupillary activity. During hands-off L2 driving, we modelled
mean and SD of pupil diameter as a function of 2-back, lead
vehicle, and age. We also modelled mean pupil diameter
during the 10 s transition of control following the auditory
tone as a function of 2-back, event criticality, and age. We
fitted age as linear and polynomial terms to assess non-linear
trends with pupillometry.

3. Results

3.1 Effect of 2-back, lead vehicle, and age on pupil
diameter during hands-off L2 driving

Drivers’ pupils were larger during 2-back (4.345 mm)
relative to no 2-back trials (4.080 mm) (p = 0.284, [0.201,
0.368]). Furthermore, age demonstrated a negative quadratic
relationship with mean pupil diameter (f = -5.008, [-9.182, -
0.833]). Mean pupil diameter began decreasing significantly

from 38.53 years of age. Finally, there was a potential
interaction between 2-back and age (B = -1.688, [-3.956,
0.579]), indicating that data were compatible with negligible
and modest positive effects. This interaction was driven by 2-
back having less impact on mean pupil diameter for older
drivers (2-back = 4.069 mm versus no 2-back = 3.860 mm)
relative to younger drivers (2-back = 4.205 mm versus no 2-
back = 3.845 mm).

No lead vehicle Lead vehicle

Mean pupil diameter (mm

-1 0 1 2 -1 0 1 2
Centred Age (SDs)

No 2-back = 2-back

Figure 2: Mean pupil diameter across age, 2-back,
and lead vehicle.

SD of pupil diameter was larger during 2-back (0.277
mm) relative to no 2-back trials (0.242 mm) (B = 0.041,
[0.022, 0.061]). Age also showed evidence of a negative
quadratic relationship with the SD of pupil diameter (§ = -
0.959, [-1.756, -0.163]); SD of pupil diameter declined from
38.62 years of age.
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Figure 3: SD of pupil diameter across age, 2-back,
and lead vehicle.

3.2 Effect of 2-back, event criticality, and age on pupil
diameter during transitions of control

quadratic relationship with mean pupil diameter, regardless
of 2-back or event criticality (f = -5.269, [-9.416, -1.123]).

4. Discussion

Pupillary activity was higher during high cognitive
load and critical transitions of control indicating increased
effort attributed to non-driving related task engagement and
responses to critical events. Furthermore, we found evidence
for an inverted U-shaped relationship between pupillometry
and age. Middle aged individuals (38.53 years of age) showed
the highest pupillary activity, indicating stronger arousal
mobilisation. Older-than-average drivers demonstrated
diminished pupillary dynamics and showed evidence of
pupils being less reactive to 2-back-induced cognitive load.

These data are consistent with age-related changes in
pupillary activity that could be due declining LC
noradrenergic neurons or the degradation of the pupillary
muscles (Lenain et al, 2026). These findings could indicate
how natural ageing impacts the external substrate we use to
measure driver state (e.g., pupillary muscles); as well as the
internal substrate that causes changes in cognition (e.g.,
neurons). Crucially, we observed these effects during a
dynamic applied task without using wearables or fixed-head
positions.

Mean pupil diameter (mm)
N

Non-critical TTC=3s TTC=5s
[ ]
-1 0 1 2 -1 1 2 -1 0 1 2

Centred Age (SDs)

No 2-back = 2-back

Figure 4: Mean pupil diameter across age, 2-back, and event criticality.

There was an interaction between 2-back and event
criticality. Drivers’ pupils were larger during critical
transitions relative to non-critical transitions; however, this
effect was more pronounced following no 2-back trials
(non-critical =4.091 mm; TTC 3 s =4.155 mm; TTC 5s=
4.173 mm) relative to 2-back trials (non-critical = 4.345
mm; TTC 3 s =4.348 mm; TTC 5 s =4.363 mm) (§ =
0.063,0.024, 0.105]). Age demonstrated a negative

These results reiterate the importance of
demographics for improving driver state estimation. Age-
related changes in the LC-NE system are known to contribute
towards declines in attention and memory (Mather, 2020),
suggesting the observed effects could reflect age-associated
differences in attentional capacity. Consequently, DMS
algorithms should be trained on representative data and may
benefit from user-specific pretrained models that adapt
dynamically with age.

Secondly, this analysis signals the need for
investigating age as a continuous factor. Studies modelling
age-related differences in manual and automated driving

3
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(Oztiirk et al, 2023) bin age into categories which may miss
non-linear trends associated natural cognitive decline.

5. Conclusions

Age demonstrates non-linear relationships with
pupillary activity. This could demonstrate age-related LC-NE
system changes that alter arousal mobilisation whilst
monitoring and transitioning from automated driving
systems.

6. Acknowledgments

This research was conducted as part of the Hi-Drive
project, which received funding from the European Union's
Horizon 2020 research and innovation programme under
grant agreement No. 101006664.

References

Engstrom, J., Markkula, G., Victor, T., & Merat, N.
(2017). Eftects of cognitive load on driving performance:
The cognitive control hypothesis. Human factors, 59(5),
734-764.

Gongalves, R. C., Goodridge, C. M., Kuo, J.,
Lenné, M. G., & Merat, N. (2024). Using driver monitoring
to estimate readiness in automation: a conceptual model
based on simulator experimental data. Cognition,
Technology & Work, 26(4), 569-584.

Gongalves, R. C., Pardo, J., Elhenawy, M. M. Z.,
Kuo, J., Azarmi, M., Rezaei, M., ... & Merat, N. (2025,
September). It Matters Who Is Behind The Wheel: Driver
Monitoring Feature Analysis Using Explainable Al.

In Adjunct Proceedings of the 17th International Conference
on Automotive User Interfaces and Interactive Vehicular
Applications (pp. 245-249).

Goodridge, C. M., Goncalves, R. C., Arabian, A.,
Horrobin, A., Solernou, A., Lee, Y. T, ... & Merat, N.
(2024). Gaze entropy metrics for mental workload
estimation are heterogenous during hands-off level 2
automation. Accident Analysis & Prevention, 202, 107560.

Goodridge, C. M., Gongalves, R. C., Arabian, A.,
Horrobin, A., Solernou, A., Lee, Y., ... Merat, N. (2026,
February 25). Applying Adaptive Gain Theory to Pupillary
Dynamics During Hands-Off L2 Driving Under High
Cognitive Load. Retrieved from
osf.io/preprints/psyarxiv/xcw8r_v2

Goodridge, C. M., Gongalves, R. C., Arabian, A.,
Horrobin, A., Solernou, A., Lee, Y. T, ... & Merat, N.
(2024). The Impact of N-back-Induced Mental Workload
and Time Budget on Takeover Performance.

Grueschow, M., Kleim, B., & Ruff, C. C. (2020).
Role of the locus coeruleus arousal system in cognitive
control. Journal of Neuroendocrinology, 32(12), €12890.

International Organization for Standardization.
(2025). Road vehicles—Driver readiness and intervention
management—~Part 1: Partial automation (Level 2) (ISO/TS
5283-1:2025). https://www.iso.org/standard/85035.html

Kim, J., Kim, W., Kim, H. S., Lee, S. J., Kwon, O.
C., & Yoon, D. (2022). A novel study on subjective driver
readiness in terms of non-driving related tasks and take-over
performance. ICT Express, 8(1), 91-96.

Kremen, W. S., Panizzon, M. S., Elman, J. A.,
Granholm, E. L., Andreassen, O. A., Dale, A. M., ... &
Franz, C. E. (2019). Pupillary dilation responses as a midlife

indicator of risk for Alzheimer's disease: association with
Alzheimer's disease polygenic risk. Neurobiology of
aging, §3, 114-121.

Lenain, M., Sparrow, L., Ott, L., & Coello, Y.
(2026). Impact of Cognitive Load on Pupil Dilation: A
Comparative Study of Young and Older Adults. Biological
Psychology, 109210.

Mariajoseph, M., Gallina, B., Carli, M., & Bibbo,
D. (2020, May). A physiology-based driver readiness
estimation model for tuning ISO 26262 controllability.

In 2020 IEEE 91st Vehicular Technology Conference
(VTC2020-Spring) (pp. 1-5). IEEE.

Mather, M. (2020). The locus coeruleus-
norepinephrine system role in cognition and how it changes
with aging. The cognitive neurosciences, 91-104.

Mathét, S. (2018). Pupillometry: Psychology,
physiology, and function. Journal of cognition, 1(1), 16.

Mehler, B., Reimer, B., & Dusek, J. (2011). MIT
AgeLab delayed digit recall task (n-back). MIT Center for
Transportation & Logistics Research Paper, (2011/018).

Oztiirk, 1., Merat, N., Rowe, R., & Fotios, S.
(2023). The effect of cognitive load on Detection-Response
Task (DRT) performance during day-and night-time driving:
A driving simulator study with young and older
drivers. Transportation research part F: traffic psychology
and behaviour, 97, 155-169.

Radhakrishnan, V., Louw, T., Gongalves, R. C.,
Torrao, G., Lenné, M. G., & Merat, N. (2023). Using
pupillometry and gaze-based metrics for understanding
drivers’ mental workload during automated
driving. Transportation research part F: traffic psychology
and behaviour, 94, 254-267.

Vilotijevi¢, A., & Mathot, S. (2024). Functional
benefits of cognitively driven pupil-size changes. Wiley
Interdisciplinary Reviews: Cognitive Science, 15(3), e1672.

175


https://www.iso.org/standard/85035.html

Crash Risk of Eyes off Road among Teen Drivers across Age and Driving
Experience

Lesheng Hua !, Shu Han !, Allison E. Curry?, and Sheila G. Klauer"”

! Virginia Tech Transportation Institute, Division of Vehicle, Driver, and Safety Systems, 3500 Transportation

Research Plaza, Blacksburg, VA, USA

2 Children’s Hospital of Philadelphia, University of Pennsylvania, 3401 Civic Center Boulevard, Philadelphia, PA,

USA
*cklauer@vtti.vt.edu

Abstract: Fatal crashes involving teen drivers remain a major safety concern, mainly due to inexperience and increased
susceptibility to distraction. Eyes-off-road (EOR) is a crucial mechanism for assessing visual distraction. This study used
two naturalistic driving datasets to examine the relationship between EOR duration and crash/near crash (CNC) risk
among teen drivers across two driving phases and two age groups. Odds ratios (ORs) were calculated for both total
EOR and single longest EOR at various duration thresholds. Results showed that during the first six months after
licensure, ORs increased monotonically from approximately 2 to 11 as total EOR durations increased from one to four
seconds. In contrast, in the second six months, OR did not increase monotonically and changed slightly. Similarly, ORs
in the 16-17 age group increased monotonically from nearly 2 to 11 as the total EOR durations increased from one to
five seconds, whereas ORs in the 18-19 age group remained stable. For the single longest EOR, ORs were significant
when the duration exceeded one second in the first six months and two seconds in the second months. In the 16-17 age
group, ORs surged from approximately 2 to 45 when durations of single longest EOR increased from one to four
seconds, while ORs in the 18-19 age group increased from approximately 2 to 25. Overall, crash risk increased with
EOR duration and declined as drivers gain age and driving experience.

1. Introduction

Fatal crashes involving teen drivers remain a major
transportation safety concern, mainly due to inexperience,
immaturity, and secondary task engagement (Simons-Morton
etal., 2015). Crash risk is highest immediately after licensure,
particularly during the first several months of independent
driving, and declines as drivers gain both age and driving
experience (Lee et al., 2011; Simons-Morton et al., 2017).

Secondary task engagement can divert attention from
the driving task, leading to inattention to the roadway. One
key indicator of this inattention is eyes off road (EOR). Prior
research has shown that a single long glance exceeding two
seconds can increase crash risk by approximately fourfold
among teen drivers (Klauer et al., 2017; Simons-Morton et al.,
2014). Younger drivers (often aged 16-17 years) have a
higher prevalence of secondary task engagement and are
more likely to exhibit longer EOR durations (Simons-Morton
et al., 2017; Guo et al., 2016).

Naturalistic driving studies, such as the Second
Strategic Highway Research Program Naturalistic Driving
Study (SHRP 2 NDS) and the Supervised Practice Driving
Study (SPDS NDS), provide detailed observations of real-
world driving behaviours among drivers of different ages,
including novice teen drivers. These two datasets have been
widely used to investigate the relationship between secondary
tasks, eye-glance behaviour, and crash risk (Gershon, et al,
2019; Klauer et al., 2014; Guo et al., 2016). Notably, although
previous studies have associated crash risk with EOR, age,
and driving experience, few studies have directly examined
the crash risk of EOR among teen drivers with different ages
and driving experience.

2. Method

This study examined the association between crash risk
and various off-road glance durations among teen drivers of
different ages and driving phases using mixed-effects logistic
regression models.

2.1 Two Datasets

The SHRP2 NDS included a subset of 254 drivers
aged 16-17 and an additional 234 teen drivers aged 18-19
years. These teen drivers drove for up to 24 months,
accumulating approximately 1,800,000 miles, and were
involved in 149 crashes.

The SPDS NDS included a subset of 82 novice
teenage driver (mean age = 15.6 years at recruitment) with
data collected during their first 12 months of independent
driving. During this period, the teenagers drove
approximately 380,000 miles and were involved in 60 crashes.

2.2 Variables

In the regression model, the response variable was the
safety outcome (crash or no crash), while the explanatory
variables included age group, driving phases, and eye glance
durations. Teen drivers were categorized into two age groups:
16-17 years and 18-19 years. Driving phases in the first year
of independent driving after licensure were divided into two
phases: first six months of independent driving (months 1-6)
and second six months of independent driving (months 7-12).

The predictor of interest was the duration of eyes off
road. Two EOR metrics were evaluated: (1) single longest
glance of eyes off the roadway, defined as the duration of the
single longest glance away from the forward roadway during
the 6-second window prior to a crash/near crash (CNC) and
during control road segments; and (2) total duration of eyes
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away from the roadway, defined as the cumulative time
during which the driver’s eyes were not on the forward
roadway during the 6-second windows prior to each CNC and
during the 6 seconds of each baseline. Five duration
thresholds (e.g., 1's,2s,3s,4 s, 5 s) were used to categorize
all data into two duration groups for each threshold (e.g., > 1
svs. <1s,>2svs.<2s,etc.), with the shorter EOR duration
group serving as the reference group (i.e., <1s, <2 s, etc.).
Separate regression models were fitted for each duration
threshold to estimate odds ratios (ORs) for both total EOR
and single longest EOR.

3. Results

3.1 Relationship between the Crash Risk of Various
Durations and Driving Phases

In the first six months of independent driving, the odds
of CNC were 2.51 times higher when total EOR was longer
than one second compared with durations shorter than one
second. This increased monotonically as eyeglance duration
increased, reaching approximately 11 times higher when total
EOR exceeded four seconds (see Table 1). In other words, the
CNC likelihood increased consistently as glance duration
increased from one to four seconds. Similarly, the OR for the
single longest EOR exceeding one second was significant and
greater than that for total EOR (see Table 2).

In the second six months, the statistical significance of
OR shifted from the one-second threshold observed in the
first six months to the two-second threshold for both total
EOR and single longest EOR. The ORs for other duration
thresholds were not significant and did not increase
monotonically with glance durations of total EOR.

Compared with the first six months, ORs were lower
during the second six months. When the single longest EOR
exceeded one second during the first six months, teen drivers
may have perceived the situation as risky and quickly
returned their gaze to the roadway, resulting in relatively few
observations of EOR durations exceeding two seconds. By
the second six months, however, teen drivers had gained more

driving experience, allowing more instances of longer EOR
durations (e.g., exceeding two seconds) to be observed.

3.2 Crash Risk of Various Glance Durations Changes
with Age

In the 16-17 age group, the odds of CNC were 1.89
times higher when the total EOR exceeded one second
compared with durations shorter than one second (see Table
1). The odds increased monotonically as glance duration
increased, reaching 11 times higher when total EOR exceeded
five seconds. For both total EOR and single longest EOR, the
ORs across various duration thresholds were significant. For
the single longest EOR, crash risk surged with each additional
second of glance duration, reaching elevenfold when the
duration exceeded two seconds and approximately forty-
fivefold as the duration reached four seconds (see Table 2).

In the 18-19 age group, the odds of a CNC were 1.66
times higher when total EOR was longer than one second
compared with durations shorter than one second. However,
the increase of ORs was not monotonic and remained
relatively stable across the duration thresholds. The
likelihood of a CNC was 25.36 times higher when the single
longest EOR exceeded three seconds compared with
durations shorter than three seconds.

Compared with the 16-17 age group, ORs across
duration thresholds were generally lower for both total EOR
and single longest EOR in the 18-19 age group.

4. Discussion

4.1 Driving Phases and Eye Glance Metrics

In the first six months, the significant ORs indicated
that crash risk increased with durations of total EOR. In the
second six months, the two- second threshold served as a
critical point at which the crash risk increased significantly
for total EOR and single longest EOR longer than two
seconds. A single longest EOR exceeding two seconds had
nearly a fivefold increase in crash risk (OR = 4.96), whereas
total EOR exceeding two seconds also increased crash risk

Table 1 OR of Total EOR by driving phases and age groups

Total EOR First 6 months Second 6 months

16-17 age group

18-19 age group

OR (95% CI) OR (95% CI) OR (95% CI) OR (95% CI)
> 15 2.51(1.29,4.89)*  1.51(0.72,3.19) 1.89 (1.89, 1.90) ** 1.66 (1.29, 2.12) **
>2s 3.59 (1.46,8.81)™  2.91(1.08,7.83)" 3.05 (3.05, 3.05) ™ 2.13 (1.56,2.91) **
> 35 571 (1.87,17.41)™  1.75 (0.43, 7.09) 4.36 (2.54, 7.50) ** 2.09 (1.39, 3.14) **
> 45 11.65(1.96,69.13) ™ 1.49 (0.14, 16.21) 5.89(2.78,12.49)™  1.95(1.11,3.42)"
> 55 11.00 (10.99, 11.02) **  2.96 (0.94, 9.38) *

Table 2 OR of Single longest EOR by driving phases and age groups

Single longest  First 6 months Second 6 months

16-17 age group
OR (95% CI)

18-19 age group
OR (95% CI)

EOR OR (95% CI) OR (95% CI)
>1s 2.84(1.29,6.20)™  1.99(0.86, 4.57)
>2s 4.96 (1.01,24.24) "
>3s

> 45

>5s

2.20 (2.20, 2.20) **

11.03 (11.02, 11.04) **
29.89 (5.57, 160.53) **
45.38 (45.32,45.43) ™
17.51 (1.60, 191.34) **

Note: OR = odds ratio; CI = confidence interval; **p< .01; * p<.05

1.74 (1.33,2.29) **
2.47(1.41,433)"
25.36(5.02, 127) **

177



but to a less extent (OR = 2.91). This difference is expected
given previous research suggesting that two second eye-
glance metrics increase crash risk. For the total EOR, drivers
may have brief glances to the forward roadway and gain some,
albeit insufficient, information about the driving environment.
In contrast, a single longest EOR is one continuous glance
away from the forward roadway, during which the driver
receives no visual information about the roadway ahead. Thus,
the crash risk of a single longest EOR is much greater than
that of total EOR at the same duration threshold.

4.2 Age

Teen drivers aged 18-19 had more single prolonged
glances exceeding one second and longer total EOR glances
than drivers aged 16-17. Despite this, the crash risk remained
higher in the 16-17 age group, suggesting that 18—19-year-old
teens may have learned to be more judicious about when to
look away. The significance of the ORs for both age groups
and both EOR metrics indicates that crash risk increases with
EOR duration but declines as teen drivers become older,
which aligns with findings from previous studies. A single
prolonged glance away from the road is a strong predictor of
crash risk.

5. Conclusions

Crash or near-crash (CNC) risk was higher among
younger teen drivers aged 16—17 than among those aged 18—
19, declined as driving experience increased during the first
year of independent driving, and increased with eyes-off-road
durations. Especially, single prolonged glances occurred less
frequently than total EOR. These findings highlight the
importance of improving attention management among
novice teen drivers.
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Abstract: Using a within-participants design, we investigated how visibility of the driving scene (daytime, after dark) and level
of automation (manual driving, L2 automation) affected drivers’ visual scanning patterns. Fourty four paricipants took part in
this driving simulator study, which incorporated an urban environment that included vulnerable road users (VRUs) and a range
of roadside elements. We found that the pattern of drivers’ horizontal gaze dispersion was similar for manual and L2 driving,
suggesting that visual attention towards VRUSs and roadside elements was the same, regardless of automation level. Participants
had a higher vertical gaze dispersion during manual driving, compared to L2 automation, reflecting increased demands for
maintaining the designated speed limit in the former condition. Lighting condition did not significantly affect either horizontal
or vertical gaze dispersion. However, a significant interaction was found for vertical gaze dispersion between lighting condition
and automation level. Although L2 automation reduced vertical gaze dispersion compared to manual driving for both lighting
conditions, the reduction was more pronounced in daytime conditions. This suggests that reduced visibility of the driving
environment makes it challenging for drivers to detect VRUs and other traffic elements at a further distance, thereby weakening

the advantages provided by L2 automation for attention management, caused by the reduction of visual attention demands

associated with the vehicle’s operational control.

1. Introduction

1.1 The effect of SAE Level 2 automation on gaze
patterns

Commercially available SAE Level 2 (L2) automated
vehicles are equipped with a driving assistance system that
allows drivers to delegate lateral and longitudinal control of
the driving task to the vehicle (SAE, 2021). When L2 is
engaged, the reduction of visual attention demands associated
with the vehicle’s operational control may allow drivers to
horizontally scan the driving environment more extensively
(Louw & Merat, 2017; Mackenzie & Harris, 2015). Other
study have shown that vertical gaze dispersion was also
higher in manual driving than L2 automation, as driver
constantly shifted their gaze between forward roadway and
instrument cluster (Goncalves et al., 2020).

1.2 Driving after dark

Low visibility of the driving scene after the hours of
darkness is associated with increased collision rates (Fotios et
al., 2021; Wood, 2020). Reduced visibility also impairs
peripheral hazard detection (Garay et al., 2004; Garay-Vega
etal., 2007). Previous driving simulator studies, using manual
driving, have not shown significant differences in visual
scanning patterns between daytime and after-dark driving
environments (for both horizontal and vertical gaze
dispersions; Konstantopoulos et al., 2010). Regarding real
world studies, however, a review by Griiner and Ansorge
(2017) found reductions in horizontal gaze dispersion after
dark, compared to daytime driving.

1.3 The present study

To date, studies on drivers’ visual scanning patterns in
L2 automation have mainly used motorway scenarios and
focused on daytime driving. Whether these findings are

applicable to busy urban environments and in after dark
conditions remains unclear. It could be argued that when L2
is engaged, the freed-up resources from operational control
could allow more extensive scanning of the driving
environments, thereby compensating for the increased visual
demands associated with after dark driving in a busy urban
environment. Therefore, the aim of the current study was to
investigate drivers’ visual scanning patterns, comparing
manual driving and hands-off L2 automation, in an urban
environment across daytime and after dark driving
environments.

2. Method

2.1 Participants

44 participants (20 female; 24 male, M g = 40.23;
SD g = 11.19) participated in this study. They were UK-
licensed drivers with at least 3 years’ driving experience, and
an annual mileage ranging from 3000 to 18000 miles (M =
8125; SD = 3313). The study was granted ethical approval
(BESS + FREC 2023 — 0792 — 877) from the University of
Leeds.

2.2 Apparatus

The high-fidelity motion-based University of Leeds
Driving Simulator (UoLDS) was used for this study. A set of
head-mounted Tobii 3 Glasses were used to record eye-
tracking data at a rate of 50 Hz.

2.3 Experimental and roadway design

A 2 x 2 within-participants design was implemented
with level of automation (manual driving, L2 automation) and
lighting conditions of the driving environment (daytime, after
dark) as independent variables. Participants completed four
drives, and the sequence of drives was counterbalanced
across participants.
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For manual driving, participants were instructed to
drive as they normally would, while adhering to the speed
limit (30 mph). For L2 automation, the vehicle was equipped
with a hands-off driving assistance system. Although the
system was responsible for lane centreing and speed control,
participants were told that it could not detect or respond to
any hazards in its path. Therefore, they were responsible for
monitoring the driving environment at all times and taking
over manual control, to avoid a collision.

Different VRUs and roadside elements were placed
along the road, every 40 metres (see Fig. 1). These were
placed equally on the left and right of the drivers’ peripheral
vision. Oncoming vehicles travelled at a rate of 1 vehicle per
kilometre.

Walking Pedestrian Parked Car

Fig 1. Example of VRUs and roadside elements in daytime
and after dark driving environments.

2.4 Procedure

After receiving the experimental briefing and
providing informed consent, participants completed two
practice drives before the main experimental drives. Each
drive lasted 9 minutes, and the total duration of the study was
~ 90 minutes, including the debrief session.

2.5 Data preprocessing and analysis

To control for the influence of road curvature on gaze
behaviour, only gaze data from straight road segments with
peripheral road elements were considered for data analysis.
To control for the influence of hazardous events (e.g.,
jaywalking pedestrians, see Lee et al., 2026) and the transition
of control on gaze behaviour, data from the road segments
100 metres before and after these events were excluded for
the analysis. Horizontal and vertical gaze dispersion were
used to explore drivers’ visual scanning patterns in an urban
environment during uninterrupted driving. Mixed-effects
models (Stroup, 2012) were used to analyse the data, with
backward elimination applied to refine the model, reducing
the risk of overfitting (James et al., 2021).

3. Results

Participants’ horizontal gaze dispersion was similar
for manual driving and L2 automation [F (1, 115.39) =2.380,
p =.126]. In contrast, vertical gaze dispersion was
significantly reduced (by ~33 %) in L2 automation, relative
to the manual driving conditions [F (1, 118.73) =245.931, p
<.001]. No significant main effect of lighting condition was
found for either horizontal [F (1, 114.92) = 0.391, p = .533]
or vertical gaze dispersion [F' (1, 118.24) = 0.339, p =.562].
No interaction effect was found for horizontal gaze dispersion
[F (1, 114.92) = 0.145, p = .704]. However, a significant
interaction was found between lighting condition and
automation level, when considering vertical gaze dispersion
[F (1, 118.24) = 4.722, p = .032]. Post-hoc comparisons
showed that while L2 automation significantly reduced the
vertical gaze variability compared to manual driving, during
daytime and after dark driving, the magnitude of this
reduction was significantly more pronounced in daytime (by
~ 37 %) than after dark (by ~ 29 %) (see Fig 2).

2501
p<.001

2001 p<.001

150 1

o B

[32]
o

Vertical Gaze Dispersion (pixels)
*

Manual Driving L2 Automation

Lighting Condition =] Daytime BS After Dark

Fig 2. Boxplots showing the vertical gaze dispersion across
the four experimental conditions.

4. Discussion and Conclusions

Horizontal gaze dispersion did not differ between
manual driving and L2 automation, contradicting previous
findings (Louw & Merat, 2017; Mackenzie & Harris, 2015).
This could be due to the urban scenarios used in the present
study, in contrast to the mainly motorway environment used
in previous studies, many of which incorporated car
following scenarios, prompting gaze towards the forward
roadway. The regular presence of peripheral road elements in
the current study attracted drivers’ visual attention, causing
the high dispersion in horizontal gaze. Consistent with
previous findings (Goncalves et al., 2020; Qin et al., 2025),
drivers had greater vertical gaze dispersion during manual
driving than during L2 automation. This is likely due to the
speed-monitoring demands required for manual driving.

Drivers’ visual scanning patterns were similar for the
daytime and after dark driving environments, consistent with

2
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previous work (Konstantopoulos et al., 2010). This lack of an
effect from lighting may be because the simulated setting did
not reflect the difficulties that drivers encounter in a real
urban nighttime setting (Wood & Chaparro, 2011), for
example, the fatigue experienced by the drivers due to
circadian rhythm when driving at night (Watling et al., 2022).
L2 automation changed drivers’ vertical scanning patterns,
but this was modulated by the lighting conditions.
Specifically, the reduction in vertical gaze dispersion
observed in L2 automation was less pronounced in the dark,
suggesting that the reduced visibility of the driving
environment make it challenging for the drivers to detect the
VRUs and other traffic elements from a far distance.
Consequently, although L2 automation reduces the necessity
for downward gaze shifts towards the instrument cluster for
speed-monitoring, drivers still vertically disperse their gaze
to detect VRUs and traffic elements, which only become
perceivable at a closer distance, necessitating greater vertical
scanning during after dark. This ultimately seems to
counteract the expected advantageous effects of L2
automation on driver’s attention management, caused by the
reduction of visual attention demands, associated with the
vehicle’s operational control.
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Abstract: Anxiety represents an underexamined internal source of attentional disruption in the context of highly
automated driving. Whereas non-driving-related task (NDRT) engagement and fatigue are established drivers of
inattention and degraded situation awareness (SA) during automation, individual affective states — particularly anxiety —
have received comparatively little empirical attention. The present study investigated the relationship between operator
anxiety (both state and driving-specific) and SA construction during critical takeover scenarios in a Level 3 simulated
automated vehicle, across an extended automated drive. Sixty-seven participants were randomly allocated to a passive
vehicle-monitoring condition or a self-selected NDRT engagement condition. SA was assessed via a verbal scene
description protocol immediately following two takeover requests, separated by approximately 45 minutes of supervised
automated driving. Anxiety was assessed using the State-Trait Anxiety Inventory (STAI-Y) and a modified Driving
Cognitions Questionnaire (DCQ-AYV). Operators in the monitoring condition showed a significant reduction in driving-
specific anxiety post-drive, whereas NDRT-engaged operators did not. Change in state anxiety significantly predicted
change in SA across the drive, regardless of condition. Schema-level SA showed the largest decline in the NDRT
condition. Findings demonstrate the role of state anxiety as an internal source of inattention that disrupts the cognitive
integration underlying safe takeover, with implications for the design of adaptive human-machine interfaces.

1. Introduction

Highly automated vehicles (AVs) fundamentally alter
the attentional demands placed on the operator by removing
direct control of the driving task and replacing it with a
supervisory role (Merat et al., 2019). This transition
introduces a well-studied inattention problem: operators
disengaged from active driving (i.e. being out-of-the-loop)
are vulnerable to degradation in situation awareness (SA),
particularly at the point of takeover (de Winter et al., 2014).
Research into the sources of this inattention has focused
primarily on two factors — engagement in non-driving-related
tasks (NDRTs) and passive fatigue associated with
monotonous monitoring — both of which delay the
reorientation of attention to the driving scene and impair the
quality of takeover response (Zhang et al., 2019; Jarosch et
al., 2019).

However, inattention is not solely a product of task
engagement or fatigue. Internal affective states — particularly
anxiety — represent a cognitively demanding source of self-
directed attention that may disrupt the construction and
maintenance of SA. Processing Efficiency Theory (PET;
Eysenck & Calvo, 1992) predicts that anxious individuals
divert cognitive resources toward worry, reducing the
capacity available for task-relevant processing. In manual
driving, anxiety has been shown to both impair and, in some
cases, enhance performance, depending on task demand
characteristics (Taylor et al., 2008). In low-demand contexts
such as passive vehicle monitoring, PET predicts that the
impairing effects of anxiety on attentional resources are most
likely to be expressed — exactly the conditions under which
impoverished SA and takeover performance are of greatest
concern.

Despite this theoretical basis, the empirical literature
on anxiety and automated driving has focused predominantly

on technology acceptance and trust (Smyth et al., 2021;
Nordhoff & Lehtonen, 2025; Voinescu et al., 2020), rather
than on the real-time attentional and cognitive consequences
of anxiety during automated driving. Psychophysiological
research links more cognitively demanding NDRTs to
reduced eyes-on-road time and narrowed gaze dispersion (Du
et al., 2020), while a recent meta-analysis confirms that
partial automation increases off-road glances and NDRT
engagement (Vasta & Biondi, 2025), suggesting that
inattention under automation is both common and
multifactorial. Yet individual anxiety — a prevalent affective
state in the driving population, with Taylor (2018) reporting
that 52% of a community sample endorsed some form of
driving anxiety — remains a systematically understudied
contributor to attentional disruption in automated contexts.
The present study addresses this gap by investigating
whether operator anxiety (state and driving-specific) predicts
changes in SA across an extended automated drive, and
whether monitoring condition (passive vehicle supervision
versus self-selected NDRT engagement) moderates the
anxiety-SA relationship. Engagement with NDRTs reflects a
central real-world use case of highly automated vehicles;
their inclusion as an experimental condition allowed
examination of whether anxiety functions as an independent
source of SA impairment across both task-engaged and
supervisory driving contexts. SA was assessed using a verbal
protocol structured according to the Perceptual Cycle Model
(PCM), allowing differentiation between information
collection and higher-order schema integration, reflecting the
construction of a coherent mental model of the driving
environment. Critically, the direction of any hypothesised
anxiety effect was uncertain: some operators may find
relinquishing control anxiety-reducing, freeing attentional
resources for SA construction; others may find loss of control
anxiety-provoking, amplifying attentional competition with

182


mailto:*Angus.McKerral@unimelb.edu.au

the driving environment. Given that both NDRTSs and anxious
rumination are most likely to disrupt higher-order schema
integration, it was predicted that schema-related SA would
show the greatest sensitivity to both anxiety and NDRT
condition.

2. Method

2.1 Participants

Sixty-eight participants (76% women; M age = 26.6
years, SD = 8.6) completed the study, recruited from the
University of Newcastle community and through public
advertising targeting self-identified anxious drivers. One
participant was excluded due to a technical failure, yielding a
final sample of N = 67. Participants were randomly allocated
to either a no-NDRT condition (n = 34), in which they were
required to passively monitor the automated vehicle, or an
NDRT-permitted condition (n = 33), in which self-selected

NDRT engagement was permitted during the automated drive.

All participants held a valid driver licence and had normal or
corrected-to-normal vision.

2.2 Procedure

Driving scenarios were constructed in a STISIM
M300WS simulator using an automation toolbox (Eriksson,
de Winter & Stanton, 2018) that enabled Level 3 automated
driving (SAE International, 2021). Participants completed a
briefing on the vehicle's automated capabilities followed by
two practice drives. The primary trial consisted of an
automated drive of approximately 50 minutes interrupted by
two takeover request (TOR) events — one approximately five
minutes into the automated phase, and a second
approximately 45 minutes later. TOR events involved either
a simulated truck accident with road debris or a partially
obscured construction zone. Each TOR was accompanied by
a visual-auditory alert and was followed by an SA probe in
response to which participants verbally described the driving
scene in the seconds preceding the alert.

2.3 Situation awareness and anxiety

SA verbal responses were transcribed and coded
according to PCM categories — World Information
(perception of the driving environment), Action (own-vehicle
and other-vehicle actions), and Schema (integrated
understanding and projected future states) — yielding
category-specific count scores for each probe point. Anxiety
was assessed at multiple time points using: the trait subscale
of the State-Trait Anxiety Inventory (STAI-Y2) prior to the
testing session; the state subscale (STAI-Y1) pre- and post-
drive; and a modified Driving Cognitions Questionnaire
adapted for AV-specific anxiety (DCQ-AV), also
administered pre- and post-drive. Change scores (the
difference between pre- and post-scores)were computed for
all SA and anxiety measures.

3. Results

Multiple regression and paired-samples t-tests (with
non-parametric  alternatives where appropriate) were
employed in the analysis of results.

3.1 Anxiety Scores and NDRT engagement

Operators in the no-NDRT (monitoring) condition
showed a significant reduction in AV-specific driving anxiety
(DCQ-AV) from pre- to post-drive (W = 302, p = .025),
whereas operators in the NDRT-permitted condition showed
no significant change (p = .556). State anxiety (STAI-Y1) did
not significantly change in either condition.

3.2 SA and NDRT engagement

Summed SA count scores declined significantly in the
NDRT-permitted condition (¢ = 2.85, p = .008) but not in the
no-NDRT condition (p = .343). When examined by PCM
category, schema-related SA showed the only statistically
significant within-condition decline across the drive, and this
was specific to the NDRT-permitted condition (M. = 2.45 to
Mpost = 1.70; t=2.16, p = .038). No significant changes were
observed for World Information or Action categories in either
condition.

3.3 SA change and Anxiety Scores

A multiple regression model predicting SA change
from STAI-Y1 change and experimental condition was
significant (R? = 0.173, F(2, 64) = 6.67, p = .002). STAI-Y1
change was a significant predictor of SA change (f=—0.387,
p = .001), indicating that operators whose state anxiety
declined across the drive showed better-maintained SA at the
post-drive takeover, regardless of NDRT condition.
Experimental condition was not a significant predictor (p
=.139).

4. Discussion

These findings position state anxiety as an internal
source of inattention that degrades the quality of SA
construction during critical takeover events in highly
automated driving. The predictive relationship between
anxiety change and SA change — independent of whether
operators were engaged with an NDRT — is consistent with
PET's account of anxiety as a competitor for attentional
resources, reducing the cognitive capacity available for
integrating environmental information into a coherent driving
schema. This mechanism mirrors the external attentional
disruption attributed to NDRT engagement, but operates
internally and is therefore less amenable to system-level
intervention without knowledge of operator state.

The specificity of schema-level decline to the NDRT
condition, and the absence of significant changes in
information collection categories, suggests that inattention in
automated driving contexts is highly consequential at the
level of information integration — the cognitive process that
enables operators to project environmental states and plan
appropriate responses — rather than at the level of perceptual
detection alone. This aligns with broader evidence that SA
loss under automation reflects failures of higher-order
cognitive processing rather than simply reduced exploration
of the driving scene (Endsley, 2021). Notably, this pattern
reverses the monitoring-condition SA decline observed by
McKerral et al. (2023), tentatively suggesting that the higher
baseline arousal associated with anxiety may partially buffer
against the passive fatigue that otherwise impairs operators in
supervisory roles.
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The reduction in driving-specific anxiety observed
only in operators who actively monitored the vehicle has
practical implications for anxiety-informed HMI design. For
prospectively anxious drivers encountering automated
systems for the first time, requiring active monitoring may
serve to calibrate trust and reduce anxiety, with downstream
benefits for SA maintenance — though this benefit must be
weighed against the passive fatigue effects associated with
supervisory monitoring (Jarosch et al., 2019). Importantly,
recent work demonstrates that well-designed warning
interfaces can reduce out-of-the-loop anxiety and support
attentional re-engagement during takeover (Huang et al.,
2024), pointing to a pathway for system-level mitigation.

5. Conclusions

These results demonstrate that anxiety functions as an
individual-difference factor mediating the relationship
between automated driving and operator attentional
allocation. Future research should examine whether real-time
physiological monitoring of anxiety state can be used to adapt
takeover alert timing and modality for individual operators,
and whether interventions targeting driving-specific anxiety
translate to improved SA and safer takeover performance in
clinical and subclinical populations.
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Abstract: As vehicle automation increases, engagement in NDRT is expected to rise, while motion sickness remains a
barrier to user acceptance. Therefore, this paper presents a driving simulator experiment (N = 28) investigating effects of
driving style and visual countermeasures on subjectively and psychophysiologically assessed motion sickness. Results show
that an aggressive driving style leads to higher reported motion sickness and peripheral LED-based curve cues as well as
HUD-level positioning of reading material each reduce perceived motion sickness. Combining both measures provides no

advantage over the individual countermeasures.

1. Introduction

With increasing vehicle automation, engagement in
non-driving-related tasks (NDRTSs) is rising, but motion
sickness remains a barrier to user acceptance (Diels & Bos,
2015). Especially visually demanding NDRTSs intensify
sensory conflicts between visual and vestibular inputs, a
primary cause of motion sickness (Bubb, 2015). Another
contributor is the automated driving style, whereby stronger
longitudinal and lateral acceleration may worsen nausea
symptoms (Karjanto et al., 2022; O'Hanlon & McCauley,
1974). Several studies have shown that a restricted forward
view also increases motion sickness, whereas peripheral
visual references and favorable display positions can alleviate
symptoms (Karjanto et al., 2018; Kuiper et al., 2018; Wu et
al., 2025; Xie et al., 2023). These approaches are particularly
relevant for modern vehicle interiors with large displays,
HUDs and ambient lighting. However, previous studies have
largely investigated these measures in isolation or during
intermittent visual fixation.

Thus, this study examined the effects of automated
driving style and visual countermeasures (LED-based curve
cues and HUD-level positioning of NDRT) on motion
sickness while performing a task requiring sustained visual
fixation. It specifically examined the combination of
countermeasures and whether their effects are additive.

It was hypothesized that an aggressive driving style
would lead to higher levels of motion sickness than a
defensive one (H;). Furthermore, it was expected that LED-
based cues (H») and HUD-level text positioning (H3) would
reduce motion sickness. It was further hypothesized that the
combination of both (LED+HUD) would result in the lowest
level of motion sickness (Ha).

2. Method

2.1 Variables

A within-subjects design was employed, with driving
style (defensive vs. aggressive) and countermeasures (none,
LED, HUD or LED+HUD) as factors.

The dependent variable, motion sickness, was
assessed using subjective and objective measures. Subjective
motion sickness was measured using the Simulator Sickness
Questionnaire (SSQ; Kennedy et al., 1993). Objective
psychophysiological measures included the skin conductance
level (SCL), and heart rate variability (HRV). Both SCL and
HRV are well-established stress indicators, with motion
sickness associated with increased SCL and reduced HRV
(LaCount et al., 2009).

2.2 Simulator and Driving Style

The experiment was conducted in a dynamic driving
simulator (seat box on hexapod) reproducing longitudinal and
lateral vehicle motions. The virtual environment was
displayed across three monitors, providing a 160° horizontal
field of view. The driving route featured frequent curves, as
well as recurring acceleration, braking and steering
maneuvers.

To examine the influence of automated driving style
on motion sickness, two driving styles were simulated. In
addition to testing the driving style hypothesis, the defensive
condition served to identify participants who showed severe
symptoms already under lower dynamic provocation and
were therefore not considered suitable for repeated aggressive
driving exposure.

In the defensive condition, longitudinal acceleration
was limited to £3.6 m/s? and lateral acceleration to +2.4 m/s?.
In the aggressive condition, longitudinal acceleration reached
+8.9 m/s? and lateral acceleration reached £9.6 m/s.

2.3 Non-Driving-Related Task

During the whole fully automated drive, participants
were instructed to read texts on a tablet. Reading was used as
NDRT because sustained visual fixation is particularly
effective at inducing motion sickness according to the
sensory conflict theory (Bubb, 2015). To minimize visual
perception of the driving environment, participants were
instructed to hold the tablet on their lap.
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2.4 Countermeasures

The first countermeasure involved LED strips at the
left and right side of the seat, within the participants’
peripheral field of view. The blue LED flashed (0.2 Hz) on
the inner curve side to provide anticipatory motion cues.

The second countermeasure involved positioning the
tablet displaying the reading material at HUD height. This
allowed peripheral perception of the driving scene during
reading.

2.5 Procedure

Six 15-minute experimental drives were conducted
across two days. Breaks between drives were adjusted to
ensure symptoms had subsided before the next drive. After
written informed consent was obtained, demographic data
were collected.

On the first day, participants completed a baseline
drive (defensive, no NDRT), as well as two drives involving
defensive and aggressive automated driving styles while
performing the NDRT. On the second day, three aggressive
automated driving scenarios with NDRT were conducted,
each including one or both countermeasures. Except for the
baseline measurement, the order of the drives was
randomized within each day (see Fig. 1). The SSQ was
completed before and after each drive. SCL and HRV were
recorded continuously during the drives.

Baseline (defensive, no NDRT)
- -
é' defensive driving style + NDRT permutated
~ order
aggressive driving style + NDRT
aggressive driving style + NDRT + LED
o permutated
z ive drivi le + NDRT + HUD -
g aggressive driving style order
aggressive driving style + NDRT + LED + HUD

Fig. 1. Order of driving conditions.

2.6 Participants

Data from 28 of 31 participants were analyzed after
exclusions due to nonattendance, severe symptoms under
defensive driving, or insufficient symptom induction under
aggressive driving. The final sample comprised 15 women
and 13 men aged between 20 and 63 years (M = 32.96, SD =
13.07).

2.7 Analysis

The SSQ was aggregated into a total score per drive
according to the procedure described by Kennedy et al.
(1993). Using Ledalab, a SCL value was determined per drive
based on electrodermal activity. This was min-max

normalized (Lykken &  Venables, 1971). The
electrocardiogram was analyzed using Kubios to determine a
HRYV value per drive.

Depending on normality, paired t-tests or Wilcoxon

signed-rank tests were used to assess driving style effects (H;).

Effects of the countermeasures (H,—H4) were analyzed using

repeated-measures ANOVA with Greenhouse—Geisser
correction or Friedman tests with Bonferroni-corrected post
hoc comparisons.

3. Results

Results are illustrated in Fig. 2. Descriptive statistics
are provided in Table 1.

Table 1 Descriptive statistics (Mean, Standard Deviation).

normalized
SSQ SCL [I;;l};:]
[nS]
Baseline M=2923 M=0.6 M=53
(defensive, no NDRT) SD =180.6 SD=0.2 SD=1.7
defensive driving style M =4325 M=0.5 M=47
+NDRT SD =340.8 SD=0.2 SD=1.8
aggressive driving style M =623.0 M=05 M=438
+NDRT SD=453.4 SD=0.2 SD=1.5
aggressive driving style M =299.1 M=04 M=44
+NDRT + LED SD=311.3 SD=0.2 SD=1.7
aggressive driving style M =422.0 M=0.6 M=4.6
+ NDRT + HUD SD =361.1 SD=0.2 SD=1.5
aggressive driving style M =350.0 M=05 M=4.7
+ NDRT + LED + HUD SD =388.9 SD=0.2 SD=1.7

3.1 Effect of Driving Style (H})

Driving style significantly affected SSQ scores (t(27)
= 6.19, p < 0.001, d = 1.17), with higher scores in the
aggressive than in the defensive condition. However, no
significant differences were observed between driving styles
for SCL (t(27) = —1.05, p = .30, d = —0.20) or HRV (V =
220.5, p = .46,r=.17).

3.2 Effect of Countermeasures (H>.4)

A significant effect of the countermeasures was
observed for subjectively reported (SSQ) motion sickness
(Friedman-y*(3) = 33.77, p < .001, Kendall’s-W = .40). Both
the LED (V =31, p <.001, r = —.84) and HUD (V =74, p
= .017, r = —.64) conditions significantly reduced motion
sickness compared to aggressive driving without
countermeasures. The combined LED+HUD condition also
resulted in a significant reduction (V =29, p <.001, r=—.85).
However, no additional reduction beyond that achieved by
the individual measures was observed.

For SCL, a significant overall effect of the
countermeasures was found (F(2.79, 75.32) = 5.11, p = .004,
np*> = .16). However, Bonferroni-corrected pairwise
comparisons revealed no significant differences between the
condition without countermeasures and any of the
countermeasure conditions.

Neither the omnibus test (Friedman-y*(3) =2.91, p =
0.405, Kendall’s-W = 0.03) nor the pairwise comparisons
revealed any significant effects of the countermeasures on
HRYV.
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<.001), and “=" indicates non-significant differences.

4. Discussion

Driving style significantly affected subjective motion
sickness (H1), corroborating O'Hanlon and McCauley (1974)
and Karjanto et al. (2022). As expected, the aggressive
driving style led to significantly higher SSQ scores than
defensive driving style. This finding is primarily
confirmatory and supports the use of the aggressive driving
style as a sufficiently provocative condition for evaluating the
visual countermeasures.

Consistent effects of the countermeasures were
observed at the subjective level. Both LED-based cues (H>)
and HUD-level text positioning (H3) significantly reduced
perceived motion sickness. These results corroborate those of
Karjanto et al. (2018) and Kuiper et al. (2018), demonstrating
that both measures are effective during visually demanding
NDRTs requiring sustained fixation, even when light cues are
implemented more subtly and presented at a greater distance
from the occupant.

However, combining both countermeasures (Hs) did
not result in any further reduction compared to the individual
measures. Instead, the LED+HUD condition showed a
tendency towards increased motion sickness, potentially
indicating visual overload.

At the psychophysiological level, the effects of
driving style and countermeasures were inconsistent. The
physiological measures represent non-specific stress
indicators and may not detect motion sickness alone.

Given the simulator setting, limited sample size and
short exposure duration, generalization to real-world driving
and long-term effects requires caution. Future research
should investigate the role of individual differences, longer
exposure durations and adaptive countermeasure strategies in
automated driving contexts.

5. Conclusion

In summary, an aggressive automated driving style
increases the subjective experience of motion sickness,
whereas visual countermeasures, such as LED-based curve
cues or HUD-level text positioning, can effectively reduce it.
However, combining both countermeasures did not further
reduce motion sickness, suggesting that adding multiple
visual aids may not increase effectiveness. The findings
therefore extend previous work by demonstrating the
effectiveness of visual countermeasures and the limits of
combining them during a visually demanding NDRT
engagement.
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Abstract: This study explores how the design of Level 2 driving automation, specifically hands-on versus hands-free
design philosophies, is associated with engagement in tasks (driving and non-driving related) involving in-vehicle
technologies while driving. Using naturalistic driving data from 31 drivers over a four-week study, it was found that L2
automation use was associated with a higher prevalence of manual cellphone and center stack interactions compared to
manual driving (L0). The hands-on system was associated with a 4.45 times greater prevalence of center screen
interaction than the hands-free. While drivers using the hands-on system drove with their hands off the wheel 17% of
the time, they had 2.75 times greater prevalence of manual cellphone interaction during these periods compared to when
their hands were on the steering wheel. In the hands-free system, driving hands off (84% of the time) was associated
with 2.38 times greater center screen interaction than with hands on the wheel. Overall, while the evidence suggests that
L2 driving automation affords greater engagement with in-vehicle technologies, differences in system design

philosophies may shape these interactions.

1. Introduction

The increasing availability of partial driving automation
systems (SAE L2) (SAE International, 2016) has coincided
with an increase in the amount of in-vehicle technology
available to drivers (Consumer Reports, 2021; DeGuzman et
al., 2026). As a result, more drivers operate within software-
defined and information-rich vehicle environments that
include a growing range of interactive interfaces for systems
such as infotainment, navigation, and communication
(Gershon, 2026). Together, these trends raise questions about
driver attention, distraction, and engagement with
technologies when using automation.

While L2 systems provide sustained lateral and
longitudinal vehicle control, they often differ in their design
philosophy and driver-automation interaction strategies. One
key difference across commercially available L2 systems is
whether the system allows hands-free operation or designed
for drivers to keep their hands on the wheel, along with the
driver monitoring system (DMS) used to supervise driver
engagement. Two such differing systems are GM’s Super
Cruise (SC) which explicitly allows for hands-free driving
and monitors head position/gaze via cameras (Chevrolet,
2026); and Tesla Autopilot (AP) — a hands-on system that (at
the time of data collection) monitors the driver via steering
wheel torque (Tesla Inc., 2026).

Prior work has shown that vehicle automation use is
associated with fewer glances to the forward roadway
(Gaspar & Carney, 2019; Gershon et al., 2021), less steering
wheel engagement (Morando et al., 2021; Reagan et al.,
2021), and greater secondary task engagement (Gershon et al.,
2023; Noble et al., 2021; Pipkorn et al., 2025). However, less
is known about how the design and implementation of L2
systems shape drivers’ engagement with technologies,
including portable electronics (e.g., cellphones) and built-in
vehicle interfaces such as center screens, center stack controls,
steering wheel controls, and hands-free voice systems.

This study uses a large-scale naturalistic dataset —
providing real-world data extracted from full trips over a 4
week period of participants driving — to explore whether
differences in L2 automation design are associated with
differences in driver engagement with in-vehicle
technologies. This work addresses two research questions:

e Are differences in the design/implementation of L2
systems associated with differences in the likelihood of
technology use?

e  Are there differences in the prevalence of technology use
between L2 automated systems that explicitly allow
hands-free driving and those that require drivers to keep
their hands on the wheel when the system is engaged?

2. Method

Data were drawn from the ongoing MIT-AVT
naturalistic data collection effort (Fridman et al., 2019;
Gershon et al., 2021). 453 trips were recorded from 31 drivers
who were randomly assigned a Tesla Model 3 with AP (16
drivers, 233 trips) or a Cadillac CT6 with SC (15 drivers, 220
trips) for 4 weeks. Data were filtered to include highway
driving only determined by GPS, automation state was
determined by CAN data, and technology interactions and
hands-on-wheel (HOW) behaviors were determined from
manual annotation of video.

Prevalence was estimated using generalized linear
mixed effects models with a negative binomial link function,
a total observation time offset term, and a driver-level random
effect. A separate model was used for each technology
interaction type:

e  Cellphone manual interaction — manipulating, holding,
reaching for, or talking on a hand-held cellphone

o Center stack interaction — glancing at the center
stack/screen for longer than 1 s, or cumulative 1 s over a
3 s window, or touching the center stack/screen
Steering wheel control — manipulating the controls
located on the steering wheel
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e Voice interaction — using an in-vehicle voice command
or talking on a cellphone hands-free

3. Results

Overall, L2 automation use was associated with 2.01
times (Closy[1.11 — 3.64], p<0.05) higher prevalence of
cellphone manual interaction and 1.26 times (Closy,[1.01 —
1.57], p<0.05) higher prevalence of center stack interaction
compared to manual driving (LO) (Figure 1). There was no
observed difference in steering wheel controls or voice
interactions between L2 and LO.

Cellphone Manual Interaction *p<0 05
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X
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Center Stack Interaction
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g Steering Wheel Control Interaction
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Voice Interaction
L2 ——
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0.0 0.1 0.2 0.3 0.4

Proportion of Automation State Interacting with Technology

Figure 1. Estimated mean (and 95% CI) proportion of
highway driving time in L2 (black) and L0 (gray) in which
drivers are interacting with different technologies.

Comparing technology use across L2 systems shows
that hands-on L2 system use was associated with a 4.45 times
(Clos%[3.30—6.01], p<0.001) higher proportion of interaction
with the center screen compared to drivers using the hands-
free L2 system (Figure 2). There were no significant
differences in the prevalence of the other technologies across
the two L2 systems.

When using the hands-free L2 system, drivers had
their hands off the steering wheel 84% (Closy [77.2 — 89.3%)])
of the time, while drivers using the hands-on L2 system had
their hands off the steering wheel 17% (Close, [0 — 43.6%]) of
the time. Figure 3 shows the proportion of time interacting
with the evaluated technologies, given that drivers either had
their hands off or on the steering wheel (at least one hand).
When drivers of the hands-on L2 system had no hands on the
wheel, manual cellphone interactions were 2.75 times more
prevalent than when their hand(s) were on the wheel (C195%
[1.08-7.05], p < 0.05). Drivers of the Hands-Free L2 system
interacted with the center screen 2.38 times more frequently
when driving hands off the wheel than with hand(s) on the
wheel (Closy[1.53 — 3.72], p<0.001). For both L2 systems,
steering wheel control interactions were more prevalent when
drivers had hand(s) on the wheel (11.25 Closy[7.30 — 17.34],
p<0.001, and 21.70 Clos%[15.55 — 30.27], p<0.001,
respectively).
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Figure 2. Estimated mean (and 95% CI) proportion of
highway driving time in L2 in which drivers are interacting
with technology between two different L2 systems.
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Figure 3. Estimated mean (and 95% CI) proportion of
highway driving time in L2 in which drivers are interacting
with the different technologies, given that the driver has
their hands on the wheel (solid) or hands off the wheel

(opaque).

4. Discussion

This study found distinct technology use behaviors when
using partial driving automation, including greater prevalence
of manual cellphone use and center stack interaction
consistent with previous findings (Gershon et al., 2023;
Noble et al., 2021). Overall, drivers using the hands-on L2

2
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system had more interaction with the center screen compared
to the hand-free L2 system, likely related to both L2
automation and in-cabin physical design. The Tesla Model 3
vehicle has a large center screen and no instrument cluster.
As such, drivers are more likely to interact more frequently
with the center stack as it contains both driving and non-
driving-related information.

Understandably, drivers with the hands-free L2
automation system drove mostly with hands off the wheel,
whereas drivers of the hands-on L2 system drove with hands-
off the wheel less frequently. However, there were
differences in technology use during these hands-off periods.
In the hands-free system, drivers interacted more with the
center stack and less with steering wheel controls. This may
reflect differences in access to similar functions (e.g.,
infotainment controls) depending on hand placement, or in
how they return their hands to the wheel to perform certain
tasks (e.g., speed adjustments). In the hands-on system,
manual cellphone use was more prevalent when drivers had
no hands on the wheel, which, coupled with the similar
overall prevalence between both vehicles, may suggest that
drivers may rely on the L2 system and remove their hands
from the wheel to interact with their cellphones. In contrast,
in the hands-free system no difference between HOW
behavior, which could be due to the DMS, which is active
regardless of the driver’s hand position.

5. Conclusions

The goal of this study was to assess differences in
partial automation design and drivers’ interaction with
technologies while driving. Beyond the contribution of
physical layout and information displays to the amount of
center screen interaction, the key differences between
vehicles were observed in how drivers use the system in
relation to hands-on-wheel behavior and their engagement
with cellphones, center screens, and steering wheel controls.
It may be that, while L2 systems generally afford
opportunities to engage with technology, the way interactions
occur is shaped by the design and implementation of specific
systems, including hands-on requirements and monitoring
strategies. These findings highlight the importance of
understanding driver engagement and distraction when using
partial automation systems.
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Abstract: Within the Minimum Required Attention (MiRA) framework, the areas a driver must monitor are
determined by infrastructure, traffic regulations, and the intended manoeuvre. Defining these attentional requirements
is typically tedious and largely manual, limiting the scalability of MiRA-based analyses. To examine the feasibility of
automating this process, we applied a GIS-based approach to a city block with rich spatial data and tested three
scenarios of increasing regulatory complexity. Although the current implementation still involves simplifications, such as
excluding signalised intersections, and manual steps, like the identification of attentional requirements based on GIS-
derived attributes, the results show that adding dedicated infrastructure and local traffic regulations increases the
absolute number of attentional requirements for car drivers globally, while also reducing predictability of what to look
out for depending on the intended manoeuvre. Further work is needed to extend the approach to other road users and to
evaluate implications for safety, efficiency, and transport justice. With sufficient data quality and an automated
requirement-mapping algorithm, GIS-based MiRA analysis has strong potential for larger-scale assessments.

1. Introduction

Road user inattention can be understood as a failure to
gather sufficient information to maintain an accurate mental
representation of the traffic situation (Endsley, 1995;
Johnson-Laird, 1983). In the Minimum Required Attention
framework (MiRA; Kircher & Ahlstrom, 2017; Kircher &
Ahlstrom, 2024), this is defined by whether a road user has
sampled information from all areas relevant to complete an
intended manoeuvre, given the existing infrastructure, traffic
rules, and relevant interaction areas. Each manoeuvre is thus
associated with a set of necessary attentional requirements.
These represent the minimum information that must be
sampled, assuming all road users obey the rules. For example,
when entering an unregulated intersection controlled by
priority-from-the-right, one necessary requirement for a
driver approaching from a subordinate leg is to check for
traffic arriving from the right. Another necessary requirement
is to check for bicyclists approaching from behind before
making a turn and crossing their path. MiRA also
acknowledges useful requirements. These represent cases not
strictly mandated by the rules, but that are beneficial from a
self-preservation perspective. For instance, motorists often
fail to notice cyclists approaching from lanes not used by
motor vehicles (Ahlstrom et al., 2025), why MiRA assigns a
useful requirement to cyclists as they approach interaction
areas involving motor traffic.

A limitation with the MiRA approach has been the
time-consuming manual coding of necessary or useful
requirements for each manoeuvre and road-user type per
infrastructure layout and regulatory context. This manual
approach does not scale well in heterogeneous urban
environments where intersections vary both in geometry,
infrastructure, and rules.

The present paper addresses this methodological gap
by initiating the automation of MiRA-based attentional
requirement generation using geographic information

systems (GIS), exploiting road geometry, pedestrian and
cycling facilities, traffic signs, and intersection topologies
from municipal and national datasets. This proof-of-concept
study is the first step toward generating city wide attention
requirement maps, enabling systematic assessment of
attentional load across an entire transport network.

2. Method

The assessment was carried out within a
geographically defined area in central Linkoping, Sweden
(Fig. 1). The underlying road network for motor vehicles
(centreline data) originated from the Municipality of
Linkdping, while information on traffic control devices,
crossing types, and regulatory signage was primarily sourced
from the Swedish National Road Database (NVDB). The
latter was supplemented with OpenStreetMap data and
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Fig. 1. The city block used in this proof-of-concept study.
Map obtained from OpenStreetMap.

192


mailto:katja.kircher@vti.se

Baseline-
infrastructure

-
- |

Bicycle-
infrastructure

Today’s
infrastructure

S5 <R
7= [EEN =) [N
'} ) S N

Fig. 2. lllustration of attentional requirements, depending on the scenario type, when turning right in a four-way
intersection. Red fields indicate necessary requirements in that direction.

Google Street View imagery to validate and correct missing
or ambiguous attributes such as turning restrictions,
pedestrian crossings, and give-way or priority signs. All
spatial analyses were performed in QGIS and ArcGIS Pro,
with geometries projected in SWEREF 99 TM to maintain
spatial consistency across datasets.

Intersections were categorised according to their
geometric configuration, presence of bicycle infrastructure,
presence of zebra markings, and traffic regulations or signs.
Network topology analysis, supported by spatial joins and
buffer-based queries, was used to associate intersection
points with connected road segments, and to identify the
number of intersection approaches, bicycle paths, and
pedestrian crossings. Based on these attributes, a typology of
intersections was developed, enabling systematic assignment
of MiRA requirements as attributes for structurally similar
intersections.

To illustrate the flexibility of the GIS-based approach,
three network configurations were constructed (Fig. 2): (i)
Baseline (priority-from-the-right) — representing today’s road
network geometry but without local traffic control devices or
dedicated bicycle infrastructure. Only the general rule of
priority from the right applied in all unsignalised intersections;
(i1) Bicycle-infrastructure scenario — identical to the baseline
network except that all existing cycle infrastructure was
included. In Sweden, cycle paths are typically bidirectional
unless otherwise signed, which affects conflict structure at
intersections; (iii) Today’s network — representing the actual
contemporary conditions, incorporating all zebra crossings,
cycle infrastructure, and local regulatory signage (e.g.,
priority road, give-way, stop), with intersections controlled
by traffic lights excluded due to dynamic attentional
requirements that vary with signal state. These scenarios
serve as illustrative cases for demonstrating how variations in
infrastructure and traffic rules can be systematically encoded
and subsequently influence the MiRA-derived attentional
requirements in the network.

2.1 MiRA requirements

For each intersection leg and manoeuvre, the number
and direction of necessary and useful attentional requirements
were defined by comparing GIS-derived attributes (priority
rules, cycle-path presence, and crossing types) with MiRA’s
rule logic. Fig. 2 shows an example intersection and how the
requirements vary for the three scenarios. In the baseline
scenario, for a right turn, in addition to forward, drivers need
to check over the right shoulder for cyclists who might go
straight on. There are no requirements to look left due to the
priority rule, and no requirement to look right since that path
is never crossed. Adding a bidirectional cycle path on the

right-hand side of the road adds a requirement to also check
for oncoming cyclists, while adding a yield rule requires the
driver to also check for traffic from the left. Note that the
MiRA rule database is still constructed manually, and
additional work is needed to algorithmically describe all
logical rules.

2.2 Analyses

MiRA requirements were determined for every
manoeuvre through each intersection in the study area. This
produced a scenario-specific dataset containing, per
manoeuvre, the total number of necessary and useful
requirements along with the directional distribution of these
requirements (over-shoulder right, right, forward-right,
forward-left, left, over-shoulder left). Since a requirement to
check Forward is always present, the forward requirements
were omitted in the analyses. The dataset allow comparison
of how changes in infrastructure and rule configurations
affect driver attentional demands across the three scenarios.

The analyses presented in this paper are descriptive,
aiming to illustrate how the MiRA-GIS framework highlight
differences in attentional requirements resulting from
changes in infrastructure and regulations. We treat attentional
requirements as cumulative (similar to impedance in transport
modelling), thereby enabling comparison across scenarios.
No inferential statistics are reported as the emphasis is on
methodological demonstration rather than differences
between the hypothetical scenarios.

3. Results

Fig. 3 shows the number and direction of necessary
MiRA requirements across all intersections and manoeuvres
in the analysed city block. Note that car drivers have no useful
requirements, since MiRA applies useful requirements
primarily to pedestrians and cyclists where asymmetric risk
exposure justifies additional checks. Across scenarios, the
number and directional spread of necessary requirements
change systematically. In the baseline scenario, drivers
mainly monitor lateral approaches, especially from the right.
Introducing bicycle infrastructure adds new potential
interaction areas at intersections with cycle paths, increasing
necessary checks for turning manoeuvres. In today’s network,
zebra crossings and local priority rules redistribute attentional
demands further. Some checks decrease where pedestrian
priority simplifies responsibilities, while others increase
where multiple yielding obligations arise. Overall, scenario
differences illustrate how infrastructure and regulations shape
the attentional environment for drivers.
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Fig. 3. Faceted heatmaps of the total number of necessary and useful MiRA requirements in the three road networks
(Minimal-control baseline, added cycling infrastructure, today), by attention direction and turn. Each cell is annotated

with the total number of necessary | useful requirements

A single car route through the study area, chosen with
route guidance in Google maps, was analysed by summing
necessary MiRA requirements at each encountered
intersection  (baseline  requirement n=39, cycling
infrastructure n=49, today’s network n = 80). The MiRA-GIS
approach provides a scalable way to quantify how attentional
demands change across environmental scenarios, and can, for
example, be used as a parameter in route optimisation.

4. Discussion

In the baseline situation, attentional requirements for
car drivers depend solely on the turning manoeuvre. Turning
left requires monitoring two distinct target areas (in addition
to forward), whereas going straight or turning right requires
only one. With added cycling infrastructure and local traffic
regulations complexity increases. The number of
requirements rises, combinations become less predictable,
and required visual scanning can span a wider angle.

Dedicated infrastructure and local rules are often
introduced to influence traffic flow or rebalance priority
between modes. To gain a complete picture, requirements for
other road users would need to be compared directly with
those for drivers across scenarios.

Here, only the total number of requirements is
presented, but other characteristics, such as the number of
simultaneous checks, their spatial distribution, and relative
difficulty, should also be examined. These factors may
significantly affect attentional demands and the consequences
if certain checks are neglected.

The three scenarios (one real and two virtual)
demonstrate that mapping attentional requirements across a
larger area can reveal systematic patterns and biases linked to
risk, efficiency, and fairness between transportation modes.
Typical routes could likewise be evaluated and compared
within and between traffic modes.

To fully automate MiRA-based requirement mapping,
high-quality data on infrastructure layout and local traffic
regulations are essential, something which becomes more
feasible as digital twins becomes more common. Furthermore,
an algorithm capable of using this input to assign attentional
requirements for all road user groups and all possible
manoeuvres remains to be developed. Future work will focus
on this step, alongside the further development of methods for
categorising requirements and requirement combinations

according to their attentional demands and their potential
consequences at a system level.

5. Conclusions

A GIS-based approach to mapping MiRA
requirements is technically scalable but depends on the
completeness and quality of the underlying data. Several
areas of application are conceivable, including traffic
planning (e.g., designing for safety or supporting modal shift),
research and evaluation of existing and proposed solutions,
and the automated-vehicle domain. Future developments
include improved assessment of the characteristics of MiRA
requirements and their combinations, as well as full
automation of the mapping process.
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Abstract: Conventional approaches to assessing driver distraction and inattention predominantly rely on aggregated task
demand and performance measures. Aggregating across conditions may capture average risk but fails to fully represent low-
probability, high-consequence events. Understanding how drivers manage risk on the road—and recognizing the catastrophic
potential of distracted and inattentive driving—requires that we look beyond the average. We therefore adopt an approach that
shifts the focus from what is merely probable to what is possible in worst-case scenarios. This approach offers a principled basis
for more robust measurements of distraction and inattention. We operationalize this approach in an empirical study assessing
the distraction effects of OEM in-car infotainment systems across ten car models.

1. Introduction

Driving involves operating in situations where even
brief moments of distraction or inattention can have severe
consequences. The risk posed by driver distraction and
inattention is therefore not uniform, but highly context-
dependent. Current assessments of driver distraction and
inattention are typically based on aggregated task demand
and performance measures that emphasize average effects.
For example, NHTSA’s widely adopted 2-seconds guideline
for off-road glances is derived from statistical associations
between glance behaviour and safety-critical event risk across
large datasets (Klauer et al., 2006; NHTSA, 2013). While
useful for establishing baseline safety thresholds, such
approaches systematically underweight rare but safety-
critical situations.

This is particularly problematic because drivers do not
consciously regulate risk but maintain safety margins through
largely automatized behavior (Summala, 1988), rendering
them unable to adequately compensate when extreme
conditions arise. Given the severe consequences of distracted
and inattentive driving—including fatalities, injuries, and
substantial economic costs—rigorous assessment must
prioritize what is possible in worst-case scenarios rather than
what is merely probable under typical conditions. This paper
therefore advocates a 'possibility over probability' philosophy
for assessing driver distraction and inattention, shifting focus
from average-based thresholds to worst-case vulnerabilities.

To demonstrate the value of this philosophy in
practice, we present an empirical investigation of ten
production cars, evaluating the distraction effects of their
OEM infotainment systems under worst-case driving
scenarios.

2. Method

Kujala and Grahn (2022) proposed a conceptual
framework that defines driver inattention as the inability to
respond safely to a worst-case scenario—such as a lead car
braking abruptly—rather than as a deviation from statistical
norms. This ensures that the assessment systematically
accounts for improbable but plausible events.

Building on this framework, Kujala and Sarkar (2024)
formulated a set of equations to quantify glance- and
headway-based measures of driver inattention in dynamic
car-following scenarios. The thresholds derived from these
equations explicitly account for worst-case scenarios,
including sudden braking by the lead vehicle, obstructed
peripheral vision, and the inability to swerve to avoid a
collision. These thresholds define the boundary between safe
driving and collision in a worst-case scenario, capturing risks
that would be overlooked by aggregated measures.

These equations provided the foundation for the
Drive-In Lab methodology (Kujala et al., 2024; Kujala &
Sarkar, 2025), enabling a systematic study of how use of in-
car OEM infotainment systems interfere with drivers’ ability
to maintain safe headway in extreme situations. To further
strengthen the worst-case assessment, drivers in the Drive-In
Lab use the OEM infotainment systems under study for the
first time, with no prior training or familiarization. Kujala and
Sarkar (2025) demonstrated this approach in the Drive-In Lab
by testing two 2024 production cars (VW ID.7 and Kia EV9),
showing how distraction effects can range from negligible to
large across different car models and in-car tasks with respect
to increase in crash potential under worst-case conditions.

The present study extends the test fleet to ten
production cars by adding eight vehicles—seven MY 2024-
2025 models (Audi Q6 e-tron, BMW 5 Series, Mercedes-
Benz E300e, Peugeot E-3008, Skoda Elroq, Toyota bZ4X,
and Volvo EX30) and an older 2016 VW Golf for a
comparison point with physical controls for, e.g., AC and seat
heating functions. It followed the research design and adopted
the operational metrics described by Kujala and Sarkar
(2025). Thirty-two participants were recruited per car, with
eight drivers in each of four age groups (18-24, 25-39, 40—
54, and 55+ years) in line with NHTSA (2013)
recommendations. The Drive-In Lab setup and simulation
environment were identical to those used in prior testing (Fig.
1).

In all drives, participants’ task was to maintain what
they think is the minimum safe headway to the lead car by
adjusting speed, with automated steering provided but
adaptive cruise control disabled. Driving log data were
recorded at 10 Hz.
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Fig 1. Drive-In Lab’s experimental setup from a participant’s
point of view (car: Audi Q6 e-tron 2025)

Inattention to headway was defined as instances when
the driver’s distance to the lead vehicle would have been
insufficient to avoid a collision if the lead vehicle braked hard
suddenly. Distraction was quantified as the extent to which
performing an in-car task increased these instances of
inattention (%) relative to baseline driving during 3-minute
drives.

Statistical analyses were conducted using a linear
mixed-effects model, with participant as a random effect and
in-car task as a fixed effect, using the baseline drive as the
reference. The model estimated the distraction effect of each
in-car task on driver inattention with standardized estimates,
allowing comparison of distraction across tasks and vehicles.
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Fig 2. Effect sizes of the least distracting in-car tasks

3. Results

Distraction effect sizes per in-car task and car can be
found in Figures 2-4. Figure 2 indicates the least distracting
tasks across the cars based on mean effect size (standardized
betas) and number of statistically significant effects, Figure 3
shows moderately distracting tasks and Figure 4 the most

distracting tasks. Statistically significant effects are
illustrated in dark red.

There are notable differences in the distraction effect
sizes even in the least distracting tasks between cars. For
validation purposes, the car-specific Bonus tasks (Fig. 4)
were chosen to represent the most challenging tasks requiring
visual search in the menus. The effect sizes of the Bonus tasks
support the validity of the novel distraction metric.
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Fig 3. Effect sizes of the moderately distracting in-car tasks
(among the studied tasks)

4. Discussion and Conclusion

This paper proposes complementing probabilistic
assessments of driver inattention and distraction with
evaluations of safety margin maintenance grounded in worst-
case possibilities. Literature on risk management (e.g., Taleb
et al., 2009) emphasizes that while extreme scenarios cannot
be accurately predicted, their consequences must be
accounted for to mitigate their impact. Safety-critical systems
are therefore often designed around worst-case scenarios, as
exemplified in aviation and nuclear power domains. The
possibility-based approach is built on the same philosophy: in
driving, the costs are fundamentally asymmetric—brief
distraction or inattention under typical conditions may go
unnoticed, but the same lapse during a worst-case scenario
can be catastrophic. Thus, the objective is to minimize the
maximum potential loss from distracted and inattentive

2
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driving. While this may yield conservative assessments in
some contexts, it reflects the appropriate standard for safety-
critical systems where the cost of underestimating risk far
exceeds the cost of overestimation. What may appear overly
cautious can instead be understood as a minimum safety
requirement for preventing crashes caused by distraction and
inattention. Prioritizing possibility over probability also
enables counterfactual 'what-if' reasoning, defining outcomes
based on worst-case conditions to establish causal
relationships rather than relying on mere statistical
associations (Bargman et al., 2015; Gerstenberg et al., 2021).

This paper demonstrates an operationalization of the
possibility-over-probability philosophy by measuring the
worst-case distraction effects of OEM infotainment systems
across ten production cars using the Drive-In Lab. The results
clearly indicate substantial variation in distraction effects
across cars and in-car tasks with effect sizes ranging from
negligible to large effects on crash risk potential,
underscoring the need for manufacturers to prioritize user
interface designs that minimize worst-case vulnerabilities.
Effect sizes of the Bonus tasks show construct validity for the
distraction measurements. However, the method and
measurements must still be further validated in future
research. We possess hundreds of hours of video material of
drivers’ interactions with the in-car systems, and its
qualitative content analysis is the next step for revealing the
least and most distracting in-car user interface features for a
novice user.

Looking ahead, the 'what-if' approach can enhance
traffic safety by contributing to the development of robust
assessment, monitoring, and warning systems for driver
distraction and inattention that ensure protection against
extreme scenarios.
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Abstract: This study provides a preliminary evaluation of counterfactual, glance-based estimates of model-based crash
risk (MCR) and model-based injury risk (MIR) using SHRP2 naturalistic driving data. By comparing MCR with
traditional odds-ratio crash estimates, we assess how well prospective, glance-driven predictions align with real-world
crash odds. Results indicate that MCR generally reproduces both the ordering and relative magnitude of observed crash
risks (R = 0.94 across seven task groups). These findings demonstrate the potential of counterfactual glance-based
modeling for prospective safety assessment of DMS-driven inattention countermeasures.

1. Introduction

Driver visual distraction is well established as a major
contributor to crash risk (Klauer et al., 2014). However, few
methods can prospectively and quantitatively assess the
safety impact of distraction before, for example, a human—
machine interface (HMI) is deployed in production vehicles.
One exception is the counterfactual, simulation-based
framework for estimating model-based crash risk (MCR) and
model-based injury risk (MIR) from specific glance
behaviors, as proposed by Birgman et al. (2015). This
method has been applied to evaluate individual secondary
tasks (Bargman & Victor, 2018), the combined effects of
longer glances associated with higher levels of automation
and the safety impact of this combination (Bérgman & Victor,
2020), as well as the crash risk associated with drivers’
selected time gaps in car-following (Olleja, 2026).

Other quantitative distraction-assessment approaches
exist, such as drive-in-lab studies (Kujala & Sarkar, 2025), in
which production-vehicle HMIs are evaluated based on
drivers’ vehicle-control behaviors. However, these methods
do not estimate crash or injury risk.

In this work, we (a) estimate MCR and MIR for a
range of secondary tasks in the SHRP2 naturalistic driving
study (NDS), and (b) compare MCR results with traditional
odds-ratio (OR)-based crash-risk estimates and compare
MCR/MIR for the same tasks. This comparison serves as an
initial validation of the MCR/MIR approach and highlights
the importance of considering not only crash risk but also
injury risk in the development of driver-monitoring-system
(DMS) based inattention countermeasures.

2. Method
2.1 Datasets

2.1.1  The SHRP? data

We used data from the SHRP2 NDS, in which
approximately 3,400 drivers operated instrumented vehicles
from 2010-2013, generating about 56 million kilometers of
sensor and video data. SHRP2 identified safety-critical events,
with crashes classified into four levels; this study uses
Levels I-III, and non-critical baseline segments were
sampled for comparison. All crash types were included.

Two datasets were analyzed: (1) 6-s crash and baseline
epochs for the OR calculations, and (2) 20-s baseline epochs
with detailed glance annotations for the MCR/MIR estimates.
Secondary tasks were manually coded into 62 categories. In
the 567 available 20-s epochs, glance location was annotated
every 0.1 s.

For selected secondary tasks, we derived off-road
glance distributions from the 6-s task-coding epochs; tasks
beginning or ending outside this window contribute only
glances within it. Examples of distributions are shown in
Figure 1. We fitted parametric models (Weibull or lognormal)
to each task's off-road glance durations, accounting for
glances cut by the window (Rootzén & Zholud, 2016), and
added the share of time with eyes on road (%EON).

For this preliminary work we analyzed OR, MCR and
MIR for seven secondary task/task groups (Table 1) — the two
task groups include Visual-manual phone tasks (Table 2) and
Acceptable tasks (Table 3). The latter is a group of tasks we
believe are societally accepted and unlikely to be legally
restricted (e.g., adjusting the radio or climate control,
drinking, smoking and talking to passengers). Note that three
of the single tasks in Table 1 are also part of a group (radio in
the Acceptable tasks; texting and phone holding in the Visual-
manual phone tasks); they are analyzed separately as well, to
show their risk individually.

2.1.2  The QUADRIS synthetic crash data

The QUADRIS synthetic crash dataset contains 8,000
pre-crash rear-end kinematic sequences generated and openly
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Figure 1: Distribution of glance lengths for visual-manual
phone tasks and acceptable tasks. Dashed lines indicate the
mean glance length for each task.
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Table 1 Secondary tasks/task groups analyzed in this work

- Visual-manual phone tasks (Table 2)

- Acceptable tasks (Table 3)

- Talking/singing, audience unknown (Talking/singing)
- Phone conversation hand-held (Phone HH)

- Texting; Radio; Phone, holding

Table 2 Visual-manual phone tasks (SHRP2 annotation
categories)

-Holding -Texting

-Browsing -Dialing hand-held
-Locating/reaching -Dialing hand-held using
/answering quick keys

-Other

Table 3 Acceptable tasks (SHRP2 annotation categories)

- Adjusting/monitoring
climate control

- Drinking with lid and straw
- Adjusting/monitoring radio
- Smoking cigar/cigarette

- Passenger in adjacent seat
interaction

shared by Wu et al. (2025). The data span the full severity
range of real-world rear-end crashes, from minor impacts to
fatal events. Each record includes 5 s of kinematic data for
both the lead vehicle (LV) and the following vehicle (FV).
We used 282 crashes (selected based on absolute and relative
speed criteria) as seed crashes in the simulations. To enable
counterfactual simulations of FV driver behavior, the driver’s
evasive maneuver was removed for each seed (see Bargman
etal., 2015).

- Drinking from open
container

- Drinking with lid, no straw
- Drinking with straw, no lid
- Biting nails/cuticles

- Passenger in rear seat
interaction

2.2 Analyses

2.2.1 Odds ratio calculations

To quantify secondary-task effects on crash risk, we
used SHRP2 crash and baseline data in propensity- and age-
weighted logistic regression models to estimate odds ratios
and confidence intervals. For the comparison with MCR, ORs
were computed on events in which no task outside the group
was coded (task-alone ORs).

2.2.2  Counterfactual crash and injury risk
estimates for secondary tasks

Counterfactual simulations were conducted for each
secondary task/task group in Table 1 (see VTTI, 2015, for
task descriptions). For each seed crash, we combined its
pre-crash kinematics with the task-specific glance model,
producing a crash-risk estimate for that crash—task pair.
Aggregating across seed crashes yielded a crash-risk
distribution for each task, from which we computed the
expected model-estimated crash risk (MCR).

Injury risk was estimated similarly. For each
simulation, we calculated relative impact speed and applied
assumptions about crash dynamics together with an
injury-risk function (MAIS3+; Wang, 2022). Aggregating
across seed crashes produced an injury-risk distribution, and
its expected value is reported as the model-estimated injury
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Figure 2: Simulated risks against real-world crash ORs (task
alone) for seven task groups: (a) MCR, with least-squares line; (b)
MCR relative to baseline driving (log axes; solid: one for one,
dashed: fitted); (c) MCR against MAIS3+ injury risk (MIR). Bars:
95% intervals (horizontal: bootstrap; vertical: OR).

risk (MIR). Further methodological details for MCR and MIR
are provided in Bargman et al. (2015, 2024).

To estimate the variance of the MCR and MIR values,
we applied bootstrapping to both the task windows (refitting
the glance models) and the seed crashes. We then conducted
two comparisons across secondary tasks: (a) MCR vs. OR,
directly and relative to baseline driving, and (b) MCR vs.
MIR.

3. Results

3.1 Comparing MCR and OR across secondary tasks

Preliminary  results  (Figure2a) show  that
prospectively estimated MCR relatively closely reproduces
both the OR-based ordering of secondary-task risks and their
relative magnitudes (R? = 0.94). For instance, both measures
indicate a much larger risk increase for texting and
visual-manual phone tasks than for hand-held phone
talking/listening, with smaller non-significant differences
across other tasks. Further, MCR reflects absolute risk, but it
can also be expressed relative to baseline driving, similar to

2
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ORs (Figure 2b). The relative MCRs then match the ORs
almost one for one (log-scale slope 1.18).

3.2 Comparing MCR and MIR across secondary tasks

Preliminary results (Figure 2c) indicate that most tasks
exhibit substantial variability in both MCR and MIR
bootstrap risk estimates. Further, except for texting and the
Visual-manual phone task, most tasks cluster relatively
tightly in both crash and injury risk; the high-risk tasks are
more separated from the others in MIR than in MCR.

4. Discussion

This preliminary analysis provides an indication of
how well the prospectively estimated, counterfactual
glance-based MCR and MIR values correspond to
retrospective crash odds observed in the SHRP2 NDS.
Comparing these model-derived risks with OR-based
estimates across secondary tasks helps assess both the
validity and the practical usefulness of the MCR/MIR
approach.

4.1 MCRvs. OR

Overall, the results indicate that the counterfactual
approach relatively closely reflects the SHRP2 crash odds for
several secondary-task glance behaviors, which is promising.
The substantial variability is largely due to the limited
number of glances per task. The agreement required task-
alone ORs. Future work would benefit from larger datasets.

4.2 MCR vs. MIR

The MCR-MIR comparison highlights the distinction
between crash risk and injury risk. In a Vision Zero context,
DMS-based inattention warnings should therefore prioritize
glance behaviors that reduce injury risk (MIR) rather than
crash risk alone. The combined MCR/MIR analysis makes
these differences clear.

4.3 Limitations and future work

This study has several limitations.

In this preliminary analysis we did not consider total
secondary task duration, which affects the risk per task
engagement.

The parametric glance models extend beyond the longest
observed glances, where the data give little support, so the tail
of each distribution depends on the chosen family (Weibull
or lognormal).

The current glance-extraction method assigns any glance
occurring within a task’s start-end window to that task.
Consequently, when tasks overlap, all glances—including
those from other tasks or from just driving—are attributed to
the task being evaluated. It is inherently difficult to
disentangle task-specific glances for MCR/MIR calculations.

ORs describe statistical associations rather than
underlying crash mechanisms. MCR/MIR, in contrast,
estimate crash and injury risk based solely on glance behavior
and do not account for contextual driver adaptation, which
ORs implicitly capture. Incorporating such adaptation may be
feasible, and work by Kujala and Sarkar (2025) and Olleja
(2026) may offer guidance.

Further, MCR/MIR is currently limited to rear-end
crashes. Extending the approach to additional crash types

should be considered,
straightforward.

although doing so is not

5. Conclusions

Our preliminary results show that counterfactual
glance-based estimates capture real-world crash-risk patterns
and reveal important distinctions between crash and injury
risk. These findings support the MCR/MIR framework as a
promising tool for prospective assessment of secondary-task
safety and for guiding DMS-based countermeasure designs
aligned with Vision Zero injury-prevention goals.
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Abstract: There is evidence that non-visual yet cognitively demanding tasks (e.g., hands-free phone conversations) can
impair drivers’ reactions to traffic hazards in both manual and Level 2 assisted driving (L2 AD). Monitoring cognitive
load and achieving a timely intervention is therefore critical. Eye-tracking features have shown promise for estimating
cognitive load, but research has focused on classifying levels of load, with less attention to how these features relate to
driver performance changes under this load. Using data from a simulator study, we examined the sensitivity of eye-
tracking features for predicting driver reaction times to critical hazards (pedestrians and vehicles) in an urban
environment under varying cognitive load (No Task, 2-Back) and driving modes (manual driving, L2 AD). We applied
XGBoost to model non-linear relationships and SHAP for interpretability. Results showed that combining eye-tracking
features from a hazard visibility window (after hazard appearance) and pre-visibility window (before hazard
appearance) improved prediction, compared to using either window alone. SHAP analysis indicated that patterns
reflecting lower cognitive load (e.g., lower pupil diameter variance, greater fixation dispersion) before hazard visibility
and higher cognitive load (e.g., greater pupil dilation, longer fixation duration) after hazard visibility were associated
with faster reactions. This reflects the need to distinguish cognitive load from non-driving tasks and load related to
driving and hazard perception. Automation level showed a negligible contribution to prediction. These findings provide
guidance for monitoring of non-visual driver distraction in increasingly automated vehicles.

1. Introduction

Level 2 assisted driving (L2 AD) is becoming
increasingly available in consumer vehicles (SAE
International, 2021). Despite a requirement to monitor the
system, research shows that drivers are prone to engaging in
non-driving-related tasks (NDRTs) when L2 is engaged
(Klauer et al., 2023). The risk of engaging in visual-manual
NDRTs (e.g., texting) has being widely acknowledged during
the past 15-20 years, while research on the effect of non-
visual NDRTs shows mixed results (e.g., hands-free phone
conversations) in the context of L2 (Goodridge et al., 2026b).
There is evidence that non-visual NDRTs may particularly
impair driver reactions in cognitively demanding situations,
such as during silent system failures in demanding traffic
conditions (Hwang et al., 2024; Qin et al., 2026).

In principal, the safety risks associated with non-
visual NDRTs may be mitigated through a driver monitoring
system capable of detecting high cognitive load and
providing timely interventions. Eye-tracking, in particular,
demonstrates potential in this regard, given its established
sensitivity to cognitive load, for example through measures
of gaze dispersion (Victor et al., 2005) and pupil dilation
(Goodridge et al., 2026a). Most studies have validated the
sensitivity of eye-tracking metrics to different levels of load
(e.g., 0-, 1- or 2-back; Goodridge et al., 2024; Pfleging et al.,
2016; Victor et al., 2005). A smaller number of studies have
investigated the relationship between eye-tracking metrics
and changes in driver performance (e.g., reaction to hazards)
(Goodridge et al., 2025, 2026a). However, these attempts
relied on linear models, precluding the possibility of

investigating non-linear trends between driver state and
performance.

Machine learning approaches have been applied to
model driver reactions using eye-tracking features and
capture such non-linear relationships. However, studies have
either focused on manual driving (Liang et al., 2007) or used
visual-manual NDRTs (Chen et al., 2024; Du et al., 2020).
Gongalves et al. (2025) examined how takeover time in L2
AD is affected by visual occlusion or cognitive load.
However, their analysis was limited to lead-vehicle braking
events under takeover requests, offering limited insight into
more cognitively demanding scenarios, such as silent failures
in the presence of diverse hazards associated with complex
urban driving.

The present study examined the sensitivity of eye-
tracking features to drivers’ reaction times across different
hazard types (pedestrians and vehicles) during both manual
driving and silent failures of L2 AD. XGBoost with SHAP
explanations was employed to capture nonlinear relationships
and ensure interpretability.

2. Methods

2.1 Participants

We used data from a previous driving simulator
experiment (Qin et al., 2025), involving 46 UK drivers.
Participant demographics are summarized in Table 1.
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Table 1 Participant demographics

Variable

Age (years)

Driving experience
(years licensed)
Annual mileage (miles)

Descriptive Statistics
M =39, range = 23-64
M =17, range = 2-45

M =7,197, range =
2,000-18,000

Gender 25 male, 21 female

2.2 Apparatus

The experiment was conducted using a static driving
simulator (Fig. 1) equipped with a Smart Eye Pro (v10.0)
eye-tracking system sampling at 60 Hz.

Fig. 1. Driving simulator used in the experiment

2.3 Design

The study used a 2 x 2 within-participant design with
automation (L2 AD, manual driving [MD]) and cognitive
load (No Task, 2-Back) as independent variables, resulting in
four experimental conditions, corresponding to four drives
per participant.

Table 2 Features Used in Predicting Reaction Time

During L2 AD, participants used a L2 system that
maintained a constant speed and lane position but did not
respond to hazards or issue takeover requests.

In the 2-back condition, participants continuously
performed an auditory 2-back task in which digits (0-9) were
presented every 2.25 s, and participants were required to
verbally report the digit presented two trials earlier (Mehler
etal., 2012).

2.4 Hazardous Events

Participants encountered six events per drive,
presented in a counterbalanced order. The analysis reported
here focused on three critical events: two pedestrian crossings
(from the left and right) and one oncoming vehicle turning
across the ego vehicle’s path (see Fig. 2). Reaction time was
defined as the interval between hazard materialization
(pedestrians stepped onto the road or vehicles initiated the
turn) and drivers’ first braking/steering input. A total of 401
valid observations were retained for analysis.

Fig. 2. Pedestrian and vehicle hazards

2.5 Feature Identification

Eye-tracking features sensitive to cognitive load were
identified (Table 2). These included metrics capturing visual
tunneling (Victor et al., 2005), fixation location (Liang & Lee,
2014), fixation number and duration (Broadbent et al., 2023),
saccades (Wu et al., 2019), pupil dilation (Goodridge et al.,
2026a), and blink (Liang & Lee, 2014).

Type Abbreviation

Description

Eye tracking features fixSDx/fixSDy/fixSDe

fixMx/fixMy
fixSEntropy/fixTEntropy
fixNum
fixDurMean
sAmpMean
sVelMean
sDurMean
pupilMean
pupilStd
blinkNum
blinkDur

Demographic features
mileage

automation
eventType

Situational features

visibleSpeed

age, gender, drivingExperience,

Standard deviation of fixation position in the horizontal
(x), vertical (y), and Euclidean dimensions (cm)
Mean fixation position in x and y dimensions (cm)
Fixation stationary and transition entropy

Number of fixations

Mean fixation duration (ms)

Mean saccade amplitude (degrees)

Mean saccade velocity (degrees/s)

Mean saccade duration (ms)

Mean pupil diameter (mm)

Standard deviation of pupil diameter (mm)

Blink number

Mean blink duration (ms)

Participants’ age (year), gender (male = 0; female = 1),
years holding driving license (year), and annual mileage
(miles)

Driving mode (MD =0; L2 AD=1)

Hazard type (left pedestrian = 0; right pedestrian = 1;
oncoming vehicle = 2)

Vehicle speed at hazard onset (m/s)
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Demographic and situational factors were also
included to account for individual and contextual variability.
The cognitive load manipulation was not included, as we
aimed to leverage eye-tracking features to capture cognitive
load-related changes in reaction times.

2.6 XGBoost and Explainable Al

We used XGBoost to model reaction time, given its
effectiveness in handling tabular data and modelling driver
reactions (Chen & Guestrin, 2016; Gongalves et al., 2025).
Model performance was evaluated using average root mean
squared error (RMSE) from 5-fold cross validation.

Eye-tracking features were summarized over two
temporal windows (Fig. 3): a hazard visibility window
spanning from when hazards entered visible distance to their
materialization, and a pre-visibility window extending up to
30 s prior to hazard visibility. Models were trained using each
window separately and the hazard visibility window
combined with pre-visibility windows of varying lengths.
The best configuration was selected based on averaged
performance across five random seeds. SHAP values were
computed to identify important features and interpret model
(Lundberg & Lee, 2017).

a) Hazard Visible Hazard Materialises
[ ] [ ]
(1-30s) : :
Pre-Visibility
Window

Hazard Visibility
Window

A d

Time
b)

~N

Hazard Visibility Window (s)
S = D w b o

Left Pedestrian  Right Pedestrian Oncoming Vehicle

Fig. 3. lllustration of (a) the time windows and (b) the
length of the hazard visibility window.

3. Results and Discussions

3.1 Model Selection

Optimal cross-seed performance occurred when the
hazard visibility window was combined with a 22-s pre-
visibility window (Fig. 4). The best model under this
configuration achieved RMSE = 0.5624 and R? = 0.4972.

Single TW
Combined TW

0.63 1 oL

0.57 4

0.56

SNV X5 0N DOV NRIAPIAYDIANADAOANADADAD
Time Window (TW)

Fig. 4. Model performance across time windows. Window 0
denotes the hazard visibility window, whereas Windows 1—
30 represent the pre-visibility window length (s).

3.2 SHAP Explaination

The top 15 features ranked by mean absolute SHAP
values are presented (Fig. 5). These included situational (e.g.,
eventType), demographic (e.g., age), and eye-tracking
features (e.g., fixDurMean). Automation level ranked among
the lowest features and is not shown.

mean SHAP value (average impact on model output)
000 005 010 015 020 025 030 035 0.40
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eventType
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pupilMean_0 +-"
sVelMean_0 -+—
fixSDy_0 .*—. .o
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fixSEntropy_22 t
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|
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SHAP value (impact on model output)

Fig. 5. SHAP importance and swarm plot (suffix numbers
denote the time window).

We examined SHAP dependence plots (Fig. 6) to
further clarify how individual eye-tracking features
contributed to the predictions (additional features are shown
in the Appendix). For the pre-visibility window, greater pupil
diameter variance (Fig. 6b), lower vertical fixation dispersion
(Fig. 6¢), and lower stationary gaze entropy (Fig. 6k), patterns
indicative of higher cognitive load (Goodridge et al., 2024,
2026a), predicted longer reaction time.
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Fig. 5. SHAP dependence plots (shap values versus feature values).

During the hazard visibility window, longer mean
fixation duration (Fig. 6a), higher mean and variance of pupil
diameter (Fig. 6f, 6¢), and lower saccade amplitude (Fig. 6d),
patterns indicative of increased cognitive load (Broadbent et
al., 2023; Radhakrishnan et al., 2022; Wu et al., 2019), were
associated with shorter reaction times. These findings suggest
that such features may also reflect driving-related effort in
hazard perception (Underwood et al., 2011), which may
facilitate faster reactions.

The prediction results revealed clear non-linear
relationships. For some features (e.g., pupilStd 22),
predictions changed sharply once a threshold was exceeded.
Others exhibited U-shaped relationships (e.g., fixSDy 22).
Further comparisons with linear models are ongoing to
determine whether capturing these non-linear patterns
improves prediction performance.

4. Conclusions

Our work identified sensitive eye-tracking features
related to driver cognitive load that predict reaction times to
urban traffic hazards during L2 AD and manual driving.
Combining features from both pre- and post-hazard visibility
periods proved particularly beneficial. The study could be
strengthened by larger samples and the exploration of
alternative learners and model linearity, which warrant
further work.
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