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Abstract

As automated vehicles become responsible for more of the driving task, the way in which
drivers need to process the road will change. This will free up capacity to engage with
non-driving related tasks, activities which are unrelated to operation of the vehicle or
attending to the road. However, the current state of automation still requires a driver to
be ready to resume control of the vehicle at all times. This thesis evaluates the effects
of using augmented reality for presenting these non-driving tasks to drivers of automated
vehicles. In particular, the ability of drivers to react to a hazard and predict what happens
next in a road scene, a key component of situational awareness, were measured while
they were performing a non-driving related task presented in augmented reality. Six
experiments, using a mix of validated empirical tests of situational awareness, expert focus
groups and eye tracking measures, were designed and conducted to assess the impact of
engaging with a distracting non-driving task while attempting to maintain attention on
the road. Results showed that, contrary to prior recommendations, a heads-up display
presentation of a non-driving task at eye level does not convey the same benefits found
when displaying non-driving related information. Evidence of intentional blindness was
found when evaluating the use of attentional cues within a dynamic augmented reality
display. This demonstrated that using eyes-on-road as a measure of attention is not
wholly appropriate when investigating how an augmented reality interface overlaid onto
the real-world impacts driver attention. Further exploration into how to design efficacious
attentional cues highlights how the inclusion of salient attention capturing elements in a
positional cue can enhance driver awareness of the road when they are distracted by an
NDRT. Additionally, it was shown that drivers were able to utilise social cues from a virtual
agent highlighting the position of a hazard, indicating the potential application of this
modality for enhancing situational awareness through in-vehicle virtual assistants. This
thesis contributes to the field by providing evidence of the impact of presenting an NDRT
via AR on driving performance measures and methods in which this can be overcome with
attentional cues. Overall, the findings in this thesis have significant implications for the

applied transport psychology and automotive user interfaces domains.
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Chapter 1
(General Introduction

The sophistication of Automated Vehicles - (AVs) has increased dramatically in recent
years (Faisal et al., 2019). Governments around the world are starting to allow the intro-
duction of AVs onto the road, such as in the USA (U.S. Department of Transportation,
2021), the EU (The European Parliament, 2022) and the UK (UK Government, 2024).
Despite it being a common term, ‘autonomous’ driving encompasses a wide array of dif-
ferent and specific technologies. The Society of Automotive Engineers (2018) set out 5
definitive levels of automated driving, ranging from full manual control of the vehicle up
to full automation, where there is no need for human intervention in the driving task.
However, despite the promise of fully replacing drivers with computers, the progression
of automated vehicle technology to this level has not progressed as fast as anticipated
(Hancock, 2019). The partially automated systems that are currently available still re-
quire a human operator to maintain supervision of the driving task as a failsafe, due to
operational constraints of the automated system. The driver-supervisor is required to stay
attentive to the road at all times and must be ready to take over control. Yet, the promise
of taking away responsibility for the driving task is reported to be the main motivation
for consumers to own an automated vehicle (Le Vine et al., 2015; Panagiotopoulos and
Dimitrakopoulos, 2018). Furthermore, supervision itself is not a task that humans are cog-
nitively predisposed to (Parasuraman and Riley, 1997; Kyriakidis et al., 2019). Bainbridge
(1983) demonstrated the deterioration of attention and cognitive performance when a task
changes from manual to a supervisory in an industrial setting. Studies investigating sus-
tained attention to automated processes indicate a marked drop in cognitive performance
as the time spent supervising increases (Head and Helton, 2014; Esterman and Rothlein,
2019). As AVs start to replace human-driven vehicles, drivers will be required to perform

supervision tasks they are neither predisposed to nor trained for (Kovacs et al., 2021).
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In addition to this, drivers do not want to spend their time supervising an AV. Rather,
they report wanting to be able to relinquish control of the driving task to engage with Non-
Driving Related Tasks - (NDRTs), such as socialising with passengers, reading, playing
games, browsing the internet or being productive (Panagiotopoulos and Dimitrakopoulos,
2018; Merfeld et al., 2019). This has been illegal up until now in manually driven vehicles,
due to the overwhelming evidence of the impact performing a distracting secondary task
has on driving performance (Young et al., 2007; Ige et al., 2016; Lipovac et al., 2017). A
similar pattern is evident in AVs, where resuming control of the vehicle after supervision
is impaired by secondary tasks (Merat et al., 2012; Pipkorn et al., 2022). A meta-analysis
of studies from Zhang et al. (2019) identified performing an NDRT on a handheld device

as particularly detrimental on the time it takes to resume control of an AV.

Consequently, a joint report from the UK & Scottish Law Commissions (UK and Scottish
Law Commissions, 2020) recommend that NDRTs should only be permissible in AVs if
they “do mot prevent the driver from responding to demands from the automated driving
system”. The resolution states that the user should be “ready and able to take control”
and “maintains the capabilities necessary to fulfil their respective duties” (UK and Scot-
tish Law Commissions, 2020). In line with this guidance, governments are starting to
introduce legislation stating that drivers in partially automated vehicles are responsible
for maintaining attention to the road and must be ready to resume control at a moment’s
notice (UK Parliament, 2024; UK Government, 2022b; The European Parliament, 2022).

1.1 Motivation

This presents a conflict between the goals and motivations of drivers to use an AV and the
legal, infrastructural, and technological limits on automated vehicles that are currently
available. Given that more sophisticated automated driving technology which removes
the need for a human is not projected to become commercially available for many years
(Kosuru and Venkitaraman, 2023), it is important to consider how to allow drivers to

engage with an NDRT while still being responsible for supervising the driving task.

In an attempt to mitigate this, much research has focused on methods of displaying in-
formation to drivers in order to aid their attention to the road. This has involved a wide
array of presentation methods (Capallera et al., 2022), including LED strip bars on the
dashboard (Locken et al., 2016; Yang et al., 2018), ambient lights around the steering
wheel (Matviienko et al., 2016; Mok et al., 2017), or thermal and tactile cues around the
steering wheel (Di Campli San Vito et al., 2018, 2020a). However, one of the most com-
monly suggested methods is to present information at the drivers’ eye level with the road,
known as a Heads-Up Display - (HUD) (Niu et al., 2024).

2
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This is in contrast to traditional infotainment systems which display any non-driving
activity on the centre console, known as a Heads-Down Display - (HDD), requiring the

driver to take their eyes off the road and look down into the vehicle interior.

Static projection-based HUDs have been shown to be beneficial for presenting information
to drivers, keeping their eyes on the road (Pauzie, 2015) and reducing reaction times to-
wards road signs (Liu, 2003) and hazardous road events (Liu and Wen, 2004b). However,
the type of information on display has typically been limited to simple informational dis-
plays, showing things like the current speed limit or basic navigational instructions (Pauzie,
2015). In recent years, there has been a drive for incorporating mixed reality displays into
cars as infotainment systems (Basemark, 2024), in order to enhance productivity and en-
tertainment during automated driving (McGill et al., 2017, 2022). Augmented Reality -
(AR) in particular, where virtual content is overlaid on top of the real world (Azuma,
1997), can be used to provide a greater source of information over the projection HUDs
that only display simple information. AR HUDs enable dynamic real time displays that
can enhance the view of the road and provide information to drivers (Schroeter and Stein-
berger, 2016; Schomig et al., 2018) and have been shown to provide notable benefits to
drivers in automated vehicles (Jing et al., 2022; Wu et al., 2023b).

However, there has been little research exploring the potential benefits of using an AR
HUD for displaying NDRTSs to drivers, making use of the dynamic nature of the interface
to enhance the driver’s awareness of the road while their attention is on the secondary
task. Meta-reviews from Niu et al. (2024) and Riegler et al. (2019b) both highlight how
there has been little research evaluating the potential for using AR HUDs to aid driver
awareness of the road while they are engaged with an NDRT. While the evidence that
displaying driving-related information at eye level in a HUD can be beneficial is mostly
consistent (Liu and Wen, 2004a; Park and Park, 2019; Smith et al., 2023), preliminary
research found that displaying an NDRT in an AR HUD impacts driver performance
and response times to takeovers (Radlmayr et al., 2018; Hungund and Pradhan, 2023),

eliminating the potential benefits of a heads-up view.

In order to allow drivers to safely engage with non-driving activity while they also remain
responsible for supervising an automated vehicle, it is necessary to investigate the impact
of interacting with NDRTSs on the driver’s ability to maintain attention and respond to
danger on the road. If this is disrupted by an NDRT, is it possible to design an AR display
which can aid driver awareness by cueing attention towards important aspects of the road
scene even while they are performing an NDRT? Answering these questions will aid in the
design of AR interfaces which allow drivers to engage with these NDRTs as they would

like to without sacrificing the benefits of automated driving.
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1.2 Thesis Statement

Semi-automated vehicles allow drivers to engage with non-driving related tasks (NDRTS).
However, these tasks interfere with the driver’s situational awareness, key to safely retaking
control of the vehicle when required. This thesis investigates how Augmented Reality (AR)
can be used for presenting NDRTS in order to reduce their impact on situational awareness.
Over six experiments, the results show that simply presenting an NDRT using AR does
not provide any inherent benefits. However, including attentional cues into the NDRT can
aid situational awareness and even maintain it at the same level as without a distraction.
This provides insights for the design of in-car interfaces that aid driver awareness during

automated driving.

1.3 Thesis Research Questions

This thesis aims to address the following overarching research questions:

e Research Question 1: How does engaging with a distracting NDRT affect the
ability to react to the road scene? (Chapter 3 - Experiments 1 and 2)

e Research Question 2: How does the location where a distracting NDRT is pre-
sented affect the ability to maintain awareness of the road scene? (Chapter 5 -

Experiments 3 and 4)

e Research Question 3: How does the design of attentional cues affect ability to
maintain awareness of the road scene during a distracting NDRT? (Chapter 6 -

Experiments 5 and 6)

1.4 Thesis Structure

Chapter 2 aims to give a general introduction to the relevant academic literature and
prevalent problems associated with the performing NDRTs during automated driving.
Models of driver attention in both manual and automated vehicles are described, along
with the challenges that come with presenting information to drivers of automated vehicles.
Proposed solutions which attempt to overcome these challenges and the areas which this

thesis addresses through the overall research questions are discussed.

Chapter 3 sets out the first two experiments, which employ a dual-task paradigm to
investigate how performing a distracting secondary task presented in AR affects reaction
time on a cognitive task. The first experiment used the Go/No-Go task, an inhibition

control task where participants respond to Go signals and ignore No-Go signals.
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Forty-two participants reaction times were measured both with and without performing a
secondary AR task, either localised to the position of the signal or over a larger presentation
area. This AR task involved fixating on virtual 3D gems appearing at random intervals to
pop them and make them disappear. The second experiment followed a similar paradigm,
but measured performance on the Hazard Perception test, a reaction time measure of
driver performance. Thirty-six participants viewed 20 Hazard Perception video clips, 10
without a distraction and 10 while also engaged with the same distracting AR task as the
first experiment. Once again, performance was compared between when the AR task was
localised either to the centre of the video clip or over the whole screen. In line with previous
research, both studies showed an overall increase in reaction time when participants were
engaged with a distracting task in AR. However, there were no differences evident between
the size of the presentation area for the AR tasks. The findings from these two experiments
confirmed that performance is hindered when engaged with a secondary task, both on

cognitive and driving-related reaction time tasks.

Chapter 4 describes the experimental methods used to evaluate the latter research ques-
tions of this thesis. An overview of the empirical methods used to assess driver atten-
tion and situational awareness in a psychological setting is provided. The creation of
a Hazard Prediction test and subsequent validation study are described. This experi-
mental paradigm was used for the studies in Chapters 5 and 6. This chapter provides
an overview of the empirical methods used to evaluate driver attention and situational

awareness throughout the rest of this thesis and serves as a reference chapter.

Chapter 5 describes two experiments which further investigate the effect of engaging with
a distracting NDRT presented in AR on situational awareness, a more comprehensive
measure of a driver’s ability to perceive the road environment. The third experiment
compared HUD and HDD presentations of a non-driving task displayed either via an AR
headset or on a tablet computer. Thirty two participants performed the same eye-tracking
distraction task as in Chapter 3 while responding to the hazard prediction clips described
in Chapter 4. The results suggested that presenting the NDRT as a HUD did not provide
any additional benefit, unless an attentional cue was included. However, all conditions saw
poorer performance than when viewing the hazard clips without distraction. Following
this, the fourth experiment measured hazard prediction performance while performing a
a more realistic distracting task taken from the automotive literature: inputting mobile
phone numbers onto a virtual keypad. An expert design focus group with 6 automotive user
interface and human-computer interaction experts was conducted to design the attentional
cue to be used for this task. Twenty four participants then viewed the same hazard clips

presented in Chapter 4 while also performing this keypad task, either as a HUD or a HDD.
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It was found that even with the attentional cue drawing attention to a specific part of
the screen, hazard prediction performance was significantly impaired in all conditions
compared to viewing the clips without distraction. Eye tracking data collected in AR
indicated that the increased demand of the task meant attention was drawn to the cue
itself rather than the driving task underneath. The findings from these experiments suggest
that simply showing non-driving content at eye-level with the road does not confer the
supposed benefits of a heads-up view. Similarly, the design of an attentional cue must be

considered with the demand of the non-driving task.

Chapter 6 presents the final two experiments that form this thesis. These sought to
investigate the effects of using social information to convey danger on situational awareness
compared to a purely visual cue. In the fifth experiment, 24 participants performed the
same AR task as in Experiment 3, while responding to the same clips as in Chapter
4. Hazard prediction performance was compared between a positional visual cue which
moved to the location of the hazard, a virtual agent which oriented its head towards the
location of the hazard, an NDRT only condition with no attentional cue, and a Control
condition with no AR task. The results showed that performance was significantly worse
than Control in all NDRT conditions, regardless of the inclusion of an attentional cue.
Following on from this in the sixth experiment, the attentional cues were augmented to
include an active hazard alert. The same NDRT and hazard prediction clips as Experiment
5 were used, and performance was compared between an active visual cue which change
colour and moved to the location of the hazard, a virtual agent which oriented its head
towards the location of the hazard and changed colour, a social agent which was animated
to react to the danger and point towards the location, and a Control condition with no
AR task. The results from this study found that there were no differences in hazard
prediction performance between the colour-change cue and Control conditions, though for
the animated social agent condition which had significantly lower scores than all of these
conditions. The findings indicate that it is possible to use attentional cues to maintain
driver awareness while they are performing an NDRT. Furthermore, it is possible to use
social information to convey danger to similar effect as using a visual cue if used with a
specific attentional alert to attract driver attention. However, the design of the social cue

must be considered with regards to reducing distraction and ambiguity.

Chapter 7 provides an overall summary of the main findings from this thesis, in the
context of the overall research questions posed. The contributions of these findings are
discussed in an applied setting, as well as the psychological implications of presenting non-
driving tasks in automated vehicles. The chapter concludes with a discussion of future

research directions and reflection on the impact of the findings of this thesis.
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Figure 2.1: An article from BBC News (2022) describing changes to the Highway Code (left). A figure
showing distribution of where driver displays are presented from Capallera et al. (2022) (centre). Concept
for a gamified AR HUD to direct driver attention taken from Schroeter and Steinberger (2016) (right).
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This chapter describes the literature that informs the overall thesis research questions set
out in Section 1.3. Driver attention when manually controlling a vehicle has seen much
research looking at how attention is maintained and distractions avoided to reduce the
risk of collisions, outlined in Section 2.1. However, as control of the driving task is handed
over to a computer and drivers are able to engage with non-driving activities, attention to
the road in automated vehicles will have different requirements and constraints, which are
described in Figure 2.1. Methods of displaying information about the road to the driver
to aid their awareness of the road are set out in Section 2.2. However, it is important to
evaluate the impact these displays have on a driver’s ability to process information about
the road, especially if distracted by non-driving activity. Therefore, Section 2.3. discusses
the strengths and weaknesses for some of the proposed solutions for how overall driver

awareness can be assisted during an automated drive.
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2.1 Driver Attention

Understanding the Road

Driving is a complex cognitive task that requires the co-ordination of multiple physical and
mental processes. Operationally, a driver needs to adjust the steering wheel to maintain
their road position, operate the pedals to maintain an appropriate speed and interact with
buttons and levers inside the car to signal their intentions to other drivers. Cognitively,
they need to be aware of their current location, navigate towards their destination, as well
as maintain awareness of the state of their vehicle. To do this safely, this awareness also
needs to extend to other road users in the environment, their intended actions and how
they may affect the driver’s current choice of action. Many factors need to be taken into
account to inform these decisions, which can only be done when a driver is fully aware of
their road environment (Chaparro et al., 1999; Walker et al., 2009). Understanding these
complicated interactions and processes has been the focus of much psychological research
in order to highlight what the cognitive processes are that make a safer driver. This has
been with the aim to provide training for novice drivers who have not yet have acquired
these skills (Deery, 1999; Borowsky et al., 2010), but also to understand what has failed

during these processes in the event of a collision (Yang et al., 2021b).

Gaze behaviour has been identified as an important factor when evaluating how a driver
perceives the road. The ways in which novice and experienced drivers fixate on the road
differs (Underwood et al., 2003) and changes as a driver becomes more experienced. Studies
comparing the fixation patterns of experienced drivers found that they spend more time
focusing on the road further ahead, compared to novice drivers who focus on the instrument
cluster and the immediate road in front of them (Mourant and Rockwell, 1972; Underwood
et al., 2003; Underwood, 2007). Additionally, experienced driver search patterns show more
horizontal deviation towards areas of potential hazards, e.g., side roads or parked vehicles
(Mourant and Rockwell, 1972; Underwood et al., 2003). This has the consequence that
experienced drivers are greater able to anticipate future road events when they occur than
novice drivers by picking up on anticipatory cues of what is about to happen (Crundall,
2016). For instance, a parked vehicle at the side of the road turning its wheels outward
to change the direction of the car suggests that it is about to pull out into the road.
Experienced drivers have been shown to notice these hazard precursor cues significantly

more than novice drivers (Mourant and Rockwell, 1972; Lehtonen et al., 2014).
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This ability to perceive anticipatory cues in a road environment has been reliably linked
to involvement in collisions (Deery, 1999; Horswill and McKenna, 2004; Horswill et al.,
2010), which are typically over-represented by novice drivers (Department for Transport,
UK Government, 2023). As such, this hazard perception skill (Horswill, 2016) has been
highlighted as an important ability of a safer driver. Evaluating this skill in the form
of the Hazard Perception test (Horswill and McKenna, 2004) has been implemented as
a requirement in the licensing procedures in multiple countries (Crundall et al., 2021;
Driving and Vehicle Standards Agency, 2023). This test involves showing video clips of
hazardous road events to would-be drivers, who respond as soon as they have noticed a
dangerous event (Horswill et al., 2015; Driving and Vehicle Standards Agency, 2023), with
their reaction time graded dependent on how soon they reacted to the onset of the hazard.
More experienced drivers have been shown to reliably outperform novice drivers in this
style of test (Sagberg and Bjgrnskau, 2006; Borowsky et al., 2010), perceiving dangerous

road events sooner and reacting faster than their novice counterparts.

Looking but Failing to See

However, perceiving a hazardous event is not the same as cognitively appraising and un-
derstanding it. While the hazard perception test is useful for differentiating between
drivers in a test setting, it is not representative of the more complex processes a driver
exhibits when out on the road (Crundall, 2016). Many studies demonstrate the concept of
inattentional blindness, (Simons, 2000) where humans fail to adequately process informa-
tion presented to them (Hills, 1980; Wolfe et al., 2022). This was famously demonstrated
by Simons and Chabris (1999), who found that participants asked to count the number
of passes players in white shirts made in a video of basketball, did not notice a person
dressed in a gorilla costume walking across the screen. This finding has been replicated in
a multitude of different scenarios, including missing information on advertisement banners
(Resnick and Albert, 2014; Gelderblom and Menge, 2018), expert radiologists missing a
gorilla image superimposed on a lung CT scan (Drew et al., 2013), and participants not
noticing a sudden image of a spider appearing during a visual discrimination task (Wiemer
et al., 2013). Subsequent studies which tracked the gaze patterns of participants in these
types of experiments highlighted that, even when participants were fixating on the "go-
rilla", they would not process it if they were distracted by another task (Pappas et al.,
2005; Memmert, 2006; Gelderblom and Menge, 2018; Drew et al., 2013). This is evident
when the perceptual load of a task increases, meaning that the more complex a task, the
greater the risk of inattentional blindness (Matias et al., 2022). This effect has also been
shown to exist in a driving context (Brown, 2002). Experienced drivers fail to accurately
recognise bicycles (Summala et al., 1996), motorcycles (Crundall et al., 2008) and police
cars (Langham et al., 2002) at T-junctions, despite actually fixating on them.
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This has been reasoned to be because drivers rely on their previous experience of the
road and anticipate more commonly occurring dangers to them, thus failing to properly
process the actual road scene in front of them in favour of what they are expecting to see
(Summala et al., 1996; Crundall et al., 2008). Motorcycle riders who also drive a car do
not make these same errors in attention (Magazzu et al., 2006) as they are more familiar
with the idea of a motorcycle on the road. Similarly, drivers who are also cyclists are
more effective at scanning for vulnerable road users (Kaya et al., 2021). While this has
been shown to be dependent on the prevalence of road users (Beanland et al., 2014), more
common objects in the road scene are processed faster and more readily. The existence
of this phenomenon indicates that perception alone does not fully account for the ways in

which drivers cognitively process the road scene.

Situational Awareness

Key to navigating a complex road scene is to be cognizant of all other road users and
features. However, in order to make appropriate driving decisions, it is arguably more
important to be able to anticipate what might happen next in the scene. For example,
when driving down a busy high street, a driver must: a) be aware of the behaviour of
vehicles ahead to ensure they do not suddenly stop, b) be mindful of any side roads or
parking spaces to see if there is a car that may be about to pull out, and c) anticipate
the behaviour of a pedestrian who might be about to step into the road after turning
their head to check if it is clear. While on paper this is a highly complicated cognitive
task, experienced drivers are able to effectively monitor all of these potential hazards and

anticipate their actions in order to navigate safely through this environment.

Successfully being able to process this type of complex environment has been described
by Endsley (1995b) as possessing a state of Situational Awareness - (SA). Endsley (1995a)
proposes that there are three stages to this: 1) Perception — being able to perceive what is
currently in the environment, e.g., a driver notices the wheel of a parked car turn outward,
2) Comprehension — understanding the causes behind the occurrence of an event and in the
environment, e.g., realising that a turning wheel indicates that the driver of the parked
car is preparing to pull out and join the road. 3) Projection — anticipating the future
possibilities of what could happen, e.g., predicting that this parked car will start to move
off into the path ahead (see Figure 2.2). While perception of the road scene is important,
this final Projection stage draws upon prior experience of similar situations in memory to

inform the decisions that a driver takes (Endsley et al., 1998).
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Figure 2.2: Endsley (1995)’s model of Situational Awareness.

Driving down the same busy high street on multiple occasions, a driver will encounter
the above example frequently, and so will be primed to notice the anticipatory clue of a
wheel turning out and accurately predict when a parked car intends to pull out. They can
then take appropriate action to navigate the road safely, such as slowing down to allow
the car to pull out in plenty of space. As stated previously, experienced drivers are more
effective at noticing these anticipatory cues that inform these predictions (Mourant and
Rockwell, 1972; Lehtonen et al., 2014; Crundall et al., 2017). There is also an element of
automaticity, with highly experienced drivers reacting automatically to road events they

are familiar compared to novel encounters (Charlton and Starkey, 2011).

However, this can lead to visual attention shifting towards more irrelevant stimuli on these
familiar routes (Young et al., 2018; Harms et al., 2021), which contributes to increased
inattentional blindness to novel events (Charlton and Starkey, 2013). This manifests
in the highest rate of collision occurring within a 10-minute journey from home (Chen
et al., 2005). However, this is only apparent in experienced drivers, and not novices
(Burdett et al., 2017). This demonstrates the importance of remaining situationally aware,
regardless of driving ability or amount of driving experience, throughout the whole drive

to be able to anticipate hazards on the road.
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Attention in Automated Vehicles

The majority of the research into driver attention has been focused on manual driving,
where the driver is fully in control of vehicle. It emphasises the importance of a driver
being situationally aware as they are the ones that need to make the appropriate decisions
to safely operate the vehicle. However, this is starting to become less important with the
increase in the availability of Automated Vehicles - (AVs), where parts or all of the driving
task can be outsourced to a computer. The tasks that automated vehicles can perform
has significantly expanded in recent years to controlling the steering, keeping within the
lane markings on the road, and matching the speed of the vehicle ahead (Mallozzi et al.,
2019). More recent advances even allow navigation of a long-distance journey with little
intervention from the driver. These different automated functions have been categorised
by the Society of Automotive Engineers (2018) into 5 levels of automated driving, which
set out how an AV can be classified depending on the tasks it can perform, ranging from
manual control of the vehicle to full automation (see Table 2.1). As the sophistication of
AVs increases, there is less and less need for a human to involve themselves with first the
physical, then the cognitive demands of driving. The result of this is that the cognitive

relationship with the driving task will change from an attentional task to a supervisory

one.
SAE Level Description
Level 0 Full Manual Control The driver has full responsibility for the vehicle and the driving task Human operated
Level 1 Driver Assistance The vehicle performs limited driving tasks, e.g., cruise control Feet off
Level 2 Partial Automation The vehicle performs multiple driving tasks, e.g., steering, acceleration control Hands off
Level 3 Conditional Automation The vehicle performs the driving task but a human driver is required to supervise Eyes on
Level 4 High Automation The vehicle is responsible for the majority of the driving task Eyes off
Level 5 Full Automation The vehicle is responsible for the whole driving task and there is no need for a human present Mind off

Table 2.1: A table listing the 5 levels of automated driving as set out by the Society of Automotive
Engineers (2018).

Unfortunately, despite the promise of fully replacing drivers with computers, the progres-
sion of automated vehicle technology has not matched the enthusiasm for the benefits
it can provide (Hancock, 2019). Vehicles at higher levels of automation are currently
confined to specific geo-fenced areas, such as in the US for Waymo and Uber (Axios,
2023; TechCrunch, 2024). As such, AVs currently available to consumers still require
them to maintain vigilance and continue paying attention to the vehicle while the driv-
ing task is automated. This is starting to become a legal requirement in many countries
(UK and Scottish Law Commissions, 2020; The European Parliament, 2022; UK Govern-
ment, 2022b), where the drivers are held responsible for maintaining attention to the road
throughout an automated drive. This means that, for the foreseeable future, drivers will
be able to engage in automated driving but are still required to maintain their attention
to the driving task and the vehicle to ensure its smooth operation. Subsequently, the way

in which drivers process the road will change.
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Gaze patterns have been shown to differ between manual and automated driving shifting
towards anticipation (Mars and Navarro, 2012; Mole et al., 2021), with fixations located
closer to the front of the vehicle during an active drive and greater horizontal scanning
in a passive drive (Mackenzie and Harris, 2015). This change in responsibility also means
that the actual role of the driver becomes less of an operator and more of a passenger
(McGill et al., 2017). They will spend more time supervising the operation of the ve-
hicle than manually controlling it. Unfortunately, humans are not cognitively suited for
supervising automated tasks (Bainbridge, 1983), with attention and performance of the
supervision task decreasing as time spent supervising continues. This is evident when
a driver supervises an AV, with low mental workload during automated drives resulting
in reduced awareness of the driving task (Bourrelly et al., 2019). Driving performance,
such as reaction time to takeover requests, significantly decreases as time spent driving
increases (Thiffault and Bergeron, 2003; Ting et al., 2008), and is also associated with
feelings of boredom (Schroeter et al., 2014) and fatigue (Lal and Craig, 2001; Figalova
et al., 2023). Notably, drivers respond significantly slower to safety critical events during
automated driving (Merat and Jamson, 2009; Louw et al., 2015).

If drivers struggle to maintain SA whilst fully in control of a manual vehicle, this is only
worsened when they are supervising an AV where there is no requirement or motivation
to be engaged in the driving task (Endsley, 1995a; Pipkorn et al., 2022). The challenge
therefore is, while AVs still require a human to be ready to resume control of the vehicle,
how to keep drivers situationally aware of the current driving environment during an

automated drive.

2.2 Displaying Information to Drivers

Human-Machine Interfaces

Designing systems to provide SA information to drivers is an important step in the de-
velopment of autonomous systems (Endsley, 2017). As such, a wide array of interfaces
for displaying information to drivers have been developed. Currently, these are limited to
displays of driving-related information, such as current speed or navigational aids. The
goal of these is ultimately to provide information to the driver about the state of the
vehicle, known as Human-Machine Interfaces - (HMIs). In a driving context, the goal of a
HMI is to communicate information to the driver in a way that is easily interpretable and
does not distract from the driving task. However, the role of an HMI for communicating
information to a driver becomes much more important in an AV where they are not neces-
sarily attending to the road. The current system to indicate when the driver should take

over control of the vehicle is to use an attentional alert; a Takeover Request - (TOR).
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These are designed to capture attention and inform a driver when they should resume
responsibility for the driving task, either through a planned handover or an emergency
interjection. A significant amount of work has been invested in researching and designing
TORs that can alert the driver in the most effective and informative ways (Oviatt, 2006;
Peck et al., 2015; Salubre and Nathan-Roberts, 2021). The challenge with using a HMI
to convey information visually is that driving is predominantly a visual task. Most of the
visual cues drivers use to anticipate the road scene come from things the driver can see
(Crundall, 2016). As such, there is a cognitive cost for presenting information in a way
that encroaches on processing of the driving task. According to Wickens (2002)’s Multiple
Resource Theory, cognitive performance is impaired when two tasks whose domains overlap
are performed. For example, asking participants to perform two auditory or two visual
tasks simultaneously leads to a reduction in performance on both tasks (Treisman and
Davies, 2012). This finding extends into the driving domain, where attending to visual
displays inhibits hazard response times (Horrey and Wickens, 2003) and draws attentional

resources away from the driving task, impairing driving performance (Horrey et al., 2006).

Therefore, designing an HMI that draws attention away from the road is counterproductive
if the goal is to enhance a driver’s awareness of the road. Wickens (2002) describes how
splitting visual task between central and peripheral fields of view has reduced impact on
dual-task performance. This has been applied in the aviation domain, with peripheral HMI
displays aiding fighter pilots in a way that reduces the impact on the main attentional
task (Prinzel III and Risser, 2004). This has been used to inform the design of in-car
HMIs to create displays with less impact on attention. A review by Capallera et al.
(2022) identifies how the majority of interfaces for supporting SA focus on peripheral
interactions, such as including LED strip bars on the dashboard (Yang et al., 2018; Locken
et al., 2016), ambient lights around the steering wheel (Mok et al., 2017; Matviienko et al.,
2016), combined dashboard and centre console displays (Wang et al., 2017a) and peripheral
lights on a pair of glasses (Van Veen et al., 2017). Outside these typical modalities, the
use of haptic vibration and thermals cues has been suggested for portraying information
to drivers (Di Campli San Vito et al., 2020a), and has been shown to aid with navigation
tasks (Di Campli San Vito et al., 2017), lane change manoeuvres (Di Campli San Vito
et al., 2018) and transfer of control between the driver and the AV (Di Campli San Vito
et al., 2017).
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Frequently used

locations ! 100%

Rarely used . 0%

locations

Figure 2.3: Image showing the frequency of interaction location taken from Capallera et al. (2022)’s
literature review.

An alternative approach is to design an HMI that captures the attention of the driver
quickly and directly. Multimodal interfaces, where two or more different sensory types of
alerts are combined, e.g., auditory and tactile, have been shown to be more effective at
alerting drivers to danger than unimodal interfaces (Politis et al., 2013). Using multimodal
cues as driver alerts increased the perceived sense of urgency and reduced the reaction time
to a TOR (Politis et al., 2013, 2014b) over unimodal alerts in both normal and safety-
critical handovers (Politis et al., 2017), a common finding when evaluating multimodal
vehicle HMIs (Mehrotra et al., 2022). However, including multimodal feedback without a
visual component can be seen as disruptive (Di Campli San Vito et al., 2017), and using
more modalities for conveying urgency can be seen as annoying (Politis et al., 2014b).
Yang et al. (2022) highlight how the use of specific modalities impacts the effectiveness of

a multimodal TOR, and it is not as simple as "more is better”.

Presenting Non-Driving Information

This raises an issue concerning the importance of including visual components of a mul-
timodal interfaces is that driving is a visually demanding task. An additional problem
is that drivers report that their motivation for buying an AV is not to watch the car
drive itself (Merfeld et al., 2019). Activities such as socialising with passengers, read-
ing, being productive and entertainment via watching a film or using a personal device
(Panagiotopoulos and Dimitrakopoulos, 2018; Merfeld et al., 2019; Wilson et al., 2022)
are described as advantages of automation, which contain a visual element. Despite the
benefits of these HMIs described previously, their main benefit is to convey information

to a driver who is attentive to the road and facilitate them taking back control.
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Furthermore, the majority of these studies measure the effectiveness of each HMI when
the driver is paying attention to the driving task. What is not clear is whether these
HMIs can benefit a distracted driver who is engaged with a Non-Driving Related Task -

(NDRT), something which is not relevant to the operation or supervision of the vehicle.

Impact of Multitasking on Attention

In manually driven cars, distraction from NDRTs has been shown to be a major influence on
road safety. UK Government road safety statistics indicate that 34 % of collisions in 2022
were caused by distracted or impaired driving (UK Government Statistics, 2024). The most
common source of this distraction is a mobile phone, which accounts for approximately
8% of fatal collisions in the US (Forbes Advisor, 2024). Research investigating the use
of mobile phones while driving demonstrates the cognitive deficits caused by interaction

with a distracting secondary task.

Mobile phone use has been directly linked to collision risk (Ige et al., 2016; Lipovac et al.,
2017), and, as such, using a mobile phone has been outlawed while operating a vehicle
(UK Government, 2022b). The deficit introduced by engaging with a distracting task
has been explored extensively in research investigating dual-task attention. This is a
paradigm where multiple tasks are carried out concurrently, and performance compared
to when performing a single task (Heuer, 1996). The dual-task paradigm has shown
that performance deteriorates for a variety of cognitive tasks (Pashler, 1994; Pashler and
Johnston, 1998; Fischer and Janczyk, 2022) due to a bottlenecking of cognitive resources
(Boles et al., 2007), though there is evidence this can be mitigated through practising the
two tasks simultaneously (Strobach, 2020).

This problem of overlapping tasks is the main issue behind driver distraction when per-
forming NDRTs while controlling a vehicle. Predictably, the attention of drivers in auto-
mated vehicles also suffers if they are engaged with a NDRT. Studies measuring driving
performance after resuming control of an automated vehicle show a deterioration after
drivers are distracted by secondary tasks (Merat et al., 2012; Pipkorn et al., 2022). While
some studies suggest that NDRTSs can reduce fatigue and increase attention during ex-
tended automation (Jarosch et al., 2017; McKerral et al., 2023), a meta-analysis of studies
investigating take-over time identified the undertaking of visual NDRTs as a key factor
that increases takeover time (Zhang et al., 2019). Furthermore, since it takes time for
awareness of the road to be acquired following a TOR (Gold et al., 2013, 2016) this will
be further impaired if a driver is distracted by an NDRT (Wandtner et al., 2018; Dogan
et al., 2019).
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Despite this, consumers report wanting to engage with NDRTSs including socialising, leisure
activities and productivity tasks (Panagiotopoulos and Dimitrakopoulos, 2018), not hav-
ing to remain focused on the road during an automated drive. This lack of motivation
to maintain vigilance during an automated drive, paired with displays which may not
provide adequate situational awareness, has dangerous implications as AVs become more
commonplace on the road; particularly if drivers do not fully understand the limitations
of automated driving technology (Dixon, 2020). Consequently, it is important to consider
how HMIs can be designed and used to provide information to a driver who is distracted
by a NDRT.

2.3 Enhancing Driver Awareness

A common attribute of these distracting NDRTs is that they take the driver’s gaze, a
precursor for attention, away from the road ahead and towards driving-irrelevant features.
Non-driving tasks are typically presented in the centre stack as a Heads-Down Display
- (HDD). Tasks such as changing the radio or inputting navigation information require
a driver to take their eyes off the road to interact with them, impairing their ability to
attend to the road. The same is true for a driver in an AV who wants interact with a
personal device or perform an NDRT on the centre console. To counteract this, presenting
information at eye-level with the road as a Heads-Up Display - (HUD) has been suggested
to reduce this eyes-off-road time. Providing information to drivers in a HUD has seen
benefits to steering behaviour (Liu, 2003; Liu and Wen, 2004b), as well as increasing the
duration of fixations on the road ahead, compared to without a HUD (Liu, 2003; Liu and
Wen, 2004b; Zhang et al., 2021). Furthermore, reaction to hazardous events (Horrey et al.,
2003; Liu and Wen, 2004b) and driving performance (Smith et al., 2023, 2016) was superior
when engaging with a HUD compared to a HDD. As shown in Capallera et al. (2022)’s
review, the majority of interaction locations focus on the windshield, to take advantage of
the fact the driver is looking ahead at the road (see Figure 2.3). It is sensible to suggest
then that presenting a NDRT as a HUD may also aid driver attention.

Using Augmented Reality to Cue Attention

One of the most commonly proposed applications of a HUD display is for cueing driver
attention (Yeh and Wickens, 1999; Riegler et al., 2019b). To do this requires a more
sophisticated interface than one which just displays static information. Using an Aug-
mented Reality - (AR) display, where holographic content is overlaid onto the real world
view (Azuma, 1997) allows for a mixed reality HUD where the information displayed can
dynamically change and react to events that occur in the real road environment (Gabbard
et al., 2018; Schomig et al., 2018).
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While traditional HUDs typically consist of a static projection of information, AR HUDS
can enhance what can normally be perceived by supplying additional information than
what is typically available, e.g., dynamic navigational information that updates as the
vehicle moves or highlighting potentially important road features in real time (see Kettle
and Lee (2022) for a review). Previous work looking at utilising in-car AR HUDS suggests
that they can also aid driver attention on the road and driving performance over a HDD
(Medenica et al., 2011; Langlois and Soualmi, 2016). Jing et al. (2022) found that AR
HUDs were able to reduce distraction when focusing on dangerous driving scenarios, and
Bark et al. (2014) showed that a navigational AR HUD aided turn decisions, though this
differed between 2D and 3D displays. Additionally, Lindemann et al. (2018) found that
AR HUDs showing a variety of driving-related information such as threat markers and

oncoming traffic indicators improved situational awareness of drivers.

In an AV context, de Oliveira Faria et al. (2021) found that AR cues helped improve
driver behaviour after a TOR as well as reducing the number of driver-initiated TORs.
Furthermore, the use of AR HUDs as a driver awareness aid, e.g., a crash warning system,
has been shown to help reduce mental workload (Haas and Van Erp, 2014; Bauerfeind
et al., 2021), reduce reaction times (Kim et al., 2013), reduce gaze towards the instrument
cluster (Schomig et al., 2018), and reduce boredom (Schroeter et al., 2014; Steinberger
et al., 2017). This suggests that using AR can also be beneficial for facilitating SA during
automated driving. Specifically, cueing attention using an AR HUD has been shown to
benefit target detection (Yeh and Wickens, 1999), visual search at a distance (Warden
et al., 2022), and a virtual-navigation task (Stefanucci et al., 2022). Karatas et al. (2020)
showed that using an AR HUD highlighting hazards led to quicker recognition compared
to a traditional HUD (Karatas et al., 2020). Similar findings have been demonstrated that
specifically directing attention with AR cues increased detection rates of pedestrians and
road targets (Rusch et al., 2013; Wang et al., 2017b; Kim and Gabbard, 2022; Wang et al.,
2022b).

Presenting NDRTs in AR?

While these studies demonstrate how an AR HUD presentation benefits driver attention
when attending to the road, the effect of presenting a NDRT via an AR HUD is not clear.
There have been suggestions to gamify the supervision task and add game-like elements
that also provide situational awareness information (Schroeter et al., 2014). Schroeter
and Steinberger (2016) describe an AR HUD concept where game content overlaid on the
driving scene can encourage drivers to maintain attention on the road during automated
driving (see Figure 2.4). It has been suggested that this would aid drivers awareness of
the road scene in the event of a TOR.
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Figure 2.4: The Pokemon Drive AR concept, which shows gamified AR elements to encourage attention
to hazards, taken from Schroeter and Steinberger (2016) (Note, the red arrow is for the reader only and
not part of the concept.

Wu et al. (2023a) also proposed a SA-based in-car game which uses external road features
and objects as game elements, similar to the in-car zombie shooting game for passengers
proposed by Togwell et al. (2022). They report higher overall subjective SA levels while
playing the SA game compared to a video. However, a study from Radlmayr et al. (2018)
which used AR to present NDRTs demonstrated how a distracting balloon popping game
for drivers to play peripherally significantly impaired driving performance, to a similar level
as driving in thick fog. This research would suggest that, while AR HUDs are beneficial

for enhancing driver awareness, their benefits when displaying a NDRT are not as clear.
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Drivers in automated vehicle may be able to take advantage of the presentation at eye
level with the road, but their ability to actually process the road scene has not been yet
fully evaluated. There is a risk that, due to the cognitive limits caused by multitasking
described in section 2.1, the distracting nature of the NDRT means that the benefits of
a HUD display are lost. It is not clear whether the use of an AR HUD specifically for

displaying NDRTs serves as an aid or a distractor for a driver’s attentional resources.

Generally, studies investigating the potential benefits of HMIs or HUDs measure the effect
of driver performance when supervising the driving task in a partially automated vehicle
when their attention is solely on the road. While these concepts and studies indicate a
benefit of AR HUDS for providing SA information, the research does not address the cog-
nitive distinction between attention and awareness as previously discussed in Section 2.1.
SA is likely to be differently affected if the driver is also engaged in a distracting NDRT.

A review by Riegler et al. (2019b) into the use of AR applications for automated driving
found that most research focuses on the use of AR for safety and driver assistance, not
for presenting NDRTSs. Similarly, a meta-review by Niu et al. (2024) evaluating the use of
HUDs to display warnings to drivers noted that, while they have benefits over HDDs, few
studies investigate how using an AR HUD to displays these warnings is affected when it

is showing non-driving related information.

In light of the psychological literature, there is a danger that presenting NDRTs and
warnings in this way could cause inattentional blindness, where a distracted driver focusing
on an AR HUD fails to process a hazardous event, despite looking towards the danger. To
fully take advantage of the benefits that automated driving can offer, it is important to
investigate whether presenting driving-related information as an AR HUD can provide the
same benefits to attention and situational awareness when presenting a NDRT. If not, it
is necessary to investigate whether it is possible to design an AR HUD which can provide

this information to a driver while they are distracted by an NDRT.
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2.4 Chapter 2 Summary

With an increasing prevalence of partially automated vehicles, the way drivers pay atten-
tion to the road is changing. Yet, since the development of more sophisticated automated
vehicles has not occurred as quickly as previously thought, drivers of AVs are required
to maintain attention to the road in case they need to regain control. This presents an
attentional conflict between a distracting NDRT and the need to supervise the automated
vehicle. There is a push towards incorporating mixed-reality interfaces as in-vehicle dis-
plays (Basemark, 2024), with presenting NDRTs being one of the described benefits of
these (McGill and Brewster, 2019; McGill et al., 2022; Togwell et al., 2022). However,
engaging with a distracting non-driving task has detrimental effects on a driver’s ability
to maintain awareness of the road, and impacts their ability to safely regain control of an
automated vehicle. The effects of performing a distracting NDRT on the SA of a driver
supervising an AV have not had the research attention that HMIs and driver displays
have typically seen. Furthermore, the higher cognitive processing of SA and the cognitive

implications of simultaneously attending to the road and a NDRT have not been explored.

Therefore, it is relevant to understand the cognitive underpinnings of how drivers would
interact with NDRTSs presented via AR HUDS, and the impact they could have on SA. Does
a HUD presentation inherently benefit SA due to reducing the eyes-off-road time when a
driver performs a NDRT? Or conversely, as research into multitasking and inattentional
blindness suggests, does the distraction posed by a NDRT remove the benefits of a HUD
presentation due to attentional constraints? Is it possible to design an AR HUD to present
a NDRT that also provides SA information to the distracted driver?

This thesis attempts to further investigate these questions by measuring the awareness of
drivers engaged with a distracting non-driving task presented in AR. This is structured
around the 3 research questions that were set out in section 1.3. Chapter 3 will address

the first research question:

e RQ1) How does engaging with a distracting NDRT affect the ability to

react to the road scene?

This chapter sets out to establish what the impact of performing an NDRT on driver
cognition is. This was done by comparing performance on measures of reaction time both
with and without a secondary distracting NDRT task presented in AR. This was in line
with trends in previous research that evaluate how quickly a driver can respond to events,
such as a takeover request or a danger on the road. Following this, Chapter 5 will address

the second research question:
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e RQ2) How does the presentation method of an AR interface affect the

ability to maintain awareness of the road scene?

This was approached through an evaluation of different presentation methods for an AR
interface displaying an NDRT. An AR HUD that is presented at eye-level is compared to
a HDD requiring eyes off the road, and the ability to predict future events rather than
perceive current ones is empirically measured, using methods described in Chapter 4. Eye
tracking data are also presented, which indicates that fixation on the driving task may
not necessarily correspond to attention when a driver is distracted by a NDRT. Finally,

Chapter 6 will address the third research question:

e RQ3) How does the design of an AR interface and the inclusion of atten-

tional cues impact the ability to process a road scene?

Novel methods and modalities for displaying information to a distracted driver are explored
with regards to efficiently processing information. With recent suggestions to include
virtual assistants into the vehicle and frame interaction in a social capacity, the use of a
virtual agent for presenting information to distracted drivers to aid their SA could provide
benefits. A comparison of positional cues and hazard warning cues is presented between
visual and social domains, which suggest that using social behaviour to provide cues to
drivers can be as effective as a visual cue and maintain SA at the same level was when

viewing the road without distraction.

The experimental methods that were used to approach these research questions and the
results that were found are set out in the 4 subsequent chapters, with a discussion of
the results for each experiment included at the end of each chapter. These results are

summarised and discussed in the wider research context in the final chapter.
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Chapter 3

Investigating the Effect of Performing a
Distracting AR task on Reaction Time

Figure 3.1: Examples of the Augmented Reality cues from Experiment 1 (left - Go No-Go task with game
presented in AR in front of road environment) and Experiment 2 (right - keypad task).

In this chapter, two experiments are presented which measured reaction time performance
on an inhibition control task (Experiment 1) and a hazard perception task (Experiment
2) to address Research Question 1. Performance was compared between a baseline and
a dual-task condition, where participants also performed a secondary task presented in
AR. This task was split into two display sizes: Central (items presented in a smaller
visual area) and Global (items presented over the whole AR field of view). The results
from both experiments showed a significant increase in reaction time in the dual task
conditions compared to the baseline single task conditions, addressing RQ1 of the thesis.
The implications of how these findings can inform the use of AR to present NDRTs is

discussed, with regards to how driver attention is taken away from the road.
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3.1 General Introduction

Reacting to the Road

Driving is a complex cognitive task which requires a driver to make quick appraisals when
evaluating the road scene and then take safe and appropriate actions. Many factors must
be taken into account to inform these decisions, which can only be done when drivers are
aware and paying attention to the driving environment (Walker et al., 2009). Typically
a driver is required to maintain full attention to the road in order to accurately scan for
potential dangers and react to them accordingly. The ability to do this is known as their
Hazard Perception skill (Horswill and McKenna, 2004) and is measured as a push-button
response to a hazardous driving clip, with faster reactions scoring higher. This skill has
been reliably linked with the likelihood of being involved with a collision (Horswill et al.,
2010) with drivers that perform better at Hazard Perception exhibiting fewer crashes
(Deery, 1999; Horswill et al., 2010). Engaging with a distracting secondary task, such
as using a mobile phone, has detrimental effects on hazard perception, leading to slower
reaction time (Toérnros and Bolling, 2005; Haque and Washington, 2013; Yannis et al.,
2014) and increased risk of collisions (Asbridge et al., 2013).

The advent of Automated Vehicles - (AVs) allows and encourages drivers to hand over
control of the driving task to the vehicle. This allows drivers to engage with Non-Driving
Related Tasks - (NDRTS) safely while the vehicle is responsible for perceiving and reacting
to hazards. However, AVs currently available to consumers still require the driver to
maintain supervision of the vehicle as a fail-safe (UK and Scottish Law Commissions,
2020). If an issue arises and automation fails, the driver needs to be ready to resume
control of the vehicle and navigate the potentially dangerous situation at a moments
notice. This presents a cognitive challenge to drivers in partially automated vehicles who
want to engage with NDRTs. As in manual cars, engaging with a distracting secondary
task in AVs has been shown to significantly increase reaction time to takeover requests
(Louw et al., 2015; Dogan et al., 2019). The more demanding an NDRT is of a driver,
the longer it takes for them to take control (Yoon and Ji, 2019) and when they do, it is
usually in a less able state to deal with the road scene (Radlmayr et al., 2014). This is
consistent with psychological literature on dual-task performance, where performance on
two tasks performed simultaneously is poorer (Heuer, 1996; Schumacher et al., 2001). It
poses the question of whether it is possible to display NDRTs to drivers in a way which

limits their impact on attention.
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Giving Drivers a Heads up (Display)

Previous work looking at Heads-Up Displays - (HUDs) suggests that driving performance
was less impaired and preferred to traditional cockpit displays (Medenica et al., 2011;
Smith et al., 2015; Jose et al., 2016). This has already become available in certain vehicles
available to consumers (Firth, 2019b). The use of HUDs as a driver awareness aid, e.g.,
a crash warning system, has been shown to help reduce mental workload (Schémig et al.,
2018) and reduce reaction times in manual driving (Kim et al., 2013; Wintersberger et al.,
2018b). Yet, other studies have produced mixed results, suggesting that the design of
the HUD has an impact on driver awareness (Kim and Gabbard, 2018, 2022). In an AV
context, HUDs have been shown to reduce driver distraction when focusing on dangerous
driving scenarios (Jing et al., 2022). In particular, using Augmented Reality - (AR) to
show more dynamic displays benefits takeover times (Jing et al., 2022) and reaction times
(Karatas et al., 2020). However, there are important considerations to be made for the
design of HUDs, such as the demands of the task and how this affects gaze behaviour.
The visual complexity of the driving scene and mental workload have been shown to affect
a driver’s eye movements (Crundall and Underwood, 1998; Chapman and Underwood,
1998; Kapitaniak et al., 2015), which in turn affects the detection of hazards (Mackenzie
and Harris, 2015; Yang et al., 2021a). Similarly, a busy and attention capturing HUD is
more likely to distract attention (Lee et al., 2020; Kim and Gabbard, 2022) and increase
reaction times to dangers on the road (Wolffsohn et al., 1998). If a driver is engaged with
a visually demanding display they have less attentional capacity available to focus on the
driving task (Wickens, 2002).

Regarding eye movements, it has been shown that drivers tend to fixate on a central point
in the distance where visual motion emanates from (Mourant and Rockwell, 1972), known
as the focus of expansion. From here, experienced drivers deviate in a horizontal pattern
to scan for potential hazards (Underwood et al., 2003), whereas novice drivers show a
narrower spread of fixations clustered in the centre (Mourant and Rockwell, 1972; Crun-
dall and Underwood, 1998). This leads to slower reaction times to developing hazards in
novices (Horswill and McKenna, 2004), due to these poorer search strategies. Presenting
information to drivers at eye-level has been shown to benefit attention, as it is less disrupt-
ing to these search strategies (Karatas et al., 2020; Wu et al., 2021) compared to looking
down into the vehicle. Therefore, presenting a NDRT in this manner should show similar
benefits, as it would allow the driver to interact with non-driving related content on top
of the view out of the front of the vehicle while being able to monitor the road and to
react to any hazards (Riegler et al., 2019b). However, the specific effects on reaction time
of presenting NDRTs via a HUD is still not clear, in particular how an NDRT disrupting

the typical eye movement patterns of drivers affects their reaction time.
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On top of the questions raised over the benefits of AR HUDs, there are also practical
issues to be considered. In particular, the possibility of motion sickness caused by the
mismatch between an AR display and the dynamic driving scene behind it (McGill et al.,
2017). There has been a wealth of research into simulator sickness in Virtual Reality -
(VR) (Saredakis et al., 2020; Rangelova and Andre, 2018), and also looking specifically at
in-car VR (McGill et al., 2017; McGill and Brewster, 2019; Pohlmann et al., 2023). On the
other hand, there is less research looking at sickness in AR interfaces. What has been done
suggests that extended exposure to AR can also lead to sickness symptoms (Hughes et al.,
2020; Kaufeld et al., 2022), and is comparable to VR induced sickness (Pettijohn et al.,
2020). This is significant as placement of virtual content will have an important effect on
how drivers are able to pay attention to the road. H&uslschmid et al. (2018) illustrated
how, despite obscuring safety critical areas of the road, users still chose to place virtual
content so it obscured these critical areas in the centre of their view. This is likely to
lead to increased motion sickness due to the conflict between the static AR display and
the dynamic driving scene (Duh et al., 2004; Kaufeld et al., 2022). Should in-vehicle AR
become the presentation method of choice in AVs, it will need the same research focus as
in-car VR to inform its design and application in order to ensure driver attention is not

impaired and mitigate the onset of sickness symptoms.

This chapter investigates performance on reaction time tasks whilst simultaneously per-
forming a distracting secondary task in AR. Two experiments are presented which compare
single task to dual-task performance on an inhibition control (Experiment 1) and Hazard
Perception (Experiment 2) task, to evaluate the impact of using AR display for an NDRT
on attention. The effect of interacting with an AR-interface on a driving-related task was
measured, as well as the perceived workload and occurrence of simulator sickness from

doing so. The following research questions will be addressed in this chapter:

e Ch3 RQ1 How is reaction time affected when interacting with a distracting sec-

ondary task displayed via AR?

e Ch3 RQ2 How does the location and presentation of items in an AR display affect

performance on a reaction time task?

e Ch3 RQ3 How does performing a simultaneous AR and cognitive task affect levels

of motion sickness?
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3.2 Experiment 1

Investigating the Dual-Task Cost of Performing a Secondary Task
in AR on Inhibition Control

The first experiment investigated the ability of participants to perform an inhibition con-
trol cognitive task while simultaneously performing a secondary task presented via an AR
headset. The experimental design was approved through the College of Science and En-
gineering Research Ethics committee (Application number #300210133). The following

section reports the methods, procedure and results of this experiment.

Design

The experiment was designed to compare performance on a Go/No-Go task both with and
without performing a secondary AR task at the same time. Furthermore, the presentation
of AR content was split into two conditions: Central, where the AR content was overlaid
directly on top of the cognitive task and Global, where the AR content was displayed
over a larger area requiring participants to move their gaze away from the presentation
of the cognitive task. A 2x2 mixed design was used with Group (Central versus Global
during dual-task trials) as a between groups factor, and Task type (cognitive only versus
AR-cognitive) as a within groups factor. Performance on the Go/No-Go task (correctly
responding to Go stimuli and not responding to No-Go stimuli) along with perceived

workload and sickness scores were measured as independent variables.

Participants

Forty-two participants (Mean Age = 27.04 SD = 5.07, 18 Female) were recruited to take
part in the experiment. These were recruited via online forums and around the University
of Glasgow Computer Science and Psychology departments. All participants had normal,
or corrected to normal eyesight, and were allowed to wear glasses whilst using the headset

where required.

Materials

Cognitive Task

The Go/No-Go task as introduced by Nosek and Banaji (2001) was implemented using
PsychoPy v2021.2.3 (Peirce et al., 2019) and displayed on an Asus VX279 27-inch monitor
approximately 60 cm away from participants. The stimuli consisted of a circle, 10.4cm in

diameter, which appeared in the centre of the screen.
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The stimuli were on screen for 3000ms at a time, in line with findings from Eriksson and
Stanton (2017) for the average length of TOR warnings. Go signals were coloured red
(RBG: 255, 0, 0), yellow (RBG: 255, 255, 0) or orange (RGB: 255, 125, 0) in line with
Politis et al. (2013), who used similar coloured stimuli to convey a warning to drivers.
Participants viewed each stimulus 15 times in a randomised presentation order, and re-
sponded by pressing the space bar on a keyboard in front of them. After either a key
response from a participant or 3000ms had passed with no response, the stimulus would
disappear and the next trial would begin. Between each trial was a period between 5 and

10 seconds, selected randomly, to prevent participants anticipating the start of the trial.

Augmented Reality

The AR task was developed in Unity (version 2020 3.26f1) using the Mixed Reality Toolkit
- (MRTK) (version 2.7.2). The Augmented Reality Eye Tracking Toolkit - (ARETT) was
used to display and register eye movements (Kapp et al., 2021) in the Microsoft HoloLens
2 AR headset. AR content in the distractor task was designed according to guidelines from
Microsoft (2023) and was inspired by the distracting non driving task used by Radlmayr
et al. (2018) and the multiple object avoidance task from Mackenzie et al. (2021). Coloured
holographic gems would appear in 3D space in front of the participants, who had to
manoeuvre a green cursor onto the gems using their gaze. No other feedback was given,
but participants were asked to ‘pop’ all the gems they could see as quickly as possible (see
Figure 3.2). The eye-tracking function of the AR task was calibrated using the in-built

Microsoft calibration that is required for each new user of the HoloLens 2.

Presentation was divided into two conditions: Global, covering the entire area of the
display screen (620mm across, approx. 54.65° visual angle), and Central, where the spawn
zone for the gems was constrained to an area approximately 4 times smaller than the
whole screen, located on top of where the Go/No-Go stimuli were presented (150mm
across, approx 14.25° visual angle). Due to the display size of 52° within the HoloLens 2
(43°x29°), the Global condition required participants to move their head away from where
the Go/No-Go stimuli appeared and observe the whole screen to pop all of the gems. Two
alignment bars were included in the Unity environment, which were lined up with the edges
of the computer monitor by the experimenter prior to beginning the trials to ensure that
the AR content was displayed in the correct area. To assess any development of sickness
symptoms, the simulator sickness questionnaire Simulator Sickness Questionnaire - (SSQ)
(Kennedy et al., 1993) was administered at three separate timepoints: Pre experiment,
post control and post experiment. In order to measure perceived workload during the
experiment, the NASA Task Load Index - (NASA TLX) (Hart and Staveland, 1988) was
administered after both the control and the experimental conditions via the Qualtrics

(2024) online questionnaire platform .
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3.2. Experiment 1: Go/No-Go - AR

Figure 3.2: Examples of the setup in experiment 1 (top) with participants wearing the HoloLens 2 headset
while performing the Go No-Go task. The AR task was to look at and pop the gems that appeared in the
headset (bottom left), while responding when the red circle appeared and ignoring the orange and yellow
circles (bottom right).

Procedure

Participants were first given an information sheet, demographics questionnaire and consent
form to sign. After completion, the procedure of the experiment was explained. Partici-
pants first saw a set of six practice trials for the Go/No-Go task to familiarise themselves
with the requirements. They were provided feedback on their responses, showing a 'correct’
screen if they responded to the Go stimuli/ ignored the No-Go stimuli, or an ’incorrect’
screen if they responded to the No-Go stimuli/ignored the Go stimuli. Next, they put on
the AR headset and moved onto the experimental trial to perform the cognitive Go/No-
Go task only, with nothing appearing in the headset in order to measure their baseline
reaction time performance. The only AR objects they saw during this condition were the
alignment bars and the eye tracking cursor. During the trials, the Go/No-Go stimuli were
shown on the screen for 3000ms and participants had to respond by pressing the space bar
as fast and as accurately as possible A buffer period between each trial with a randomly
chosen length between 5000ms and 10000ms was used to prevent participants anticipating
when the next trial would begin (see Figure 3.3). Next, they were subject to one of the two
AR task conditions, either Global or Central. Assignment to one of these conditions was
alternated between each participant taking part. The change in performance was mea-
sured between the single cognitive tasks and the dual AR-cognitive task over the length
of the experiment. Finally, the between group differences between the Central and Global
task conditions were also compared. The experiment lasted approximately 30 minutes and

participants were provided with a £4 Amazon voucher as compensation for their time.
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3s (No-Go)

Figure 3.3: A diagram showing the basic trial structure of the Go/No-Go task, with a NoGo (orange)
stimuli and a Go (red) stimuli shown for 3 seconds, or until a response was given. Between the pre-
sentation of a stimulus was a random period of time between 5 and 10 seconds, to prevent participants
anticipating the presentation. Participants first completed only this Go/No-Go task, and then again while
simultaneously performing the AR task in the headset.

3.3 Experiment 1 Results

Results were analysed using R Studio 2022.07.01 Build 554 using the lme4 (Bates et al.,
2015), lmetest (Kuznetsova et al., 2017) and report (Makowski et al., 2023) R packages.
Linear Mixed Effects - (LME) models were fitted to the data and were estimated using Re-
stricted Maximum Likelihood - (REML) and the nloptwrap optimizer. Using LME models
was selected due to the repeated measures designs, with multiple responses recorded from
the same participants resulting in nested data. To compensate for this effect, the use of
mixed effects models were deemed as the most suitable method to account for variation
within participants responses within experimental conditions. The analysis techniques set
out by Barr et al. (2013) were followed, who suggest a ’keeping it maximal’ approach to
avoid overcomplicated model fits when using mixed effects models. To achieve this, a step
wise model selection approach was used, where models containing sequentially less signifi-
cant variables are compared and removed, e.g., a model with all possible variables fitted as
random intercepts is compared to a model with one of these intercepts removed. The pro-
portion of the variance explained by each model is compared, and models with intercepts

which do not significantly explain a greater proportion of this variance are rejected.
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3.3. Experiment 1 Results

This culminates in the retention of the simplest model, with the fewest random intercepts,
that explain the greatest proportion of the variance. This maximal model was then also
compared to a null model which considers the fixed effects purely as random effects (sug-
gesting they vary randomly and not due to the experimental conditions) again to evaluate
whether this model explains a greater proportion of variation than random variance. For
a full description, see Barr et al. (2013). Standardised parameters were obtained by fitting
the model on a standardised version of the dataset. 95% Confidence Intervals - (Cls) and

p-values were computed using a Wald t-distribution approximation.

Reaction Time

The average reaction time of participants on Go stimuli between the baseline cognitive
task block was compared to the average reaction time in the dual cognitive-AR task block
of the experiment. The data were z-scored and reaction times greater than 3 standard
deviations away from the mean were removed as outliers (n = 19). A LME was fitted to

predict the interaction effects of Block and Condition on Reaction Time, with the formula:

Reaction Time;; = Sy + 31 - Condition;; + B - Block;; + S5 - (Interaction);; + ug; + €5

The model included participant as random effect and was found to explain significantly
greater variance than a null model with Condition and Block fitted as random effects as
well as participant (Null Model AIC = -569.18, BIC' = -553.85; Interaction Model AIC = -
665.28,BIC = - 634.61; p < .001). The total explanatory power was moderate (conditional
R? = 0.25). Within this model, the effect of Task Block was statistically significant (Est.
= 0.11, 95% CI [0.09, 0.14], t(1219) = 7.82, p < .001) with reaction time increasing in
the dual Cognitive-AR task block (see Figure 3.4 & Table 3.1). However, there was no
significant effect of AR presentation condition (p = .773).

L. Reaction Time;; is the response variable for the ¢-th observation for the j-th participant. - 5y is
the fixed intercept. - (7 is the fixed effect coefficient for the Condition variable. - (35 is the fixed effect
coefficient for the Block variable. - B3 is the interaction effect between Condition and Block. - ug; is the
random intercept for the i-th participant, drawn from a normal distribution with mean zero and some
participant-specific variance. - e;; represents the residual error term for the i-th observation for the j-th
participant.
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Figure 3.4: Mean reaction time between the Single and Dual Task conditions (bottom left) and the two
presentation conditions (bottom right), and the interactions (top). There was a significant difference in
reaction time between the task blocks, but not the presentation conditions, nor any interaction effects.

Condition Block Mean RT(s) SD

Central Cognitive Only 0.49 0.17
Central Dual Cognitive-AR 0.61 0.22
Global Cognitive Only 0.48 0.20
Global Dual Cognitive-AR 0.58 0.19

Table 3.1: Summary statistics for the Go\No-Go reaction times in Experiment 1.

Go/No-Go Performance

To measure proportion of correct responses, the number of Hits, Misses, Correct Rejection
and False Alarms were summed and then compared. LME models were fitted to predict
the main effect of correct responses with Block, including participant as a random effect.
There were significantly more False Alarms (conditional R* = 0.47, beta = -0.29, 95%
CI [-0.52, -0.07], t(77) = -2.62, p = .011) in the dual Cognitive-AR tasks compared to
the cognitive only task. However, the models fitted for Hits (p = .0507) and Misses (p =
.608) were not significant (see Figure 3.5).
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Figure 3.5: Frequency of Hits, Missed, Correct Rejections and False Alarms for the Go/No-Go task.

Simulator Sickness

With the SSQ data, 3 x 2 mixed design ANOVAs were conducted comparing SSQ scores
at each of the three timepoints, with timepoint as a within groups effect and participant
as a random effect. However, there were no significant differences in sickness scores over
the three timepoints (p = .195), nor between the two display size conditions (p = .125)

on total SSQ score, nor on any of the subscales.

Perceived Workload

A 2 x 2 mixed design ANOVA was conducted comparing the raw total NASA TLX ratings
between each condition, with block as a within groups effect and participants as a random
effect. The Total TLX rating was statistically significantly different across different condi-
tions (F(1, 41) = 87.92, p < .001, n* = 0.18), where the Dual task condition was rated as
significantly more demanding than the Single task condition. However, there were no sig-
nificant differences between the AR presentation conditions (see Figure 3.6). Subsequent
ANOVAs were run for each of the subscales which also found significant increases in the

Dual task condition for all subscales except Frustration (See Table 3.2).

33



Chapter 3.

Scale ANOVA Sig n*

Total TLX Score F(1, 41) = 37.92 p < .001%** 0.18
Mental Demand F(1, 41) = 47.73 p < .001%** 0.21
Physical Demand F(1,41) = 16.27 p < .001%*** 0.14
Temporal Demand F(1,41) =9.64 p = .003** 0.1

Overall Performance F(1, 41) =11.25 p < .002%%* 0.04
Effort F(1,41) = 2535  p < .001%** (.13
Frustration F(1, 41) = 4.01 p = .052 0.01

Table 3.2: Comparisons for the NASA TLX subscales for Experiment 1.

Average Total NASA TLX Ratings
%k %k %k %k %k ok

100 -

Total TLX Score

50 -

Central Global
Condition

Group . Central Go/NoGo Central Go/NoGo-AR . Global Go/NoGo E Global Go/NoGo-AR

Figure 3.6: Total NASA TLX scores between each condition and each Task Block. There was a significant
increase in total TLX scores in the dual cognitive-AR task condition, but no differences between the
Global and Central presentation conditions.
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3.4 Experiment 1 Discussion

Overall, performance on dual cognitive-AR task led to slower reaction time and increased
perceived workload compared to performing a single task. There were also greater oc-
currences of participants responding to an irrelevant No-Go cue. This is a finding that
is concordant with the dual-task literature (Heuer, 1996; Walker et al., 2021; Fereydooni
et al., 2019) that splitting attention between tasks leads to a degradation in performance.
However, the specific demands of the Go/No-Go task here may also have contributed.
Janczyk and Huestegge (2017) demonstrated that in a dual-task paradigm with Go/No-
Go as the secondary task, trials with No-Go stimuli actually improved performance on a
primary response task. This may have contributed to the results here, where there were
twice as many No-Go stimuli as Go stimuli. Participants were required to interact with the
AR NDRT more often than the cognitive task, which may have biased attention towards
popping the gems when a No-Go stimulus was present. This in turn affected response

times to the Go stimuli.

When considering this in an AV context, these results suggest that using an AR display
for distracting NDRTs could the reaction time to a TOR, and may promote inappropriate
responses to visual alerts. Furthermore, the presence of driver alerts which do not require
specific intervention may bias attention towards an NDRT, further impairing the reaction
time to alerts that requiring driver intervention. Although the difference in reaction time
here is relatively small, a delay in reacting to a TOR means less time afforded for a
driver to process the road scene once they regain control. Though the lack of overall
sickness is expected from a short exposure to AR, it is appropriate to further investigate
how switching between an AR interface and a more complex and dynamic visual task at

different depth of field may affect sickness levels.

Whilst this experiment attempted to evaluate a method for measuring performance on
dual cognitive-AR tasks, it is not possible to extrapolate the results to a driving setting,
due to the simplicity of the tasks and the stimuli. Reacting to the simple Go/No-Go
stimuli cannot be extrapolated to the more complex cognitive behaviours required during
driving, and the way in which a driver responds to hazards on the road. Therefore, it
is necessary to further investigate performance on a cognitive task which is more closely

related to the driving task.
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3.5 Experiment 2

Investigating the Dual-Task Cost of Performing a Secondary Task
in AR on Hazard Perception

To specifically investigate the impact of performing this distracting AR task on driver
attention, an experiment was designed to test the demands of differing display size on
the performance of simultaneously presented AR and hazard perception tasks. To extend
these findings from Experiment 1 into the driving domain, the Hazard Perception test was
selected as a probe of driver attention. This test was devised by Horswill and McKenna
(2004) to measure the speed and ability of drivers to recognise dangerous road events. A
video clip shown from the perspective of the driver is shown, and participants must react
as quickly as possible when they notice a developing hazard (defined as an event which
“requires the driver to take action, like changing speed or direction” (Driving and Vehicle
Standards Agency, 2023). This skill has been reliably linked to the likelihood of being
involved in accident (Horswill et al., 2010, 2015) and is used as a measure of a driver’s

ability to perceive dangers on the road.

An experiment was conducted used comparing performance on either a single HP task, or
Dual HP-AR tasks. As in Experiment 1, this AR task was split between two presentation
conditions: Central and Global. Participants’ performance on the HP task, measured by
how much time they took to react to the hazard, was compared as a baseline to their
performance whilst also conducting the AR task at the same time. The difference in
HP performance between the two AR presentation conditions and the baseline was also
compared. In this instance, the Central condition was intended to emulate how experienced
drivers’ attention tends to rest on the focus of expansion on the road, the point where
motion originates from in the visual field (Crundall and Underwood, 1998; Chapman and
Underwood, 1998). Whereas, the Global condition encouraged a broader search pattern
encouraging participants to look around the whole visual scene. Again, the SSQ (Kennedy
et al., 1993) was administered at three separate time points: Pre experiment, post baseline
and post experiment. The NASA TLX (Hart and Staveland, 1988) was also administered
after both the Single and Dual task conditions. The experimental design was approved
through the College of Science and Engineering Research Ethics committee (Application
number #300210313).
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Clips Hazard Length ClipOnset ClipOffset HazardWindow Hazard Location
Clipl Van brakes hard for turning vehicle ahead 0:36:11 22.18 25.00 2.82 Centre
Clip2 Car pulls put from right with cyclist on left 0:45:10 34.43 40.00 5.57 Right

Clip3 Pedestrians step into road from the right 0:49:03 22.45 27.00 4.55 Right

Clip4 Car door opens from left 0:25:11 13.94 19.00 5.06 Left

Clip5 Car turning left stops in road 0:29:51 12.42 16.00 3.58 Left

Clip6 Car turning left has to stop in road 0:41:45 29.72 33.00 3.28 Left

Clip7 Pedestrian steps into road from the right 0:57:22 34.91 40.00 5.09 Right

Clip8 Cyeclists in the road 0:57:45 41.93 47.00 5.07 Centre-right
Clip9 Van encroaches on your lane 0:33:53 16.82 20.00 3.18 Centre
Clip10 Pedestrians step into the road from the left 0:42:26 31.75 36.00 4.25 Left

Clip11 Car starts reversing into the road 0:41:46 22.00 26.00 4.00 Centre-right
Clip12 Cyclist encroaches on your lane 0:35:38 26.60 29.00 2.40 Centre-left
Clip13 Van pulls off without indicating 0:33:35 20.8 24.00 3.20 Centre-left
Clip14 Pedestrian runs into the road from the right 0:19:30 9.59 12.00 241 Right
Clipl5 Van pulls out from the left 0:38:07 16.82 20.00 3.18 Centre-left
Clip16 Pedestrian steps out from the left 0:23:08 12.78 15.00 2.22 Centre-left
Clipl7 Van pulls out from the left 0:24:25 11.1 15.00 3.90 Centre-left
Clip18 Pedestrian steps out from the left 0:45:01 27.91 33.00 5.09 Left

Clip19 Car stopped in the middle of the road 0:31:12 24.20 27.00 2.80 Centre
Clip20 Pedestrian steps out from the left 0:19:30 8.00 13.00 5.00 Left/Centre
Clip21 Car door opens from left 0:41:08 22.66 28.00 5.34 Left

Clip22 Pedestrians in middle of road 0:32:37 20.72 25.00 4.28 Centre
Clip23 Multiple cars pulling across your path 0:29:37 15.82 17.00 1.18 Centre
Clip24 Taxi pulls into your lane 0:46:37 35.48 39.00 3.52 Centre-right

Table 3.3: Summary details for all of the Hazard Perception clips, with their lengths, onset time and the
location of the hazard in each clip.

Creating the Hazard Perception Clips

To create the HP clips, a GoPro Hero 360 Max camera was attached to the windscreen
of a Citroen C3 car to capture the road from a driver’s perspective. Footage from around

the Greater Glasgow area was collected between 10am and 4pm from March until June.

Filming routes consisted of a mixture of urban, suburban, and rural roads. In total,
10 hours of footage was filmed, which was then reviewed and edited by a trained traffic
psychologist to identify hazards, following the criteria set out by Goodge et al. (2021). The
definition for a hazard was taken from the UK Government’s Hazard Perception test as
“something that would cause you to take action, like changing speed or direction” (Driving
and Vehicle Standards Agency, 2023). A scoring window was defined for each clip, from
the first point the hazard appeared in the video until after it was no longer on screen (see

Table 3.3 for the full list of clips).

Participants

Twenty-eight participants (Mean age = 36.96 SD = 9.92, 11 Female) were recruited via
online forums and around the University of Glasgow Computing Science and Psychology
departments. They were required to have held a driving license for at least two years to
be eligible (Mean driving experience = 15.43. SD = 10.21). Nineteen participants held
a UK driving license, with other participants reporting licences from Germany (3), USA
(2), Brazil (1), China (1), Italy (1), Russia (1) and Turkey (1).
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Figure 3.7: A picture of the driving simulator setup. Participants viewed the Hazard Perception clips
on the centre screen whilst wearing the headset, and responding by pressing one of the buttons on the
steering wheel.

All participants had normal or corrected to normal vision and were allowed to wear glasses
whilst using the headset, where required. Fourteen drivers reported having taken part in a
Hazard Perception test previously. Four participants reported having experience with AR,
eight reported having some experience with AR and sixteen reported having no experience
with AR at all.

Procedure

Participants were presented with the HP clips whilst sat in a driving simulator setup, with
the HP task presented on the front screen and the AR task presented in the Microsoft
HoloLens 2 (Figure 3.7). In keeping with the official presentation of the Hazard Percep-
tion test, the side monitors were turned off to show a single screen and reduce potential
distraction. First, participants viewed 10 randomly selected hazard clips to measure their
baseline reaction time performance. They were instructed to press a button on the steering
wheel as soon as they spotted a hazard in the video clip. As above, this was defined to
participant as an event which would “require you as the driver to take action, like changing
speed or direction”. At the end of this 10-clip block, they provided SSQ and NASA TLX
ratings. For the second block, this procedure was then repeated with the remaining 10
hazard clips that had not been seen, whilst also performing the AR NDRT. Participants
were told to fixate on as many gems as possible to make them disappear, while also fo-
cusing on the HP clips. Following this block, further NASA TLX and SSQ ratings were

taken.
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3.6 Experiment 2 Results

Results were analysed using the same procedure as Experiment 1 (see section 3.3).

Hazard Perception

The average reaction time between the baseline HP task block was compared to the average
reaction time in the dual HP-AR task block of the experiment. A LME model was fitted
to predict the main effects of Reaction time with Block. The model included participant
and hazard clip as random effects and was found to explain significantly greater variance
than a null model with Condition and Block fitted as random effects as well as participant
(Null Model AIC = 1444.8 , BIC - 1457.2; Interaction Model AIC = 1028, BIC = 1057.1;
p < .001). The model’s total explanatory power was substantial (conditional R? = 0.31),

and had the formula:

Reaction Time;; = By + (1 - Condition;; + (5 - Block;; + 05 - (Interaction);; + ug; + ug; + €;;>

Within this model, the effect of Block was statistically significant (Est. = 0.26, 95% CI
[0.08, 0.43], t(461) = 2.91, p = .004), with reaction time significantly increasing over-
all in the dual HP-AR conditions (see Figure 3.8). This suggests there was a significant
increase in reaction time on the HP task when participants performed the AR task simul-
taneously, compared to just the hazard perception task (See Table 3.4). However, there
were no significant differences between the AR presentation conditions (p = .078), nor
any interaction effects (p = .914). A LME model was also fitted comparing the number
of responses between each Block and each Condition. However, no significant differences

were found for any of the comparisons.

Condition Block Mean RT(s) SD

Central Baseline HP 1.68 1.43
Central HP-AR 1.92 1.56
Global Baseline HP 1.39 1.29
Global HP-AR 1.60 1.15

Table 3.4: Summary statistics for the hazard perception reaction times in Experiment 2.

2- Reaction Time;; is the response variable for the i-th observation for the j-th participant. - Sy is
the fixed intercept. - (1 is the fixed effect coefficient for the Block variable. - (5 is the fixed effect
coefficient for the Condition variable. - (3 is the interaction effect between Block and Condition. - ug;
is the random intercept for the i-th participant, drawn from a normal distribution with mean zero and
some participant-specific variance. - ug; is the random intercept for the j-th Clip Number, drawn from a
normal distribution with mean zero and some Clip Number-specific variance. - e;; represents the residual
error term for the i-th observation for the j-th participant.
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* % %k
* Kk

Mean Reaction Time (s)

Central Baseline HP Central HP-AR Global Baseline HP Global HP-AR
Block

Group [BF| central Baseline HP [EF] central HP-AR [BB| Global Baseline HP [E5] Global HP-AR

Figure 3.8: Change in average reaction time between the baseline HP only and HP-AR dual task conditions
Overall (triangle) as well as for each AR presentation condition (Central as circles and Global as Squares).
There was a significant increase in reaction time on the HP task when participants performed the AR task
simultaneously, compared to just the hazard perception task. However, there was no significant difference
between the AR presentation conditions.
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Simulator Sickness

A 3 x 2 mixed design ANOVA was conducted comparing Total SSQ scores at each time-
point of the experiment with timepoint as a within groups effect and participants as a
random effect, but there were no significant differences were found in Total SSQ scores.
These scores were then converted to show change over the different timepoints of the ex-
periment, where the score for each timepoint was subtracted from the previous one with
the baseline kept at 0. An increase in reported sickness from 0 to 1 would give a positive
value, and a decrease from 1 to 0 would give a negative value, showing change in SSQ

scores over time.

After converting the scores between the Baseline, HP-only and HP-AR blocks, a 3 x 2
mixed design ANOVA was conducted to predict SSQ scores at each Timepoint was fitted,
again with timepoint as a within groups effect and participants as a random effect. This
showed there was a significant increase in Total SSQ scores (F(1.18, 30.64) = 7.52, p =
007, n* = 0.13). Post hoc comparisons with a Bonferroni correction revealed significant
increases between the HP-AR condition and both the Baseline (p = .031) and HP only
(p = .019) conditions.

A 3 x 2 mixed design ANOVA comparing changes in the Oculomotor subscale of the SSQ
found a significant change in ratings (F(1.43, 37.26) = 9.83, p = .001, n* = 0.16), with post
hoc comparisons with a Bonferroni correction showing significant increases for the HP-AR
condition compared to both the HP only (p = .01) and Baseline (p = .006) conditions.
Finally, another 3 x 2 mixed design ANOVA comparing changes in the Disorientation
subscale also found significant differences (F(1.42, 36.92) = 7.88, p = .004, n* = 0.14),
with post hoc comparisons with a Bonferroni correction showing significant increases for
the HP-AR condition compared to both the HP only (p = .015) and Baseline (p = .02)

conditions (see Figure 3.9).
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Change in Disorientation subscale Change in Total SSQ Score

Change in Oculomotor subscale

Total Change in SSQ Score at each Timepoint
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Figure 3.9: Change in SSQ scores over each timepoint of the experiment. There were significant increases
in the HP-AR block of the experiment for the Total SSQ score (top left), as well as for the Disorientation
(bottom left) and Oculomotor (bottom right) subscales.
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Perceived Workload

A 2 x 2 mixed design ANOVA was conducted comparing the raw total NASA TLX ratings

between each condition, with block as a within groups factor and participant as a random

effect. The Total TLX rating was statistically significantly different across different con-
ditions (F(1, 23) = 30.51, p < .001, n* = 0.2/4), where the Dual task condition was rated

as significantly more demanding than the Single task condition. However, there were no

significant differences between the AR presentation conditions (see Figure 3.10). Subse-

quent ANOVAs were run for each of the subscales which also found significant increases

in the Dual task condition for all subscales (see Table 3.5).

Scale ANOVA Sig n?

Total TLX Score F(1, 23) = 30.51 p < .001%*** 0.24
Mental Demand F(1, 23) = 43.06 p < .001%%* 0.29
Physical Demand F(1, 23) = 16.6 p = .001%** 0.17
Temporal Demand F(1, 23) = 21.98 p = .003** 0.17
Overall Performance F(1, 23) = 17.92 p = .002%%* 0.25
Effort F(1,23) = 10.77  p < .001*** (.11
Frustration F(1,23) = 12.18  p = .02* 0.11

Table 3.5: Comparisons for the NASA TLX subscales for Experiment 2.

Average Total NASA TLX Ratings

* % %k

| 1 I
150 1

100 1

Total

50 1

Cer‘]tral
Condition

Group E Central HP Central HP-AR E Global HP Global HP-AR

Global

Figure 3.10: Change in NASA TLX scores between the HP and HP-AR conditions.
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3.7 Chapter 3 Discussion

The results from the experiments presented in this chapter indicate that using an AR
interface impairs performance on a simultaneous reaction time task. Reaction time to
both the target stimuli in Experiment 1 and to hazardous events in Experiment 2 was
significantly slower in the dual-task conditions with a distracting AR task when compared
to single task performance. These results are in line with previous literature, which shows
how dual task paradigms results in poorer performance (Heuer, 1996; Jackson et al., 2023).
Overlaying the secondary task in AR onto the primary task does not mitigate this effect,
indicating that participants were impaired by having to switch task from the AR task to
the Cognitive tasks. This pattern of results was also found in a study also measuring this
simultaneous performance on an office AR task and a Tetris game, which showed that
switching between tasks was not an instantaneous process (Fereydooni et al., 2019). A
similar delay as a result of task-switching was seen here. While a 0.5 second delay is not
a substantial amount of time, when considered in a driving context it can be a significant
amount of time. This 0.5 second delay in a driving context translates to a vehicle moving
at 60 mph travelling an extra 7 metres before the driver reacts to the hazard, half of the
thinking distance needed should the driver need to brake (RAC, 2023).

This is a finding echoing the literature where performing multiple tasks impacts driver
performance (Walker et al., 2021; Ward and Helton, 2022), hence why non-driving tasks
are illegal in manually controlled vehicles. Taken into an AV context however, allowing
drivers to engage with an NDRT will split their attention between the supervision task
and the NDRT, resulting in a delayed reaction to any information about the road (Ou
et al., 2021b) or a TOR (Meiran, 2000). Here, these experiments showed that performing
an NDRT led to a small yet still significant increase in reaction time. This suggests that
interacting with an NDRT via AR interface may also interfere with the underlying vigilance
task of maintaining awareness in an AV. Whilst previous studies have investigated the
feasibility of AR display during the supervision of AVs (Riegler et al., 2019b, 2022), there
has been little research which specifically measures the impact of using an AR interface
for an NDRT. However, the AR task used here are not wholly representative of the types
of tasks that drivers might engage with when supervising an AV. A survey by Wilson
et al. (2022) found that leisure activities were reported as the preferred NDRT to engage
with, followed by sleep and socialising. The AR task used here was designed to disrupt
the fixation patterns that experienced drivers exhibit and is similar to AR tasks used in
other research investigating NDRTs (Muguro et al., 2021). However, it can not be said to
be fully representative of the full range of NDRTs that drivers may engage with, nor the

demands these may put on driver’s attention.
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Furthermore, it is difficult to make general conclusions about driver awareness from the
results presented here. The hazard perception task used to measure driver behaviour is
not wholly representative of the driving task. Whilst it has merits in testing reaction
times to hazardous events, as well as propensity for involvement in accidents (Deery,
1999; Horswill and McKenna, 2004; Horswill et al., 2015), it does not involve the complex
coordination between reaction time, motor control and appraisal needed when in control of
a vehicle. Additionally, it is subject to a criterion bias of what an individual’s perception of
a hazard is, how dangerous it is and when it starts to occur (Pradhan and Crundall, 2016;
Crundall, 2016). Participants were instructed to carry out the hazard perception task and
so attention on the clips formed the main part of the task. Whereas, a driver supervising
an AV is less likely to be as engaged in the supervision task (Gruyer et al., 2017). Prior
research has established the benefits of drawing the driver’s attention to dangers in the
road, and how this provides a benefit to attention (Rusch et al., 2013; Stefanucci et al.,
2022; Wu et al., 2023b). Though the results presented here contribute to those which have
established the impact of simultaneously performing an NDRT on cognitive performance,
the potential for using AR as a more dynamic and informative display (e.g., Schomig et al.

or Schroeter et al.) requires further exploration.

In particular, methods which can tap into the driver’s situational awareness of the road
scene, such as the Situational Awareness Global Assessment Tool - (SAGAT) test (End-
sley et al., 1998) can provide a better way of assessing driver awareness (Crundall, 2016;
Gugliotta et al., 2017; Ventsislavova and Crundall, 2018) and how this might be impacted
by an NDRT. This test involves freezing a HP video just before testing the knowledge of
the participants on their understanding of the scenario. Using the SAGAT method, (Kim
and Gabbard, 2022) found that driver SA was improved through the use of an AR HUD
but also proved distracting in other circumstances, depending on what was displayed via
the HUD. Furthermore, testing these driver behaviours in a more valid environment such
as a driving simulator or on the road is a more effective method to draw conclusions about
how drivers might interact with HUDs in AVs. (Gabbard et al., 2019) found that a 3D AR
interface encouraged longer glances onto the road and was rated as being more demanding.
Conversely, Jing et al. (2022) found that AR HUDs were able to reduce driver distraction,
but this was only while watching videos of driving scenarios and without engaging with
an NDRT. Though the Hazard Perception method presented here is used as a measure
of a driver’s ability to notice hazards in the road, it is not wholly representative of the
way drivers process a road scene. Methods such as the SAGAT which measures a driver’s
awareness of a road scene at a higher cognitive level would provide further insight into the

impact on driver awareness an NDRT displayed in AR would have.
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Cybersickness in AR

Despite extensive attention in the Virtual Reality domain (McGill et al., 2017; Rangelova
and Andre, 2018; Pohlmann et al., 2022a), measuring cybersickness in AR has not received
the same research interest. The increase of SSQ scores after the dual cognitive-AR tasks
is concordant with previous studies which measured sickness in AR (Hughes et al., 2020;
Pettijohn et al., 2020). In particular, the increase in the disorientation subscale but not
the nausea subscale is consistent with the distinction between cybersickness and motion
sickness (Stanney et al., 1997) and is similar to the results found by (Kaufeld et al., 2022).
One potential reason is the conflicting visual cues may increase discomfort, similar to what
has been found in VR (Dam and Jeon, 2021). Here, although the hazard perception clips
lasted no longer than a minute and the exposure to AR was brief, there was still a sig-
nificant increase in SSQ scores over time in Experiment 2, as well as in the disorientation
and oculomotor discomfort subscales. Combined with the reported increase in perceived
workload when performing the AR task, there needs to be further exploration into the type
of AR task that can be presented in these dual-task scenarios which do not cause detri-
mental effects on the user. Additionally, the AR NDRT was world locked and remained
stable during the task. This is in contrast with the HP clips showing near-constant motion
cues or vection via the movement of the vehicle in the video. Vection, or the perception
of motion while stationary (Duh et al., 2004), has been linked to increased sickness in
VR environments (Bonato et al., 2008; Li et al., 2021) and has also been shown to lead
to increased sickness levels when viewing HP clips in a VR environment (Goodge et al.,
2021). Similarly, the frequent switching between different depths of the AR task and real-
world screen may have led to the increased eye strain (Gabbard et al., 2018), but previous
research also suggests that the relationship between depth and sickness is unclear (Lisle
et al., 2019). Future research should include measures to evaluate how much AR-induced
sickness is affected by the content displayed or individual differences, e.g., familiarity with

computer games (Hékkinen et al., 2006; Bigoin et al., 2010).
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3.8 Conclusions

The experiments in this chapter measured the effects of interacting with an NDRT pre-
sented as an AR display on a primary cognitive task. Reaction time on both an inhibition
control and a hazard perception task was impaired when participants also performed a
secondary AR task, compared to baseline single-task performance. To address RQ1 of
this thesis (section 1.3), these results indicate that performing a secondary NDRT leads
to poorer reaction time. This is consistent with previous literature investigating dual task
performance. Whilst there has been a wealth of research investigating how AR displays
could be used to present driving-related information, the results here suggest that present-
ing an NDRT to drivers in AR impairs their ability to respond to the road. Furthermore,
regarding RQ2 of the thesis, the different size of the AR displays showing the NDRT did
not have different impacts on performance, with similar detriment evident in both the
displays. The results from this chapter demonstrate the impact of presenting NDRTSs in
AR on driver cognition and reactions times, which needs to be considered when design-
ing interfaces for displaying NDRTs. However, questions remain over the impact of AR
displays on the ways in which drivers process and understand the road scene beyond a
simple reaction time measure, which the Hazard Perception test does not capture. The
next chapter outlines an alternative method for measuring driver awareness, along with
the creation and validation of such a method used for measuring situational awareness
empirically, which is used in the subsequent chapters that address question of using cues

to aid driver awareness posed by RQ3.

47



Chapter 3.

48



Chapter 4

Creating a Hazard Prediction test as an
Empirical measure of Situational

Awareness

What happens next?

1 | Apede

out from behind the van parked on the right

Avan pulls out from the side road on the left

A child runs into the road from the school on the right

Figure 4.1: The stages of viewing a single clip in the Hazard Prediction test presented in this chapter.

This chapter describes the creation and validation of a Hazard Prediction test, a variant
of the Situational Awareness Global Assessment tool, as a means of empirically measuring
driver awareness. This test involves participants viewing a video clip of the road filmed
from the point of view of the driver. Each clip contains a single hazardous road event,
which requires action from the driver. Just before the hazard occurs, the clip is occluded
and participants are asked to predict what they think happens next from a list of multiple-
choice options. An experimental and statistical validation of this test are presented in this
chapter, justifying its use to probe situational awareness in Experiments 3, 4, 5, and 6. It

is described in detail here to be referred to in later chapters.
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4.1 General Introduction

Measuring Driver Perception

The ability to perceive dangers on the road is an important part of determining one’s skill
as a driver. To make safe and appropriate decisions, a driver must be able to cognitively
process complex road scenes while also operating the vehicle. Measuring this ability,
however, has proved to be a non-trivial task for researchers. As mentioned in the previous
chapter, the preeminent method, as pioneered by Horswill and McKenna (2004), uses a
video-based test where a video filmed from the perspective of a driver is presented and
participants must press a button when they notice any dangerous road event. This Hazard
Perception test saw success in subsequent years as a means of distinguishing between
more and less safe drivers (Horswill et al., 2015). In particular, Hazard Perception skill
has been shown to predict involvement in collisions (Horswill et al., 2010, 2015) and to
effectively discriminate between older and younger drivers (Borowsky et al., 2010). The
Hazard Perception test allows insight into how younger drivers cognitively process the
road (Moran et al., 2020), providing an explanation as to why they are over-represented in
collision data (Department for Transport, UK Government, 2021). Consequently, the UK,
Dutch, and Australian Governments employ a version of the Hazard Perception test as a
requirement for gaining a driving license. Here, the time when the hazard is visible is split
into windows, with participants gaining more points on the test if they react earlier towards
the start of the window, rather than towards the end. Their score is then compared to a

threshold in order to pass part of a standardised theory test.

However, when trying to gain an empirical measure and understand the cognitive state of
drivers, psychologists have identified a number of limitations with the Hazard Perception
test. Different drivers will define a hazardous road event based on their own subjective
thresholds and criteria. The UK Government defines a Hazard as "something that would
cause you to take action, like changing speed or direction” (Driving and Vehicle Standards
Agency, 2023) for their Hazard Perception test, but this definition can change depending
on the driver (Deery, 1999). Typically, an experienced driver will react to a developing
hazard much earlier than a novice, as evidenced by fewer overall incidences of harsh
braking and acceleration (Cao et al., 2014). Using the hazard window scoring, this means
experienced drivers do not score points on the test, as they can react ‘too early’ before the
valid hazard window despite having predicted its occurrence, and thus are penalised. Not
only does individual perception of hazards differ, different driving cultures have different
definitions of what a ‘hazard’ is. A complex and busy road scene in the UK which is
challenging to the most experienced of driver could be seen as routine in a country like
Malaysia (Lim et al., 2013).
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This affects both reaction times to each hazard (Lim et al., 2013; Ventsislavova et al.,
2019; Di Stasi et al., 2020) and cultural perception of what a hazard is (Ventsislavova
et al., 2019; Lim et al., 2014) requiring each Hazard Perception test to be specific to the
country it is administered in. Furthermore, the Hazard Perception test is ostensibly a
measure of reaction time. Yet there are other key attributes of driver cognition when they

are processing a road scene.

Situational Awareness - (SA), the ability to maintain up-to-date attention of their current
environment, has been identified as an important part of a driver’s ability to navigate the
road safely (Endsley, 1995a; Chaparro et al., 1999; Crundall, 2016). In her seminal work,
Endsley (1995a) defined the model of SA to involve three distinct processes: 1) Perception
of elements in the environment 2) Comprehension of their current state and importance and
3) Projection of what is likely to happen to these elements next. Applied to driving, this
theory has been used to try and explain the cognitive processes that drivers go through
when monitoring the road. In order to navigate a road scene safely, a driver must be
able to process what is in their environment (other vehicles, pedestrians, road signs and
markings), understand what the current situation is (is a vehicle coming towards or away
from you, traffic conditions, a pedestrian crossing, lane restrictions) and then predict what
will happen next (will the vehicle ahead suddenly brake, are the pedestrians about to cross,
will the road layout ahead change). By processing all of these factors and then predicting
other road user’s behaviour, a driver is able to make decisions to navigate through a
road scene safely. This has been suggested as an important factor for hazard avoidance
(Pradhan and Crundall, 2016) and facilitating smoother driving with less harsh braking
and steering (Li et al., 2017; Yang et al., 2021b). However, the Hazard Perception test,
as it is currently utilised, is not able to tap into these higher level cognitive processes. It
is primarily used to discriminate between more or less safe drivers based on their reaction

time within a set window, meaning that other measures are needed to probe awareness.

One such example has been proposed based on the Situation Awareness Global Assess-
ment Tool (Endsley et al., 1998). Here, a participant’s current knowledge of a road scene is
measured by suddenly occluding their view of a simulation or video. Participants demon-
strate their SA by describing things like what they have seen, where the location of the
hazard is, and what they think happens next in the video clip. If they are able to correctly
answer these three questions, this suggests they have comprehensive SA of the scene. This
provides an effective way of measuring the higher cognitive processes of drivers with an
objective measure: whether a participant’s prediction was accurate or not. This is in con-
trast to the Situational Awareness Rating Technique - (SART'), another method developed
by Endsley et al. (1998) where operators provide a self-assessment of their SA.
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Though this is a useful subjective measure of a person’s perceived SA and is easy to employ,
the SART suffers from the bias from an operator’s own perception of their performance
which is affected by workload and perceived success (Endsley et al., 1998). The objective
the scoring mechanism of the SAGAT avoids this.

A driving specific version of the SAGAT, known as the Hazard Prediction or "What Hap-
pens Next’ (WHN) test, was first proposed by Jackson et al. (2009). They compared an
occlusion-based test with video clips that cut to black immediately prior to the hazard on-
set, with a freeze frame version where the final frame of the clip remained on screen. Both
experienced and novice drivers were given a free response to answer what they thought
happened next, and how confident they were in their answers. Jackson et al. (2009)
found that experienced drivers performed significantly better on the occlusion test than
novices, whose performance only improved when given sufficient time to process the freeze
frame version. From this, Jackson et al. (2009) posited that this question-based version of
the hazard perception test is better able to probe the higher SA levels that experienced
drivers use to make appropriate decisions on the road. Developing on this idea, Crundall
(2016) showed how this occlusion-based test was able to effectively discriminate experi-
enced drivers from their novice counterparts based on the ways in which they process the
road scene. Experienced drivers were shown to effectively use precursor clues to the haz-
ard, such as an indicator flashing or a change in road position, to inform their predictions.
Crundall (2016) found experienced drivers consistently performed better than novices, re-
gardless of clip length, the point at which the clip was occluded, or the type of hazard.
Ventsislavova and Crundall (2018) refined the paradigm by using free responses to the
Hazard Prediction test to create a multiple-choice version of the test and provide a sim-
ple scoring mechanism for prediction accuracy: correct or incorrect. Participants choose
from a list of 4 options given as potential scenarios to a previous free-response Hazard
Prediction test, selecting the option they believe matches to what is about to happen
next. Ventsislavova et al. (2019) found there was no significant difference in performance

between the multiple-choice and free response versions.

This multiple-choice version of the Hazard Prediction test has been shown to be applicable
to a wide range of driving scenarios. It has been applied to fire and rescue drivers in both
fire cars (Kroll et al., 2020) and fire appliances (Crundall and Kroll, 2018), as well as with
judging the width of a gap for larger fire appliance vehicles (Kroll and Crundall, 2019).
The Hazard Prediction test has also seen benefits as an online video format combining
hazard perception, prediction and theory questions (Crundall et al., 2021), as well as
reducing cybersickness when implemented into a virtual reality domain (Goodge et al.,
2021). However, one key advantage of the Hazard Prediction test is that it has been

shown to be culturally agnostic (Ventsislavova et al., 2019; Ventsislavova Petrova, 2019).
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Cultural expectations and criteria for what a ’hazard’ consists of differ between driving
cultures, which affects their responses times to a hazard perception test and their gaze
behaviour (Di Stasi et al., 2020). As described previously, a busy road junction which
might be quite demanding of a typical UK driver, would be commonplace for a driver
from a country such as Malaysia with a more demanding everyday driving environment
(Ventsislavova et al., 2019). This in turn affects different driving cultures responses to
a Hazard Perception test (Di Stasi et al., 2020). Ventsislavova et al. (2019) specifically
compared performance on both Hazard Perception and Hazard Prediction tests of drivers
from China, UK, and Spain. Significant differences in response times between the different
cultures were identified, dependent on which country the hazard clip was filmed in. How-
ever, when using the Hazard Prediction version of the same clips, there were no significant
differences between scores for these cultures. This was attributed to the objective nature
of the scoring mechanism of this test which does not rely on a subjective interpretation of
whether a road event is identified as a hazard or not. This is key for developing a universal
test which probes a driver’s awareness of the road environment in an empirical fashion

which does not rely on subjective judgements of how hazardous a situation is.

While the benefits of using the Hazard Prediction test to probe driver awareness are
evident, creating the test is not a simple task. Many hours of footage needs to be collected,
reviewed, edited and compiled into an experimental format before the test can be used.
Furthermore, deciding on occlusion points for the hazard clips is also a non-trivial task.
Crundall (2016) found that manipulating the occlusion point of Hazard Prediction clips
led to different results between experienced and novice drivers, with earlier cut times
disadvantaging more junior drivers. There needs to be enough information evident about
the hazard for participants to recognise what happens next, but not too much as to
make it obvious to deduce, invalidating the test. As such, each clip requires reviewing so
that each occlusion point is suitable for each hazard. Additionally, in order to evaluate
the effectiveness of a Hazard Prediction test, it must be able to sufficiently discriminate
between Novice and Experienced drivers (Crundall, 2016). Novice drivers do not possess
the experience on the road that allows them to form the accurate predictions of experienced
drivers. A valid hazard prediction test needs to include sufficient anticipatory cues in the
video clips before the hazard onset so that drivers can use their prior driving experiences
to aid their awareness of the situation. The rest of this chapter describes the creation and
validation of a version of the Hazard Prediction test made up of a set of 40 hazard clips.
An online validation study comparing Experienced and Novice drivers on their Hazard
Prediction ability was conducted to determine whether this version of the test sufficiently
discriminated between driver groups. Following this, k-fold cross validation was conducted

to predict a driver’s group using their scores to evaluate the effectiveness of each clip.
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4.2 Validation Experiment

Validating the Hazard Prediction Clips Ability to Discriminate
between FExperienced and Novice Drivers

Stimuli

A GoPro Hero 360 Max camera was attached to the interior windscreen of a Citroen C3
car to capture the road from the driver’s perspective (see Figure 4.2). This was placed
to capture the forward perspective of the driver on a medium lens setting. Footage from
in and around the Greater Glasgow area was collected at various times throughout the
day between March and June. Routes included a mixture of urban, suburban, rural
and motorway driving to collect a comprehensive representation of different hazards from
different road environments. These were conducted between 9.30 am and 5 pm on days
without any rain. Twelve hours of footage was collected in total, which was reviewed by a
trained traffic psychologist to identify any potential hazards. The definition for a hazard
was taken from the UK Government’s Hazard Perception test as “something that would
cause you to take action, like changing speed or direction” (Driving and Vehicle Standards
Agency, 2023). To identify a hazard, the same principles as Goodge et al. (2021) were
applied:

e The danger present required the driver to change behaviour (e.g., speed, lane posi-

tion) to prevent a possible collision

e The hazard had a precursor clue (e.g., a car approaching the give way line in a side
road ahead)

e The hazard had an easily defined onset (e.g., a car crossing the give way line of a

side road and pulling out)
e The hazard should be caused by another road user and not the driver of the film car

e The scene prior to the hazard onset contained other plausible causes of a hazard

that allowed distractor options to be generated

The hazard occlusion was chosen at the point just before action from the camera car driver
was required, which was deduced from viewing their driving behaviour in the video. These
hazards were not staged beforehand but naturally encountered on the road whilst filming.
(see Appendix Table A.1 for full list of hazards).
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The hazard clips were edited using Adobe Premiere Pro 2023 into clips between 10 seconds
and 1 minute in length, and letterboxing was applied to obscure parts of the camera view
that were not important, i.e., the dashboard which appeared across the bottom of the
video, and the equivalent amount of sky. Each hazard was assigned a description to be
given as the correct multiple-choice option to choose from. The other 3 false scenarios
were created by looking at the last few frames in each clip and creating plausible but
definitively incorrect answers, based on other vehicles or road features visible in the clip.
For instance, if the hazard in a clip was 'pedestrians stepping out from behind a parked car
from the left’, an example false answer could be regarding a) the position of the hazard:
‘pedestrians step out from a parked car from the right’, b) the subject of the hazard: ’a
cyclist pulls in front of you from the left’ or c) another vehicle/road feature altogether,
depending on the scene: ’‘the white van pulls into the road from the right’ (see Appendix
Table A.1 for the full list of Hazard Clips and their descriptions).

Participants

A power analysis was conducted using the pwr package (Champely et al., 2016) in R Studio,
which determined that for a moderate effect size of 0.8, 24 participants were required in
each group. The experimental sample consisted of 30 Experienced drivers (Mean Age =
41.5, Mean Driving Ezxperience = 20.2 years, Female = 14) and 30 Novice drivers (Mean
Age = 30.2, Mean Driving Ezperience = 0.97 years, Female = 12). Drivers were considered
to be Novices if they held a provisional driving license and had not yet passed their driving
test. Some Novices reported more than 2 years driving experience, but had not gained a
full driving license and so were still classified as Novices. All participants reported the UK
as their country of residence with the majority reporting British nationality, not including
2 Experienced drivers (1 Nigeria, 1 Singapore) and 8 Novice drivers (2 Ireland, 1 Nigeria,
1 Portugal, 1 Latvia, 1 Poland, 1 China).

Procedure

After consenting to take part in the study, participants completed a questionnaire record-
ing their demographics, driving experience and the ratings of the Driver Behaviour Ques-
tionnaire - (DBQ) (Reason et al., 1990), presented on the Qualtrics online questionnaire
platform (Qualtrics, 2024). This scale asks drivers to rate their propensity to engage with
certain driving behaviours, categorised into Errors, Lapses or Violations. Following this,
they were automatically directed to the experiment, built using PsychoPy (Peirce et al.,

2019) (v2021.2.3) and hosted using the online experiment platform Pavlovia.

95



Chapter 4.

Figure 4.2: a) The drivers view from the camera vehicle with the GoPro mounted on the windscreen to
the left to emulate the drivers view. b) An example of one of the Hazard Prediction clips that this camera
view provided.
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4.3. Validation Experiment Results

Participants first underwent a practice trial to familiarise themselves with the format of
the clips and means to give a response. After this, participants saw the 40 hazard clips in
a randomised order, broken down into 4 blocks of 10 clips with optional breaks in between.
After watching each clip, the multiple-choice list of 4 potential scenarios were presented,
of which one was correct. Participants selected the scenario they thought was likely to
happen next using the numbers 1-4 on their keyboard (Figure 4.3). After responding to

all 40 clips, participants were redirected back to Prolific to receive their £7 compensation.

N What happens next? @

A pedestrian steps out from behind the car parked on the left

A pedestrian steps out from behind the van parked on the right

Avan pulls out from the side road on the left

A child runs into the road from the school on the right

Figure 4.3: a) A screenshot of one of the Hazard Prediction clips, with the Hazard “A van pulls out of the
road on the left” visible. b) After watching these clips, the video would occlude and participants would
be presented with the 4 multiple-choice options.

4.3 Validation Experiment Results

The results were analysed using R Studio 2022.07.01 Build 554 using the lme4 (Bates et al.,
2015), lmerTest (Kuznetsova et al., 2017) and report (Makowski et al., 2023) R packages.
The responses of each participant were modelled as binomial correct/incorrect distribu-
tions in order to calculate the probability of a participant providing a correct response
for each of the 40 Hazard Clips. A Generalised Linear Mixed Effects - (GLME) model
was fitted to the data for Hazard Prediction score estimated using Maximum Likelihood
- (ML) and the bobyqa optimizer. Confidence Intervals - (CI) of 95% and p-values were

computed using a Wald t-distribution approximation.
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Hazard Prediction Score

Performance on the Hazard Prediction test was compared between Experienced and Novice
drivers. A GLME model was fitted with moderate explanatory power (conditional R? =
0.13) to predict Correct response by Group, with participant as a random effect with the

formula:

Correct Response;; = B + 1 - Group;; + ug; + €5

Within this model, there was a significant difference in the number of correct answers
between Experienced and Novice drivers (Est. = -0.82, 95% CI [-1.17, -0.46/, p < .001)
(see Figure 4.4). Models including the main effect of the country participants obtained
their license, years of driving experience and whether participants had experience driving
in Glasgow were also fitted, but these were found not to significantly provide any greater

explanation of the data and so the simpler model was retained.

Driver Behaviour Questionnaire

Linear models were fitted to measure differences between the two groups on the 3 subscales
of the DBQ, Lapses, Errors and Violations. There were no significant differences between
experience group for the Errors or Lapses subscales on the DB(Q. There was however a
significant difference for Violations, with Experienced drivers reporting significantly higher
number of violations than Novices (conditional R* = 0.19, Est. = -0.51, 95% CI [-0.79,
-0.23], t(58) = -3.66, p < .001). The Experienced drivers were then median split into High
and Low groups based on their scores on the Violations subscales. However, models fitted
comparing High and Low violations group found that there was no significant difference

between these groups on their hazard prediction scores.

Clip by Clip Analysis

Although there were significant differences between scores for each driving experience
group, this only provides a general insight into the ability of the test to discriminate
between Experienced and Novice drivers. To further validate this test, it was deemed

necessary to evaluate performance on each individual hazard clip.

L. Correct Response;; is the response variable for the i-th observation for the j-th participant. - 3y is
the fixed intercept. - (1 is the fixed effect coefficient for the Group variable. - Group,; is the value of the
Group variable for the i-th observation for the j-th participant. - wug; is the random intercept for the i-th
participant (Participant), drawn from a normal distribution with mean zero and some participant-specific
variance. - e;; represents the residual error term for the i-th observation for the j-th participant. The
fixed effects are denoted by [ coefficients, and the random effects are represented by u terms.
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Figure 4.4: (Top) Average number of correct responses for the Experienced and Novice groups. Experi-
enced drivers performed significantly better on the Hazard Prediction test compared to Novice drivers.
(Bottom) Reported years experience driving with the score for each driving group. The red dotted line in-
dicates the 3 years driving experience cutoff requirement for the Experienced group. Some Novice drivers
reported more than 3 years driving experience, but it was confirmed that they had not qualified for their

drivers license yet.
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To do this, a ridge regression model was created using the glmnet (Friedman et al., 2010)
package to predict a driver’s experience group based on their response to each clip (Jackson,
2024). Correct scores were again modelled as a binary response vector (1 for correct, 0
for incorrect). Ridge regression was used due to the high theorised collinearity between
responses to each clip i.e., if a driver from the Experienced group responds correctly to
one clip, they should also be able to respond correctly to other clips. Using this method
reveals the discriminatory power of each clip that makes up this Hazard Prediction test,

modelling each clip’s ability to predict driver experience group as a coefficient.

First, the most appropriate tuning parameter A which minimises the mean standard error
was identified as 2.2097 (see Figure 4.5). K-fold cross validation was then conducted with
k = 10 folds, meaning that for 60 total participants, there were 5 groups of 10 participants
used as training data and 1 group of 10 participants as testing data. This was repeated
through 100 iterations to account for randomness and produce an average reliability score.
With each iteration of the k fold, the mean prediction accuracy of the regression model
was calculated, resulting in a distribution of 100 mean accuracies. These were then used
to produce an overall mean prediction accuracy of the test of 0.65 (SD = 0.02, min =
0.6, max = 0.7) across the 100 iterations, indicating that the model was able to predict
driver experience based on their responses to the hazard prediction clips at a greater than

chance level (see Figure 4.7).

40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40

1.0

Mean-Squared Error
6

Log(i)

Figure 4.5: A graph showing the best A selection for the ridge regression model at 2.209667.

From this predictive model, the contribution of each clip was extracted as a predictive
coefficient. Each coefficient represents the change in log odds from 0 or no predictive value.
The greater the difference from 0, the greater the effect of the individual clip in the model
predictions (see Figure 4.6). A higher coefficient value indicates the discriminative power
of a clip, meaning that there was a greater difference in performance between Experienced
and Novice drivers. The full list of coefficients for each clip, along with the average score

for Experienced and Novice drivers is presented in Table B.1 in the Appendix.
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Figure 4.6: Prediction coefficients for each clip on the ridge regression model. The majority of clips showed
a positive prediction coefficient, which meant they were useful for discriminating between Experienced
and Novice drivers.
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Figure 4.7: Mean prediction accuracy for the ridge regression model (above) and the binomial probability
distributions for scores in each driving experiences group, demonstrating the probability of a single par-
ticipant’s number of success for the two driving groups (below).

62



4.4. Chapter 4 Discussion

4.4 Chapter 4 Discussion

Results from the validation study presented in this chapter indicate that the Hazard
Prediction clips that form this test are able to successfully discriminate between Novice
and Experienced drivers, demonstrated by their ability to predict the hazards correctly
at a significantly higher rate. Furthermore, clip-by-clip analysis demonstrated that it was
possible to predict whether a person taking the test was an Experienced or Novice driver
based on their scores, with greater success than chance. This indicates that this version
of the Hazard Prediction test is able to discriminate between the two groups of drivers
and thus can be used for evaluating driver’s hazard prediction ability, a vital part of the
higher levels of Endsley (1995a)’s model of Situational Awareness. As such, this test was
deemed acceptable to use for subsequent experiments presented in this thesis as a probe

of situational awareness through measuring hazard prediction ability.

The benefit of using a Hazard Prediction test is that it allows specific measuring of the
higher mental representations a driver has of a road environment (Crundall, 2016). By
scoring participants’ accuracy on their ability to predict what happens next in each clip, it
allows an objective measurement of the mental representation they have of the road scene
and of the third level of Endsley (1995a)’s Situational Awareness model: Projection. This
is a better reflection of the cognitive state of a driver, and their ability to navigate the road
safely (Crundall, 2016). The multiple-choice Hazard Prediction test used in this chapter
is presented as a tool for researchers to use when attempting to measure driver awareness
in a series of naturalistic road scenarios. This test has a variety of practical benefits over
the standard Hazard Perception test: 1) It is easy to administer, only requiring a basic
computer setup with a monitor and keyboard, rather than a complex simulator, 2) The
instructions are simple and do not require extensive training with participants to collect
data, and 3) It is easy to score, with the multiple-choice responses being scored as either

correct or incorrect.

Looking at the individual clip coefficients (Figure 4.6) highlights the challenges in creating
an effective hazard prediction measure. The majority of the clips show positive prediction
coefficients, which mean that performance on these clips could be used to discriminate
between Experienced and Novice drivers. On the other hand, the clips with negative
coefficients stand out. It is worth noting, that a negative coefficient does not necessarily
indicate that Novice drivers performed better than Experienced drivers on these clips, but
rather it was not possible to distinguish between the two groups based on their performance
alone. This can be due to a multitude of factors and variations that arise when measuring
human perception empirically; driver cognition is complex and it is not possible to capture

the full mental representation a driver has about a road scene from a video-based test.
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However, one important consideration is the choice of occlusion point for each clip, when
the video stops and the awareness of participants is tested. Crundall (2016) highlighted
the challenges in choosing these occlusion points for a hazard prediction clip; it must
contain enough information about the upcoming hazard, its pre-cursor, to successfully
discriminate between experienced and novice drivers. Indeed, Crundall (2016) found that
later occlusion times favoured novice drivers more than earlier occlusions. Here, the clips
with the lower coefficients (see Table B.1) show only small differences between the two
groups, with very high scores for both on Clip 30 (Experienced 89%, Novice 92%) while
Clip 34 shows very low scores (Experienced 33%, Novice 49%). Choosing the cutoff point
for each clip provides the main challenge. Though the guidelines set out by Goodge
et al. (2021) provide a methodology, validating the test by comparing scores between
Experienced and Novice drivers ensures that the clips used can empirically distinguish
between these two groups. The results presented here demonstrate that it is possible to
use scores on this Hazard Prediction test to discriminate between Experienced and Novice
driver groups, indicating that Experienced drivers were able to use their driving experience
to more accurately predict what hazard was about to happen next based on the precursors
evident in the clips. As such, this version of the Hazard Prediction test is suitable to use
as an assessment tool for probing the situational awareness of drivers and their ability to

maintain awareness of a road scene.

There are some limitations to this experimental paradigm, nominally that data was col-
lected online which meant relying on the screening procedures from the Prolific online
platform (Prolific, 2024). This highlights some issues, such as two drivers in the Novice
group reporting a higher number of years experience than the average of their cohort. Af-
ter following up, these participants did confirm they had not yet qualified for their driving
license and so were still classified as Novice drivers. Additionally, during the analysis,
models including years of experience were fitted and years of driving experience was not
found to be a significant factor in the Novice driver condition, and so these participants
were retained. Another potential issue with presenting this test as an online experiment
was participants viewed the test on their own devices. While performing the test on mo-
bile devices was prevented, the responses to individual clips may have been affected by
variation in devices they were displayed on (i.e., screen brightness, viewing distance, etc.),
which were impossible to control. More broadly, the viewpoint of the clips in this test,
similar to the clips used in the Hazard Perception test, is somewhat restricted to forward
view of the driver. Other iterations of the Hazard Prediction test make use of wing and
rear view mirror information (Crundall and Kroll, 2018; Kroll and Crundall, 2019). Fur-
ther to this, 360 immersive video clips have been developed which emulate the full view
afforded to a driver of a vehicle (Goodge et al., 2021).
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However, the goal of this version of the test was to create a validated and easy to administer
tool that does not require significant investment in equipment to display; a monitor and
keyboard are enough to administer this hazard prediction test. While 360 views may offer
more ecologically valid hazard clips, the version presented here benefits from a low barrier

to implementation.

Finally, the clips that make up this test were all recorded in a limited geographical area.
Hazards that make up the clips in this test are naturalistic and were encountered on
the road around the Greater Glasgow area. Naturally, this means certain less common
hazards in this area could be underrepresented in this test. For instance, there are fewer
rural hazard clips as there were fewer hazardous events encountered during drives in these
areas. Conversely, there are multiple hazards from busy urban high street areas, due to
the complex nature of these road scenes. It could be argued that this is indicative of
the demand of these types of driving, but this test does not allow for specific comparison
between (sub)urban driving and rural driving ability for instance. Furthermore, all the
clips were filmed in a Left-Hand Drive - (LHD) country, and may appear unfamiliar to
drivers in a Right-Hand Drive - (RHD) country. However, previous research from Lim
et al. (2014) and Ventsislavova et al. (2019) have shown that Hazard Prediction test
benefit from cultural agnosticism, and does not discriminate between drivers from LHD or
RHD countries, but rather their driving expertise. Ventsislavova Petrova (2019) observed
distinct differences between Chinese, Spanish and UK drivers on a Hazard Perception
test, but not on a Hazard Prediction version. For instance, Chinese drivers responded less
often to hazards in the perception test than UK drivers, which the authors attribute to the
difference in cultural hazard thresholds: drivers in China experience a greater number of
hazards during their everyday drives, potentially desensitising their definition of a hazard
compared to UK drivers (Ventsislavova et al., 2019). While operationally a challenge
when changing from a LHD vehicle to a RHD one, this does not appear to impact Hazard

Prediction ability.

Though this version of the Hazard Prediction test was not specifically evaluated in a
cultural context, when country was included in the analysis procedure it did not provide
any greater explanation of the data. Additionally, Goodge et al. (2024) found no differences
on performance of this test presented here between drivers who had gained their license in a
range of countries when modelling their hazard prediction performance when performing a
range of NDRTS in different presentations (described further in Chapter 5). This indicates
that, despite geographical limitations in creating the clips, the Hazard Prediction test
used here is also not sensitive to cultural differences in driving, concordant with previous
literature (Ventsislavova Petrova, 2019; Ventsislavova et al., 2019). As such, it can be used

to assess the situational awareness of drivers, regardless of their driving background.
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4.5 Conclusion

This chapter presented a version of the Hazard Prediction test which was successful at
discriminating experienced and novice drivers. The Hazard Prediction test has benefits
over other methods of measuring driver awareness, as it probes the advanced states of
situational awareness of projection (the ability to predict what happens next in a given
scenario). This is useful for measuring a driver’s overall continual awareness of a road
scene, rather than using response time measures. This version of the Hazard Prediction
test was used in Chapters 5 and 6 to measure situational awareness and address RQ2 and
RQ3 of the thesis (section 1.3).
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Chapter 5

Evaluating the Effects of Heads-Up
versus Heads-Down Displays for

Non-Driving Activity on Driver Hazard

Prediction

Figure 5.1: Examples of the Augmented Reality cues from Experiment 3 (left - gem popping game
presented in AR in front of road environment) and Experiment 4 (right - keypad task).

This chapter presents two experiments comparing driver performance on a hazard pre-
diction while performing a distracting task presented as either a heads-up display or a
heads-down display. The results show that a heads-up presentation by itself does not aid
hazard prediction. Including an attentional cue as part of the heads-up display aided situ-
ational awareness over a heads-down presentation, but this was dependant on the workload
demands of the NDRT. The results address RQ1 and RQ2 of the overall thesis, as well as
providing novel insights for designers of in-car systems about how to present NDRTs to

aid driver situational awareness in partially automated vehicles.
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5.1 General Introduction

When a vehicle is in autonomous mode, the driver can engage in Non-Driving Related
Tasks - (NDRTS), such as reading, playing games or using a smartphone. Taking away the
responsibility for driving and freeing up time for NDRTS is one of the main motivations
for purchasing an Automated Vehicle - (AV) (Le Vine et al., 2015; Panagiotopoulos and
Dimitrakopoulos, 2018). However, current automated vehicles still require driver supervi-
sion as a failsafe; the driver must be ready to take over if the vehicle can no longer drive
itself in case a Take-Over Request (TOR) is issued. Prolonged supervision is not a task
that humans are predisposed to (Bainbridge, 1983), and studies have shown how fatigue
and low mental workload are present at higher automation levels (Figalova et al., 2023).
The current assumption is that a timely alert for a TOR is sufficient for drivers to change
their role from a passive supervisor to an active controller. Previous research has shown
that if drivers are not fully situationally aware of the road, their judgement is impeded
(Endsley and Kiris, 1995; Morales-Alvarez et al., 2020). Furthermore, it takes time for
awareness to be acquired, which may not be available in the case of an urgent TOR (Gold
et al., 2016). The lack of motivation to maintain vigilance during an automated drive,
paired with a TOR which may not provide adequate information for the driver to make a

decision, has dangerous implications for road safety.

Engagement with NDRTSs can help reduce fatigue and benefit attention during prolonged
supervision (McKerral et al., 2023), but little research has investigated the situational
awareness state of the driver supervising an AR whilst engaged with an NDRT. Having
awareness of the vehicle and its environment are key for a successful TOR (Morales-
Alvarez et al., 2020), which is reduced if the driver is engaged with an NDRT (Janssen
et al., 2019). The challenge is how to keep drivers situationally aware of their driving

environment without sacrificing the benefits of automation.

Augmented Reality - (AR), where virtual objects are superimposed onto the real world
(Azuma, 1997), has been suggested as one solution to keeping drivers in the loop through
an AR Heads-Up Display - (HUD); displaying virtual content at eye level with the road
(Riegler et al., 2019a). Compared to a Heads-Down Display - (HDD), an AR HUD allows
the driver to interact with non-driving related content overlaid on top of the view out of
the front of the car, potentially allowing them to monitor the road and be ready if a TOR
occurs. Much research has demonstrated the benefits of HUDs on driver performance
(Crawford and Neal, 2006; Liu and Wen, 2004a). However, few have investigated how
interacting with an NDRT through a HUD impacts the underlying perception of the

driving situation and road hazards, necessary for an effective TOR.
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Many studies demonstrate the ‘Look But Fail To See’ phenomenon, where humans per-
ceive but fail to adequately process information presented to them (Simons and Chabris,
1999; Hills, 1980; Wolfe et al., 2022). This also affects the perception of a driving scene,
including drivers failing to see pedestrians, cyclists and motorcycles despite fixating on
them (Crundall et al., 2012; Kaya et al., 2021; Beanland et al., 2014). This is key for as-
certaining if drivers can maintain situational awareness whilst engaged with an NDRT in
an AV context. Just because a driver fixates on a hazard does not mean they are attending
to it. AR is a potentially useful method of presentation for these NDRTs, but it is still
unclear whether the heads-up view would facilitate situational awareness or allow them
to perform the NDRT effectively. Previous work highlights how including driving-related
cues in an informational AR HUD can aid driver situational awareness (Rusch et al., 2013;
de Oliveira Faria et al., 2021). If displaying NDRTs in an AR HUD by itself does not aid
situational awareness, could including an additional attentional cue combat the ‘Look But
Fail To See’ effect?

This chapter presents two experiments which investigate how the Situational Awareness -
(SA) of drivers is affected by engaging with an NDRT. Presentation method for NDRTs
was compared between AR HUDs (both with and without an attentional cue) and both
AR and traditional HDDs (the current format used for vehicle info-tainment displays), as
well as to a Control condition where participants only focused on the driving task. The
ability to predict hazards (a key component of SA), confidence and subjective attention
were measured, as well as perceived workload and performance on the NDRT. Results
showed that participants were able to maintain some awareness whilst engaged with an
NDRT in all presentation conditions, but always worse than when solely watching the
road. Including an attentional cue in the AR HUD increased awareness compared to the
HDD condition, but only when the NDRT was less demanding. This suggests that current
heads-down presentations of in-car NDRTSs are not suitable for keeping drivers situationally
aware of their environment. New presentation methods for NDRTs are necessary to aid
driver awareness of the road. This chapter discusses the implications of this and how future
in-car displays should be designed to facilitate driver awareness as well as the suitability

of AR as a presentation method.
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5.2 Related Work

Driver attention in automated vehicles

Driving is a complex cognitive task which requires quick appraisal and decision-making
skills to take safe and appropriate actions. Many factors must be taken into account to
inform these decisions, which can only be done when drivers are fully aware of the driving
environment (Walker et al., 2009). The advent of more sophisticated AVs allows drivers
to hand over control of driving tasks, such as speed control, lane discipline and hazard
perception, to the vehicle. This changes the role of the human driver to more of that of a
passenger, and allows them to engage with NDRTS safely (McGill et al., 2017; Kun et al.,
2018).

It has been shown that driver ability to maintain supervision of automated tasks is lim-
ited (Head and Helton, 2014). However, Level 3 AVs currently available to consumers still
require a human operator to maintain vehicle supervision as a fail-safe (Society of Auto-
motive Engineers, 2018). To alleviate this, AVs employ alerts to indicate when the driver
should take control of the vehicle, known as a Takeover Request (TOR). A significant
amount of work has been invested in researching and designing TORs that can effectively
alert the driver (Peck et al., 2015; Politis et al., 2014b, 2017; Salubre and Nathan-Roberts,
2021). However, being alerted to a hazardous event is different to appraising it. Failure to
perceive hazards reveals a fundamental failure in what Endsley (1995a) describes as hav-
ing ‘Situational Awareness’ (Endsley, 1995a): the ability to 1) perceive the environment,
2) comprehend what is occurring and then 3) predict what might be about to happen
based on prior knowledge. If a driver does not perceive a motorcycle or pedestrian, they
will not be able to predict their actions, much less act safely should they be required to.
Further to this, if drivers struggle to maintain situational awareness whilst fully in control
of a vehicle, this is worsened when supervising an AV where there is no requirement or
motivation to be engaged in the driving task (Endsley and Kiris, 1995; Pipkorn et al.,
2022; Endsley, 2019). Studies investigating sustained attention on automated processes
indicate a marked drop in cognitive performance as the time spent monitoring increases
(Head and Helton, 2014; Esterman and Rothlein, 2019), which suggests that drivers are

likely to neglect these important supervision tasks.

Driver gaze behaviour in automated vehicles

Driver’s eye movements have long been used to estimate attention on the road (Underwood
et al., 2003; Crundall and Underwood, 2011) and the relationship between fixation patterns

and driver attention is a well-established finding (see Arias-Portela et al. (2024) for review).
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However, fixation patterns between drivers of manual vehicles differ to those supervising in
an automated vehicle. Mackenzie and Harris (2015) found that driver’s eye patterns differ
between passively watching a drive and actively controlling a vehicle, with fixations located
closer to the front of the vehicle during an active drive and greater horizontal scanning in a
passive drive. Subsequent research corroborated these findings and suggested that drivers
supervising an AV exhibit more 'Lookahead’ fixations (Mole et al., 2021) further down
the road to anticipate whether they should need to take back control. More broadly, eye
movement distributions have been found to be distinct between manual and automated
driving (Tang and Guo, 2019) and can used to predict a driver’s reaction time (Wu et al.,
2021), with larger saccades associated with faster reactions to an alert. Drivers can even
be classified as low or high risk, depending on their gaze behaviour (Zeeb et al., 2015).
These studies indicate that eye movements are a useful measure for determining how aware
of the road a driver is. As such, it is the basis for some driver monitoring systems used to
evaluate whether a driver is paying attention to the road or not (Vicente et al., 2015), as
there are notable differences between a distracted driver’s eye movements and one focusing
on the road (Sodhi et al., 2002; Le et al., 2020).

However, the purpose of automated driving is to allow the driver to engage in other
non-driving-related activities. This typically necessitates them to take their eyes off the
road to engage with an NDRT, which has typically been shown to be detrimental to
driving performance (Oviedo-Trespalacios et al., 2016; Yannis et al., 2014), and therefore
safety. Previous research looking at the effect of mobile phones found that having a
conversation impaired recognition of stimuli presented at fixation (Strayer et al., 2003),
and disruption occurs even during hands free interaction (Desmet and Diependaele, 2019).
Merat et al. (2014) found that road-relevant eye movements are disrupted by an unforeseen
takeover request and could take up to 40 seconds to recover. Combined with the fact that
engagement within a demanding NDRT leads to longer reaction times to a takeover request
(Wintersberger et al., 2018b; Miiller et al., 2021), it is important to evaluate whether a
driver supervising an AV is able to regain full attention of the road after engaging with a
distracting NDRT.

Keeping drivers in the loop

One suggestion for providing information to the driver is to use a HUD, where information
is presented at the driver’s eye level. Following research demonstrating their benefits in the
aviation industry (Ingman, 2005), HUDs are now appearing in cars. They provide easier
access to relevant information compared to a traditional HDD presented via an instrument

cluster or a centre console, which require drivers to take their eyes off the road.
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Previous work exploring HUDs in cars suggests that driving performance was less impaired
and preferred over traditional cockpit displays (Medenica et al., 2011; Smith et al., 2015;
Jose et al., 2016). The use of HUDs as a driver awareness aid, e.g., a crash warning
system, has been shown to help reduce mental workload (Schomig et al., 2018), reduce
reaction times in manual driving (Kim et al., 2013; Wintersberger et al., 2018b) and
improve performance on both high and low demand NDRTs (Li et al., 2020) in manual
driving. However, current HUDs are limited to small, unintrusive displays showing static
information such as speed or navigational aids. There are important considerations for
designing HUDs to display more content to drivers in a way that is not distracting from the
driving task. In particular, factors such as the visual complexity of the driving scene and
mental workload affect a driver’s eye movements and visual scanning patterns (Crundall
and Underwood, 1998; Kapitaniak et al., 2015). A busy and attention-capturing HUD is
more likely to distract attention than assist awareness of the road (Lee et al., 2020; Kim and
Gabbard, 2022), yet there is a lot of information that drivers need to be kept informed
of, especially if supervising an AV. A balance needs to be struck between presenting
information to the driver that keeps their eyes on the road, but is not so overloading that

it intrudes on the driving task.

Using Augmented Reality to display information to drivers

Augmented Reality - (AR), where virtual images are superimposed onto the real world
(Azuma, 1997) has become a popular means of displaying information to drivers. An AR
HUD is distinguished from a conventional HUD as it allows more detailed information
to be displayed in a dynamic fashion, such as highlighting specific objects on the road
(Gabbard et al., 2014; Karatas et al., 2020; Riegler et al., 2019a). AR HUDs with more
dynamic visual cues have also been shown to aid driving performance. Jing et al. (2022)
found that AR HUDs were able to reduce distraction when focusing on dangerous driving
scenarios, and Bark et al. (2014) showed that a navigational AR HUD aided turn decisions.
Lindemann et al. (2018) found that an AR HUD showing a variety of driving-related
information such as threat markers and oncoming traffic indicators improved situational
awareness of drivers. This finding was echoed by Karatas et al. (2020) who showed that an
AR HUD highlighting hazards led to quicker recognition compared to a traditional HUD.
Rusch et al. (2013) showed that specifically directing attention with AR cues increased
detection rates of pedestrians and warning signs. Similarly, Wang et al. (2022b) found
that an AR HUD which did not highlight pedestrians led to reduced rates of recognition,

not evident when the same pedestrian was pointed out to drivers.
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Nachiappan et al. (2021) found that, despite perceptions of increased workload, a let-
ter recognition NDRT presented via an AR HUD increased driving performance during
monotonous manual drives; though this came with increased attention to the AR HUD
and not the road. In an AV context, de Oliveira Faria et al. (2021) found that AR cues
helped improve driver behaviour after a TOR and reduced driver-initiated TORs. This
research suggests that a HUD presentation benefits driver attention by keeping their eyes
on the road and reducing the time it takes for them to react to any dangers on the road.
To further enhance the chance of a driver noticing dangers on the road, AR can be used to
dynamically highlight objects in the road scene. Cueing in AR headsets has been shown
to benefit target detection (Yeh and Wickens, 1999), visual search at a distance (War-
den et al., 2022) and a virtual-navigation task (Stefanucci et al., 2022). In-car AR also
has shown benefits, where highlighting pedestrians or other road targets through an AR
HUD appears to successfully draw driver attention (Kim and Gabbard, 2022; Rusch et al.,
2013; Karatas et al., 2020; Wang et al., 2017b), although this can come at the expense of
distracting drivers from other road objects (Wang et al., 2022b).

Does Fixation mean Attention?

However, the evidence supporting the use of AR HUDs typically evaluates displaying
driving-related information to drivers of automated vehicles is beneficial for their aware-
ness. These studies typically measure driver performance when supervising the driving
task in a L1 or L2 setting. The case is not so clear when presenting an intentionally
distracting NDRT that draws attention away from the road. This is the likely applica-
tion of AR HUDs in AVs (Schroeter et al., 2014; Gabbard et al., 2019; Li et al., 2020),
incorporating NDRTs into AR displays to encourage attention to important aspects of
the road (Schroeter and Steinberger, 2016; Schroeter et al., 2014). This concept has been
demonstrated for passengers (Togwell et al., 2022; McGill et al., 2017), and Muguro et al.
(2021) found that interacting with a gamified AR HUD reduced reaction time to popup
traffic events. Steinberger et al. (2017) also found that a gamified coasting challenge in AR
was shown to reduce boredom on long simulated drives. This previous work indicates that
AR HUDs could be beneficial in providing information to drivers to improve both their
driving ability and their SA. Once again however, these studies all present driving-related
information to assist driver attention and their awareness of the road. A meta-review
by Niu et al. (2024) highlights how warnings presented in a HUD decrease reaction time
compared to HDDs. They note, however, that few studies investigate the specific use of
AR HUDs and their potential benefits, in particular the uncertainty around how reaction

to warnings and hazards are affected by engagement with an NDRT.
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Despite this, the UK & Scottish Law commission state in a joint report that NDRTs are
permissible in AVs if they "do not prevent the driver from responding to demands from the
automated driving system” The resolution states that the user should be “ready and able
to take control” and "maintains the capabilities necessary to fulfil their respective duties.”
(UK and Scottish Law Commissions, 2020). It is unclear whether engaging with an NDRT

when supervising an AV affects a driver’s ability to maintain awareness of the road.

Li et al. (2020) demonstrated that presenting an NDRT in a HUD versus a mobile phone
does help drivers keep their gaze on the road ahead. However, this relies on the assumption
that fixating on an object leads to greater processing. While typically true for undistracted
viewing (Velichkovsky et al., 2000), this is not always the case when the person fixating
is distracted by another task. Simons and Chabris (1999) famously demonstrated this
effect of "inattentional blindness”, when participants asked to attend to basketball players
in white shirts and ignore those in black shirts failed to perceive a person in a gorilla
costume walk across the scene. Follow-up eye tracking research found that fixation was
not a predictor of recognition (Pappas et al., 2005; Memmert, 2006; Gelderblom and
Menge, 2018), with participants who ’saw’ the gorilla not noticing its presence when asked
about it. Similar research has found comparable effects with participants not recalling
information on advertisement banners (Gelderblom and Menge, 2018; Resnick and Albert,
2014), expert radiologists missing a gorilla image superimposed on a lung CT scan (Drew
et al., 2013), and participants not noticing a sudden image of a spider appearing during
a visual discrimination task (Wiemer et al., 2013). The effect persists even when stimuli
are primed beforehand (Oktay and Cangoz, 2018). This is despite the fact that, in all of

these studies, participants were shown to actually be fixating on the target stimuli.

Taken into an automated driving context, this has some serious implications for the safety
of using a HUD to display non-driving content. A driver distracted by an NDRT is asked to
take back control of an AV. If this NDRT is presented at eye-level in a HUD, are they able
to maintain awareness of the road throughout and seamlessly take control of the vehicle
safely? Alternatively, does the distracting nature of an NDRT mean that, despite fixating
on the road, a HUD presentation provides no benefit and our driver finds themselves thrust
into a dangerous situation with little or no preparation, suddenly in control of the vehicle?
It is not enough to simply measure the gaze behaviour of a distracted driver; it is also
important to include a measure of their situational awareness and understanding of the

road scene.
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Eye-tracking in AR

Traditional eye tracking measures focus on viewing the screen with 2D-presented content.
Taking it into the real world with portable eye tracking glasses still only provides a 2D
canvas with x,y coordinates of what a person is viewing. With the advent of more sophisti-
cated AR and VR headsets, it is possible to collect eye tracking from participants viewing
content in a 3-dimensional environment. Kapp et al. (2021) put forward their Augmented
Reality Eye Tracking Toolkit - (ARETT) which allows eye tracking data to be collected in
Microsoft’s HoloLens 2 AR headset. This allows the implementation of eye-tracking into
a Unity scene and the collection of eye-tracking data in a 3D environment. By setting up
an AR environment with Areas of Interest - (AOIs) defined in 3D space, ARETT (Kapp
et al., 2021) allows the collection of eye movement data in a full 3D environment. In the
context of presenting NDRTs via an AR HUD, this allows the measurement of whether a
driver is fixating on the road scene in the distance, or the AR display which is presented
in the near focus. In a 2D analysis, a driver’s fixation may land square on a hazard, but
they are actually focused on the display which has been overlaid on top of it. If AR HUDs
are to be used for presenting any information to drivers of automated vehicles, it is useful

to measure whether a driver’s fixations are actually on the road environment.

Summary and Research Questions

Whilst previous studies have established the benefits of presenting information to drivers
via an AR HUD, the effect of presenting an NDRT in this way on situational awareness
is still not clear. Questions remain over whether presenting an NDRT in a HUD benefits
situational awareness, or serves as a distraction from the driving task, as demonstrated
by the Look But Fail To See phenomenon. The experiments presented here measure
performance on a hazard prediction task compared between different NDRT presentation
methods of an eye-tracking task (Experiment 3) and a keypad input task (Experiment 4).

This chapter sets out to address the following research questions:

e Ch5 RQ1 Can drivers maintain situational awareness when they are engaged with
a NDRT?

e Ch5 RQ2 Does presenting a NDRT via a HUD have benefits for situational aware-

ness over a traditional HDD?

e Ch5 RQ3 Does including attentional cues to direct attention to the road in the

design of the NDRT aid situational awareness?
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5.3 Experiment 3

Comparing the effects of AR HUD vs HDD presentations of an
NDRT on Hazard Prediction Ability

An experiment was conducted to compare driver situational awareness, as measured
through their Hazard Prediction ability, whilst engaged with an NDRT presented either
via a HUD or a HDD. The experimental design was approved through the College of Sci-
ence and Engineering Research Ethics committee (Application number #00220199). The

following section reports the methods, procedure and results from this experiment.

Design

The experiment was designed to measure how Hazard Prediction ability was affected
by performing an NDRT across different presentation methods. A repeated measures
experimental design was employed, with Hazard Prediction score and subjective confidence

rating as dependent variables. The independent variable was Presentation Method with
five levels: Baseline (no NDRT), AR HUD, Cued AR HUD, AR HDD and Tablet HDD.

The Hazard Prediction test scores were used to answer RQ1. If scores were above the
chance level of 25%, this indicated that the participants were able to predict what hap-
pened next in the video clips and supposedly would be able to take over control of an AV
safely. Differences in the scores between each of the presentation methods would answer
RQ2. If scores in the HUD conditions are higher than in the HDD which takes atten-
tion down off the road, it suggests that this eyes-on-road presentation method provides
some benefit to situational awareness. To answer RQQ3 and measure a lack of awareness
caused by the 'Look But Fail To See effect, an AR HUD condition which used a specific
attentional cue to direct attention towards the hazard was included. This was to evaluate
whether an AR HUD by itself is beneficial for situational awareness or if it requires specific
design considerations to do so. Feedback about how demanding each of the presentation
conditions were and how confident participants felt in their answers provided insight into

the workload caused by engaging with an NDRT for each presentation method.

Participants

A power analysis was conducted using the pwr package (Champely et al., 2016) in R
Studio, which determined that for a moderate effect size of 0.8, 22 participants were
required for the repeated measures design. Twenty four participants (Mean Age = 33.1
years, SD = 9.4, 11 Female) were recruited via online forums and around the University

of Glasgow Computer Science and Psychology departments.
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All had normal or corrected to normal eyesight and had held a driving licence for at least
2 years. Since previous research has shown the Hazard Prediction test to be culturally
agnostic (Ventsislavova et al., 2019), recruitment was not limited to drivers from the
UK (10 UK, 2 Germany, 2 Greece, 1 Denmark, 1 France, 1 Italy, 1 Taiwan, 1 Spain,
1 Philippines, 1 Malaysia, 1 Indonesia, 1 Bulgaria and 1 held licenses from both Saudi
Arabia & New Zealand).

The average total driving experience was 13.7 years (min = 2, maxr = 41, SD = 8.04),
and the average UK driving experience for non-UK license holders was 2.04 years (min
= 0, max = 6, SD = 2.04). Eighteen people reported they had experience of driving in
the Glasgow area where hazard clips were filmed, with an average of 3.7 years (min = 0,
mazx = 26, SD = 6.16). Nine reported having used an AR headset before, seven reported
using mobile AR and six reported never having used AR. One participant reported never

having heard of AR.

Materials

Hazard Prediction Test

The Hazard Prediction test (What Happens Next? - WHN) as set out in Chapter 4 was
used as a measure of SA. Participants were presented with the 40 hazard clips whilst
sitting in a driving simulator. Since it was not possible to capture unobstructed footage
from the side windows of the vehicle, the side monitors were turned off to avoid distracting
participants and only the forward view out of the windscreen was presented, akin to the
current version of the Hazard Perception test (Driving and Vehicle Standards Agency,
2023). The experiment was built using PsychoPy v2021.2.3 (Peirce et al., 2019) and
displayed on a Samsung LC32R500FHRXXU 32in curved monitor approximately 1m from
their face. A multiple choice list of 4 potential scenarios was presented, where they selected

one using a button on a Logitech G29 steering wheel (see Figure 5.2).

Design of the NDRTs

Four presentation conditions were designed to display the NDRTs: AR HUD, Cued AR
HUD, AR HDD and Tablet HDD. The AR tasks were developed in Unity (version 20203.26f1)
using the Mixed Reality Toolkit (MRTK - version 2.7.2) and were presented using the
HoloLens 2 Augmented Reality headset. Guidelines for placing and displaying Mixed Re-
ality content from Microsoft (2023) were followed for the placement, size and opacity of
images, where it did not interfere with the design of the experiment. Images were dis-
played at the same distance from the user as the real life screen in order to reduce potential

discomfort caused by shifting focus between near and far objects.
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Figure 5.2: Experimental setup, with a) the What Happens Next - (WHN) Hazard Prediction task on the
centre screen and the Tablet displaying the NDRT mounted on the simulator rig, with representations of
the b) AR HUD c) Cued AR HUD d) AR HDD and e) Tablet HDD conditions.
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The same AR game presented in Chapter 3 was used, with a design similar to that used
by Radlmayr et al. (2018) and gamified features added, such as a visible score count.
Coloured gems would appear in the 3D space in front of the monitor displayed at random
intervals. Participants were asked to ‘pop’ all the gems they could as quickly as possible
by looking at them. The gems lasted for between 1.5 and 2 seconds, and participants
received a point for each gem they popped. Performance was measured by counting the
number of gems popped compared to the number of gems spawned to get their accuracy
level. The gems stopped spawning when the Hazard Prediction prompt appeared. An eye-
tracking task was selected as it did not require the hands, which could rest on the steering
wheel and allowed the hazard clips to be easily visible. This task was world-locked to the
monitor to emulate a windscreen display. For the AR HUD condition, the gems appeared
randomly in front of the screen. This condition was included to measure whether a HUD
presentation would provide any benefit over a HDD. In the Cued AR HUD condition,
a red gem would appear as an attentional cue in the area below where the hazard on
the screen would appear 4 seconds before its onset, based on findings of average takeover
request times from Eriksson and Stanton (2017). This condition was used to examine the
effect of the Look-but-Fail-to-See phenomenon, comparing performance with the AR HUD

conditions.

In the AR HDD condition, the same game task as described above was displayed down
below the level of the screen to bring participant’s attention away from the road. They used
mid-air touch gestures, rather than gaze tracking, detected by the HoloLens 2, to interact
with the gems and score points. This was designed to emulate interacting with a central
console that is currently being suggested for NDRTs, but still within the AR domain.
A Samsung Galaxy tablet was mounted onto the driving simulator for the Tablet HDD
condition (see Figure 5.2). This tablet condition was chosen to represent the type of NDRT
drivers are likely to engage with, as well as what is currently legal in the UK. The mobile
game Bejeweled (Electronic Arts Games, 2021) was presented, which requires players to
align gems into a row of three to clear the board and gain points. Whilst the demand of
this task and the input methods are different from the AR NDRTSs, it was included as a
realistic alternative to the other NDRT conditions. Though specific comparisons between
this task and the others cannot be made, it provides a broad indication of the differences
between an AR NDRT and the touchscreen based one that are currently available in cars,
such as recent Tesla models (Tesla, 2023) and BMWs iDrive (Hawkins, 2021).
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Dependent variable Scale Timepoint
Hazard Prediction scores Correct / Incorrect After each clip
Confidence rating 0-100 scale After each clip
Subjective Attention rating 0-100 scale End of Block
NASA TLX 6 item 0-100 End of Block
SSQ 18 item 0-3 End of Block
NDRT Performance Proportion of gems hit End of Block

Table 5.1: Dependent variables measured and what timepoint in the experiment they were collected. The
total correct scores of the 8 Hazard Prediction clips per condition, as well as the average of each of the
other measures between each condition were compared.

Procedure

After consenting to take part, participants provided demographic and driving experience
information via the online questionnaire platform Qualtrics. They were then shown an
example WHN clip to practice giving their responses, as well as given a practice interaction
with the headset. Participants saw the 40 WHN clips in 5 blocks (one for each presentation
condition and with 8 WHN clips making up one block). First, they performed the Hazard
Perception task without any NDRT as a baseline, and then proceeded through the four
counterbalanced NDRT task conditions with 24 iterations, meaning no two participants
had the same order of NDRT task condition. After watching each clip, participants were
asked to predict what happens next from the list of multiple-choice answers. They were
also asked to rate their confidence in their answer on a 0-100 scale. The NASA Task
Load Index - (TLX) (Hart and Staveland, 1988) was administered via Qualtrics after
each condition to assess perceived workload. Finally, participants were asked to rate their
attention to the driving task on a 0-100 scale at the end of each condition (see Table 5.1
for a list of measures and Figure 5.3 for a diagram of the procedure). The experiment
took around 60 minutes to complete. On top of the £10 compensation for taking part,
participants were told they could win an extra £5 reward if they performed the best in
both the NDRT and the WHN task out of all other participants, to incentivise attention

and performance on both tasks.

80



5.4. Experiment 3 Results

Pre-Study Procedure

Demographics & Practice Hazard Familiarisation
Consent Form Prediction Clip with AR Headset

Study Procedure

‘ Baseline H Block 1 H Block 2 H Block 3 H Block 4

Block Procedure

H Predicti .
r azardcﬁr:dnctnon id WHN Response 4 Confidence Rating

Repeal & mes for each Block

Baseline condition presented first, then each NDRT presentation condition in a counterbalanced order
(AR HUD, Cued AR HUD, AR HDD, Tablet HDD)

Figure 5.3: Flowchart showing the procedure of Experiment 3.

5.4 Experiment 3 Results

The results were analysed using R Studio (2022.07.01, Build 554) using the lme4 (Bates
et al., 2015), lmerTest (Kuznetsova et al., 2017) and report (Makowski et al., 2023) R
packages. Given the hierarchical nature of the data from the repeated measures design,
Generalised Linear Mixed Effects - (GLME) models were fitted to the data for Hazard
Prediction score and Confidence ratings, estimated using Maximum Likelihood - (ML) and
the bobyqa optimizer. Confidence Intervals - (CI) of 95% and p-values were computed
using a Wald t-distribution approximation. Mixed design Analysis of Variance - (ANOVA)
tests were conducted on the Subjective Attention ratings and NDRT Performance scores

as these were not nested data and so a mixed-effects model was not deemed suitable.

This section contains analyses for the AR NDRTs conditions for Hazard Prediction perfor-
mance, confidence, attention and NASA TLX ratings. Due to differences in task scoring
and interaction method, NDRT performance in the Tablet HDD condition cannot be di-
rectly compared to the other NDRT conditions. However, as it was meant to act as a
real-world comparison to the types of NDRT which are currently legal for automated

driving in the UK, it was included in the analyses.
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Hazard Prediction scores

Models were fitted estimating the fixed effect of holding a UK license, number of years of
driving experience, driving experience in the UK, and local Glasgow driving experience
on Hazard Prediction scores. However, following a backward step wise model selection
approach where variables are systematically removed from models and their fits compared,
none of these models were found to provide significantly greater explanation of the variance
compared to the models presented below. Models containing sequentially less significant
variables were compared and removed until arriving at the simplest model following the
’keeping it maximal’ approach suggested by Barr et al. (2013). As such, all participants
were analysed together, regardless of what country they received their driving license from
or their driving experience. Average scores for the Hazard Prediction task for each of the
5 Presentation Method conditions (Baseline, AR HUD, Cued AR HUD, AR HDD and
Tablet HDD) were compared (see Table 5.2).

A GLME model was fitted to predict the main effects of Presentation Method including

hazard clip as a random intercept for each group with the formula:

Hazard Prediction Score;; = 3y 4 81 - Condition;; + ug; + eijl

This model was found to explain significantly greater variance than a null model with
Condition fitted as a random effect as well as participant (Null Model AIC = 1214.1, BIC
= 1228.6; Mized Effects Model AIC = 1181.2,BIC = 1215.8;p < .001). The model’s total
explanatory power was moderate (conditional R? = 0.22). Within this model, the average
Hazard Prediction score for the AR HUD (Est. = -0.98, 95% CI [-1.47, -0.50], p < .001),
Cued AR HUD (Est. = -0.65, 95% CI [-1.15, -0.15], p = .011), AR HDD (Est. = -1.22,
95% CI [-1.71, -0.75], p < .001) and Tablet HDD (Est. = -1.87, 95% CI [-1.85, -0.88],
p < .001) conditions were significantly lower than Baseline scores (see Figure 5.4). After
refactoring the model to use Cued AR HUD as the intercept, the scores in the AR HDD
(Est. = -0.57, 95% CI [-1.02, -0.12], p = .012), and Tablet HDD (Est = -0.72, 95% CI
[-1.17, -0.27], p = .002) were found to be significantly lower than the Cued AR HUD
condition. However, the scores in the AR HUD condition were not significantly different
from the Cued AR HUD condition. Refactoring the model with the AR HUD or AR HDD
conditions as intercepts produced no significant differences not already accounted for in

the models above (see Table 5.3 for a full list of model comparisons).

L. Hazard Prediction Score;; is the response variable for the i-th observation in the j-th group. - By is
the fixed intercept. - £, is the fixed effect coefficient for the Condition variable. - Condition,; is the value
of the Condition variable for the i-th observation in the j-th group. - ug; is the random intercept for the
i-th group. - e;; represents the residual error term for the ¢-th observation in the j-th group. The fixed
effects are denoted by [ coefficients, and the random effects are represented by u terms.
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Condition Prediction Score (P) Std Err Lower CI Upper CI
Baseline 0.82 0.032 0.752 0.879
AR HUD 0.64 0.045 0.545 0.719
Cued AR HUD 0.71 0.041 0.623 0.784
AR HDD 0.58 0.047 0.487 0.668
Tablet HDD 0.54 0.047 0.45 0.634

Table 5.2: Summary statistics for the average probability of a correct Hazard Prediction score for each
Presentation method in Experiment 3, as well as the standard error and both lower and upper confidence
intervals as reported from the mixed effects model.

Hazard Prediction Baseline AR HUD Cued AR HUD AR HDD Tablet HDD

Model Tntercept Bt SE Sig. | Bst. SE Sig. st SE Sig. st SE Sie. Bst. SE Siz
Bascline 5 022 099 02 p <.000%*F | 065 02  p-0.00LF 122 025  p <0019 | 137 023 p <.001%%
AR HUD 0.56 02 034 023 p-—.142 023 022 p-.29 038 022 p-.08
Cued AR HUD 0.9 0.2 057 023 p=.012% 072 023 p=.002%*
AR HDD 03 0.19 015 022 p-.d9
Tablet HDD 0.17 0.19

Table 5.3: Model estimates, Standard Error (SE) and p values obtained through Wald’s approximation for
each of the GLME models for each of the 4 Presentation Methods and Baseline Hazard Prediction scores.
Each row corresponds to a model with the named presentation condition as the intercept, the column
representing each of the other presentation conditions compared to the intercept. Repeat comparisons are
omitted for clarity, but represent the inverse of the estimate presented.

Confidence Ratings

Average scores for the Confidence rating for Hazard Prediction responses in each of the
4 NDRT Presentation Methods (AR HUD, Cued AR HUD, AR HDD and Tablet HDD)
were compared to baseline ratings (see Table 5.4). A GLME model was fitted to predict
the main effects of Condition including participant and hazard clip as random effects, with

the formula:

Confidence Rating;; = Bo + B1 - Condition;; + ug; + u1j + eijQ

The model’s total explanatory power was moderate (conditional R? = 0.22) and was found
to explain significantly greater variance than a null model with Condition, Hazard clip and
participant fitted as random effects (Null Model AIC = 1200.6, BIC = 1215.2; Main Model
AIC = 1131.7, BIC = 1165.7; p < .001). Within this model, the score for the AR HUD
(Est. = -1.13, 95% CI [-1.65, -0.61], p < .001), Cued AR HUD (Est. = -0.59, 95% CI
[-1.13, -0.05], p = .031), AR HDD (Est. = -1.86, 95% CI [-2.38, -1.85], p < .001) and

2- Confidence Rating,; is the response variable for the i-th observation for the j-th participant. - 5y is
the fixed intercept. - §; is the fixed effect coefficient for the Condition variable. - Condition;; is the value
of the Condition variable for the i-th observation for the j-th participant. - wg; is the random intercept
for the i-th participant, drawn from a normal distribution with mean zero and some participant-specific
variance. - ui; is the random intercept for the j-th Hazard Clip, drawn from a normal distribution with
mean zero and some Hazard Clip-specific variance. - e;; represents the residual error term for the i-th
observation for the j-th participant. The fixed effects are denoted by S coeflicients, and the random effects
are represented by wu terms.
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Tablet HDD (Est. = -1.64, 95% CI [-2.15, -1.12], p < .001) conditions were significantly
lower than Baseline confidence ratings. After refactoring the model to use Cued AR HUD
as the intercept, confidence ratings in the AR HUD (Est. = -0.53, 95% CI [-1.01, -0.06],
p = .027), AR HDD (Est. = -1.27, 95% CI [-1.74, -0.80] p < .001), and Tablet HDD
(Est. = -1.04,95% CI [-1.51, -0.57] p < .001) conditions were significantly lower than the
Cued AR HUD condition. Refactoring with AR HUD as the intercept, confidence ratings
in the AR HDD (Est. = -1.27, 95% CI [-1.74, -0.80], p < .001) and the Tablet HDD
((Est. = -1.04, 95% CI [-1.51, -0.57], p < .001) were significantly lower than the AR
HUD condition. There were no significant differences between confidence ratings for the
AR HDD and the Tablet HDD conditions (see Table 5.5).

Condition Confidence Rating Std Err Lower CI Upper CI
Baseline 0.86 0.029 0.799 0.914
AR HUD 0.68 0.045 0.583 0.76
Cued AR HUD 0.78 0.038 0.698 0.847
AR HDD 0.5 0.05 0.405 0.599
Tablet HDD 0.565 0.05 0.46 0.652

Table 5.4: Summary statistics for the average confidence rating for each Presentation method in Experi-
ment 3, as well as the standard error and both lower and upper confidence intervals as reported from the
mixed effects model.

Comparison
Baseline AR HUD Cued AR HUD AR HDD Tablet HDD
Estimate SE Sig. Estimate SE Sig. Estimate SE Sig. Estimate SE Sig. Estimate SE Sig.
1.87 (SE = 0.25) -1.12 (SE = 0.27) p <001 -0.59 (SE = 0.28) P 031% -1.86 (SE = 0.26) p <.001F% -1.63 (SE = 0.26) p <.001%FF
0.74 (SE — 0.21) 0.53 (SE — 0.24) P 027 -0.74 (SE — 0.22) P 001%* -0.51 (SE — 0.22) P 023*

ued AR HUD 1.28 (SE = 0.22) -1.27 (SE = 0.24) p <.001F% -1.04 (SE = 0.24) p <.001%%*
HDD 0.01 (SE = 0.2) 0.23 (SE = 0.24) P 3
Tablet HDD 0.24 (SE = 0.2)

Table 5.5: Model estimates for Confidence ratings, with the Standard Error (SE) and p values obtained
through Wald’s approximation for each of the GLME models for each of the 5 Presentation Methods.
Each row corresponds to a model with the named presentation condition as the intercept, the column
representing each of the other presentation conditions compared to the intercept. Repeat comparisons are
omitted for clarity, but represent the inverse of the estimate presented.

Subjective Attention Ratings

Since the Subjective Attention ratings were only recorded at the end of each condition,
the data were not nested and thus a mixed effects model was not suitable. A mixed design
ANOVA with participant as a random effect found a significant difference between the
Presentation Methods (F (4, 92) = 21.5, p < .001, n* = 0.35). Post hoc analyses with
a Bonferroni adjustment revealed that Attention ratings in all presentation conditions
were significantly lower (p < .001) than Baseline in all conditions. However, none of the

comparisons between conditions were significantly different.
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Figure 5.4: Average scores on the Hazard Prediction task (left) average confidence ratings (top) and
subjective attention ratings (bottom) in each Presentation Method condition for Experiment 3. Each of
the conditions showed a significant decrease in both average score, confidence and subjective attention
ratings in all of the NDRT presentation conditions compared to Baseline.
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Total NASA TLX Scores - Study 1
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Figure 5.5: Raw Total NASA TLX scores for each NDRT presentation condition for Experiment 3.

Perceived Workload

A mixed design ANOVA was conducted on the raw total NASA TLX ratings at each
condition. The Total TLX Score was statistically significantly different across different
conditions (F(2.91, 64.02) =20.59, p < .001, n* = 0.81). Post hoc analyses with a Bon-
ferroni adjustment revealed that the pairwise comparisons between the Baseline condition
ratings and both the AR HDD (p < .001) and the Tablet HDD (p = .004) conditions were
significantly different, but not the AR HUD or Cued AR HUD conditions (see Figure 5.5).
There were also significant differences between the Cued AR HUD condition and both
the AR HDD (p = .002) and the Tablet HDD (p = .03). No other comparisons between
conditions were significantly different however. For full breakdown of NASA TLX scores,

subscales and comparisons (see Appendix C).
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5.4. Experiment 3 Results

Simulator Sickness Scores

Sickness ratings were compared between the 5 timepoints and the baseline rating. A LME
model to predict SSQ ratings across each timepoint. The model included participant as
random effect and its total explanatory power was substantial (conditional R? = 0.7) with

the formula:

Total SSQ Score;; = B + 1 - Timepoint,; + u; + €;;°

This model was compared to a null model with Timepoint and participant fitted as random
effects, and was found to explain a significantly greater proportion of the variation (Null
Model AIC = 1053.7, BIC = 1062.6; SSQ Model AIC = 1044.8, BIC = 1068.6; p = .002).
Within this model, Total SSQ scores at Timepoint 4 were significantly higher than those
at Baseline (Est. = -4.99, 95% CI [-8.93, -1.04], t(136) = -2.50, p = 0.014), Timepoint
1 (Est. =-5.80, 95% CI [-9.24, -1.35], t(136) = -2.66, p = 0.009) and Timepoint 2 (Est
= -4.52, 95% CI [-8.46, -0.57], t(136) = -2.27, p = 0.025). Furthermore, SSQ Scores
at Timepoint 5 were significantly higher than those at Baseline (Est. = -6.52, 95% CI
[-10.47, -2.56], t(136) = -3.26, p = .001), Timepoint 1 (Est. = -6.83, 95% CI [-10.79,
-2.87], t(186) = -3.41, p < .001), Timepoint 2 (Est. = -6.05, 95% CI [-10.01, -2.09),
t(186) = -3.02, p = .003), and Timepoint 3 (Est.= -4.8, 95% CI [-8.76, -0.84], t(156)
= -2.40, p = .018). No other model comparisons produced significant difference (see
Table 5.6 for an abbreviated table, and Table C.3 for the full list of Model comparison for
Total SSQ score).

Total SSQ Scores T4 Th

Model Intercept Est SE Sig Est SE Sig

Baseline 4.987 1.995 p = .014* 6.516 2.001 p = .001**
T1 5.298 1.995 p = .009** 6.828 2.001 p < .001%**
T2 4.519 1.995 p = .025%* 6.049 2.001 p = .003**
T3 3.273 1.995 p = .105 4.802 2.001 p = .018%*
T4 12.311 2.517 - 1.53 2.001 p = .45

Table 5.6: An abbreviated table showing the Model Estimates, Standard Error (SE) and p values obtained
through Wald’s approximation for each of the LME models of Total SSQ scores at each timepoint of the

experiment. Only the Model intercepts with significant differences are included, and the main table can
be found in Table C.3.

38y represents the intercept. 3 is the coefficient for Timepoint . w; is the random effect associated
with participant j, assumed to be normally distributed with mean 0 and variance o2. ¢;; is the residual
error term, assumed to be normally distributed with mean 0 and variance o2

€
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Figure 5.6: Average SSQ rating at each of the 6 timepoints of the experiment. There was a significantly
higher ratings at T4 and T5 of the experiment, which is concordant with previous findings that sickness
symptoms present after 20 minutes in AR (Hughes et al., 2020).

Ratings on each of the three subscales of the SSQ (Nausea, Oculomotor discomfort and
Disorientation) were calculated individually and compared across the 5 conditions. LME
models predicting change in these subscales with timepoint as a fixed effect and participant
as random effect were fitted using the same formula as above. These models were compared
to ones which included Condition as a main and an interaction effect, but these were not
found to explain a significantly greater portion of the variance and so were discarded in
favour of the simpler models. The model comparing SSQ scores on the Nausea subscale
ratings was found not to explain the variance in scores significantly better than a null

model showing no differences.

However, the model comparing Oculomotor subscale ratings (with substantial explanatory
power, conditional R? = 0.69) found that ratings were significantly higher at Timepoint
4 compared to Baseline (Est. = -6.32, 95% CI [-10.88, -1.75], t(136) = -2.7}, p =
.007), Timepoint 1 (Est. = -6.63, 95% CI [-11.20, -2.07], t(136) = -2.87, p = .005) and
Timepoint 2 (Est. = -5.68, 95 CI [-10.25, -1.12], t(136) = -2.46, p = .015). Furthermore,
Oculomotor discomfort ratings were also significantly higher at Timepoint 5 compared to
Baseline (Est. = -8.17, 95% CI [-12.75, -8.59], t(136) = -3.53, p < .001), Timepoint 1
(Est. = -8.48, 95% CI [-15.06, -3.90], t(136) = -3.66, p < .001) Timepoint 2 (Est. =
-7.54, 95% CI [-12.11, -2.96], t(136) = -3.25, p = .001) and Timepoint 3 (Est. = -5.6/,
95% CI [-10.22, -1.06], t(136) = -2.44, p = .016).
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Additionally, a model comparing Disorientation subscale ratings (with substantial explana-
tory power, conditional R? = 0.62) at each timepoint found significant differences between
Timepoint 4 and ratings at Baseline (Est. = -6.38, 95% CI [-11.10, -1.66], t(136) = -2.67,
p = .008), Timepoint 1 (Est. = -5.80, 95% CI [-10.52, -1.08], t(136) = -2.43, p = .016),
and Timepoint 2 (Est. = -5.22, 95% CI [-9.94, -0.50/, t(136) = -2.19, p = .03). Similarly,
significant differences were also found between Timepoint 5 and ratings at Baseline (Fst.
=-6.29, 95% CI [-11.02, -1.55], t(136) = -2.63, p = .010), Timepoint 1 (Est. = -5.71,
95% CI [-10.44, -0.97], t(136) = -2.38, p = .019), and Timepoint 2 (Est. = -5.13, 95%
CI [-9.86, -0.39], t(136) = -2.14, p = .034).

Change in Simulator Sickness Scores

Sickness ratings were then converted to show change over the 6 time points of the exper-
iment i.e., an increase in reported sickness would give a positive value, whilst a decrease
would give a negative one. After converting the scores, a LME model to predict perceived
task sickness score across Block was fitted comparing ratings at each the 5 timepoints to
the previous timepoint. However, there were no significant differences in the change over

time for subsequent ratings.

NDRT Performance

Performance on the AR NDRTs was compared #. This was calculated by taking the number
of gems spawned during the block and counting the overall number of gems popped to get
the proportion of gems that participants hit. The average scores for each condition were
475 % (SD = 16.5) for the AR HUD condition, 50.2% (SD = 16.53) for the Cued AR
HUD condition and 22.2% (SD = 11.2) for the AR HDD condition. A one-way repeated
measures ANOVA was conducted on the task performance measures for only the AR
NDRTs. The proportion of gems popped was statistically significantly different between
conditions (F(1.56) = 80.91, p < .001, n* = 0.42). Post hoc analyses with a Bonferroni
adjustment revealed a significantly higher proportion of gems popped in both the AR
HUD condition (p < .001) and the Cued AR HUD condition (p < .001) compared to the
AR HDD condition.

4Performance on the Tablet HDD was not compared as the task had different requirements and scoring
measure to the AR NDRTs.
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Participant Rankings

In post experiment interviews, participants were asked to rank their preferred condition
for completing the driving task in order of most to least favourite. These were converted
into positional rankings for each user, where most preferred equalled to 5 points and
least preferred equalled to 1 point. The rankings were then summed and weighted by the
number of points each ranking received. The Baseline condition with no non-driving task
was ranked the highest, followed by the Cued AR HUD condition and then the AR HUD
condition. Both the HDD conditions were ranked the lowest, with the AR HDD task being
the least favoured. See Table 5.7 for the full list of rankings.

Condition Ist 2nd 3rd 4th 5th Ranking
Baseline 13 6 3 2 0 102

AR HUD 2 6 13 2 0 7

Cued AR HUD 6 13 5 2 0 99
Tablet HDD 2 1 2 12 7 o1

AR HDD 0 0 0 7 17 31

Table 5.7: Participant rankings of each Presentation Method, with the number of points gained for each
ranking. Weighted rankings were calculated by multiplying the count by the number of points next to each
rank (5 for 1st, 4 for 2nd etc) to show that the Baseline condition was the most preferred by participants.

5.5 Experiment 3 Discussion

Results from this experiment showed that participants were able to maintain situational
awareness of the driving task whilst engaged with an NDRT. Hazard prediction scores in
all conditions were higher than chance, indicating the participants were able to use their
driving experience to correctly predict what happened next in the hazard clips. However,
there was no clear benefit observed when presenting the NDRT via an AR HUD compared
to the HDD conditions, contrary to what previous research into AR HUDs (Lindemann
et al., 2018; Jing et al., 2022) may suggest. This indicates that the distracting nature of
a NDRT hinders drivers’ abilities to monitor the road, regardless of the presentation con-
dition. Only when an attentional cue indicating the location of the hazard was included
in the AR HUD was there any benefit to situational awareness. However, this was still
lower than when participants focused solely on the driving task in the Baseline condi-
tion. Therefore, the presentation of NDRTs to drivers that are still required to maintain

supervision of an AV does not benefit from a HUD presentation.
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5.5. Experiment 3 Discussion

Real World Comparison - Baseline vs Tablet HDD

The Tablet HDD condition was included to offer a real-world comparison with Bejeweled,
a commercial application with 25 million users (Smith, 2023), used as the NDRT. This
type of task is currently legal in the UK in L3 vehicle in autonomous mode, so this
comparison represented the effects of using a real application likely to be used in an AV.
The hazard prediction scores in this condition were significantly lower than the Baseline
condition. This is significant since car manufacturers currently employ HDDs for their in-
car infotainment systems (Gold, 2022). Despite UK law stating that these types of displays
are legal, results from this experiment suggest that this type of NDRT presentation is
detrimental to situational awareness, and contradicts the "do not prevent the driver from
responding to demands from the automated driving system" requirement from the UK &
Scottish Law (UK and Scottish Law Commissions, 2020). Though specific comparisons
cannot be made from this experiment, the results suggest presenting the NDRT using
an AR HUD with an attentional cue towards dangers on the road is better for driver

awareness than current HDD methods.

Effect of the Attentional Cue

Including an attentional cue in the Cued AR HUD did lead to better prediction scores
compared to the HDD conditions. However, there was no difference when compared to
the HUD without a cue, and it was worse than full attention to the road. These results
may be because the design of the attentional cue not effectively communicating a warning

to participants.

The red gem used as a cue here did not disrupt performance in the NDRT and only ap-
peared on the screen near the area of the hazard, with only its presence signalling a hazard.
Compared to other attentional alerts that are multimodal (Politis et al., 2014b, 2017), the
cue was not as attention capturing. This may explain why there were no significant dif-
ferences between the Cued AR HUD and AR HUD conditions; the AR content in both of
these conditions did not obstruct view of the road, similar to the Pokémon Drive concept
from Schroeter and Steinberger (2016), or the zombie shooting game from Togwell et al.
(2022) . However, this unintrusive design does not necessarily reflect the type of tasks that
people report wanting to engage with as NDRTs. Productivity tasks such as answering
emails, browsing the internet or watching films are all popular suggestions as NDRTs that
AVs will allow (Panagiotopoulos and Dimitrakopoulos, 2018; McGill et al., 2017) which
would be more obstructive of the road view. The results from this experiment show how a
HUD presentation is not necessarily beneficial for situational awareness as posed by RQ2,
but does not further understanding of the complexities behind how including attentional

cues in NDRTSs affects driver awareness, put forward in RQ3.
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Task Design Changes and Expert Opinions on Cue Design

Results from this experiment suggest a visual attentional cue is needed to be incorporated
into the NDRT for a HUD presentation to aid situational awareness. Yet from the design

of this experiment there are still outstanding questions:
e Do these results persist with a more realistic NDRT?
e Does the design of the attentional cue impact on how it aids situational awareness?

To further explore these questions, a follow-up experiment was designed to expand on the
results collected here. A keypad dialling task was selected as to represent the type of text
input tasks drivers engage with in cars, as well as being a task used in similar research
evaluating input devices for NDRTs (Large et al., 2016; Jung et al., 2021). Furthermore,
to make more specific comparisons between HUDs and HDDs, a task that required the
same manner of interaction was needed to evaluate how the specific demands of the NDRT
impacted Hazard Prediction ability. The HUD conditions in Experiment 3 only required
eye-gaze to perform, whereas the HDD conditions required a touch input. These different
input methods may explain the significant difference in results beyond the change in
Presentation Method.

It was deemed necessary to include a more dynamic attentional cue which drew attention
to not just the road, but a specific location of interest such as a dangerous hazard. Given
the novelty of engaging with an NDRT whilst supervising an AV, there are few examples
of how such a cue could be designed to impart situational awareness that does not involve
full attention capture. A group of Automotive Ul and HCI experts were consulted to gain
insight into possible cue designs. This was with the focus on making use of the dynamic
aspects of an AR HUD to communicate information to the driver. Design sessions to create
informative attentional cues raised the importance of colour change and motion to indicate
the location of hazards, as well as the levels of danger associated with them. These designs
ideas were consolidated and implemented into a keypad dialling task to create a Dynamic
AR HUD condition, signalling to the participants areas of the road where a hazard was

located.
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5.6 Expert Focus Group for Designing Dynamic Cues

Given the novelty of engaging with an NDRT whilst supervising an AV, there are few
examples of how an attentional cue could be designed to impart situational awareness
information that does not involve full attention capture. As such, a focus group was
conducted with experts in the design of Mixed Reality and in-car displays to gather a

wider informed opinion on how these attentional cues could be designed.

Participants

Six expert participants (2 Female, 4 Male) were recruited for the focus group. They were
recruited from the University of Glasgow School of Computing Science, and were comprised
of three Automotive Ul and three HCI researchers (determined by having published in
these respective fields). Three held a driving license from the UK, 1 from Israel, 1 from
Germany and 1 was learning to drive. The average age was 35.4 years (min 24, max 56)

and the average driving experience was 15.6 years (min 3 months, max 39 years).

Design

The focus group design was similar to that used by Al-Taie et al. (2023). Participants were
given pens, chapter and laminate sheets to create their designs. The focus group lasted
45 minutes, and was structured to give participants time to develop their own designs as

well as receive feedback and discuss ideas with other participants.

Procedure

Participants were provided with an information sheet and a consent form recording their
demographic data. Then, participants were given a brief introduction presentation regard-
ing AR HUDs and driver awareness in AVs. They were given 10 minutes to design a HUD
which provided dynamic cues during an NDRT individually. Following this, they swapped
designs with a partner to give feedback on their design for 2 minutes. To encourage eval-
uation of the designs, they were given ’like” and 'bomb’ stickers as in Al-Taie et al. (2023)
to signal which aspects of each other’s designs they particularly liked or disliked. Par-
ticipants then had 5 minutes to finalise their designs and address the feedback they were
given, before presenting it to the whole group for discussion (see Figure 5.7 for examples
of the designs). Finally, an unstructured group interview was conducted to further explore

any ideas that had come up during the group discussion.
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Figure 5.7: A snapshot of some of the focus group designs for dynamic attentional cues in a non-driving
task.
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Focus Group Results

The recording of the design explanations and subsequent discussions was transcribed and
analysed. This analysis was conducted to discover the prominent ideas, concepts and
designs for the attentional alerts, loosely based on the thematic analysis structure following
guidelines set out by Braun and Clarke (2019) (see Table 5.8 for the full list of codes).

Theme Codes Discussing ideas Unstructured interview Total

Displaying AR content to the driver Changing colour to signify meaning
Highlight different severity of hazards
Movement of AR objects
Using location as an indicator
Change in opacity /intensity

DO = DO Ot Ot
W oW ©

[=2)

Impact on driver behaviour Not interrupting driver behaviour
Explicitly attracting attention
Measuring driver awareness\state
Not interrupting NDRT
Confusion between AR and reality

How to impart information via cues Bringing AR elements into the real world
Other modalities are more explicit
Bringing real world elements into AR
Including audio as a separate cue
Trust in the vehicle

Ot OoO —= | OO~ WWw
N = Ok O = OO0 W =N =
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Table 5.8: The three themes that emerged during the focus group discussion, as well as the underlying
codes from the data.

From the focus group discussions, 3 themes were identified:
e Displaying AR content to the driver
e Impact on driver behaviour

e Representation of road information

Theme 1 : Displaying AR content to the driver

The most common element discussed was how AR content was displayed to the driver,
with changing colour being the most common way described to convey information. Five
of the six designs included an aspect of colour change to signify that a hazard was present

and that the driver should pay attention to the road.

"You might have some kind of colours around the edge representing that (en-
hancing the experience), except when you come across to the bike, when that
maght be enhanced with red." - PD06

"The actual element changes colour of like red, as, ’this is the human’. This is

where the biggest hazard is, and then yellow or amber to something that could
happen" - PD01
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This was associated with different colours representing different level of danger or severity
associated with the hazard. In the unstructured interview when asked why certain colours
were chosen, participants highlighted that conventions from existing road architecture were

used in their designs to communicate similar messages and intent.

"I was thinking about like having different colours also like green one or some-
thing, like it’s good to know but don’t worry about it too much then it becomes

red if it’s really important and it starts flashing” - PD05

It was noted that these heuristics are relatively, but not totally, universal and so including
them as part of the HUD design makes use of a driver’s existing understanding of the

road.

"That’s a convention. I think it’s an International Convention. Everyone will
understand that red is hazard. Green is OK." - PD04

In addition to colour, location of the cue was also highlighted as important in commu-
nicating information to the driver. The idea of drawing the driver’s attention towards

specific areas of the road through highlighting areas appeared in 3 designs.

"So it’s basically watching a movie that is not on the whole windscreen, but
just a screen... and then highlighting there is an area of interest like on the

side where something is happening, basically to direct your eyes there.” - PD05

"So using an eye tracking technique to detect where the [driver’s| eyes are. So
when there’s a hazard somewhere ... where the (driver’s) fization is, the car
or the HUD should issue, some light or some frame, ... the fading of it will be
gradual and towards the direction of the hazard." - PD0

Theme 2 : Impact on driver behaviour

Another important aspect of HUDs discussed was that it did not interrupt the driver’s
natural behaviour. The idea of placing content in the HUD where the driver would already

be looking was raised in multiple designs in order to reduce the workload of swapping

between the NDRT and the road.

"A head up display, makes more sense. You’re already looking at something.”
- PD05

This was with the aim of bringing elements of the real world into the AR display and

incorporating it into the NDRT, to make attending to it as easy as possible for the driver.
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"...at brings you to the hazard and not the hazard to you. Yeah, because obuvi-
ously you know a child here (in the road scene) is there in the real world and

your eyes are being brought to that." - PD01

Conversely, there was discussion of when and how a driver’s attention needs to be explicitly
captured, such as in a critical takeover situation. This was related to the ideas presented

above differentiating between different levels of danger with each hazard.

"You can look at right now to differentiate like urgency because we do this with
like a few designs, do this with colour like, you know, green, amber, red. But I
feel like if it’s like ’a thing, look at it right now’, the flashing is the way to do
it." - PD0O1

"But if there was a bicycle in the way ... you might enhance the look of (the
HUD) so they’ve got a bit more attention, so they weren’t too subtle.” - PD02

In these critical situations where it is necessary to capture driver attention, the designs
employed more disruptive methods to bring attention to certain aspects of the road and

explicitly point out hazards.

Theme 3 : How to impart information via cues

The most effective way to do this was agreed to be using multimodal cues, specifically
audio cues. This was deemed to be more intrusive than a visual cue and thus better at

capturing attention.

"Was also because it should be implicit. It’s not if I introduce another modality
like haptic. Yeah, that is fairly explicit already. It’s like something is happening
because it draws your attention quite differently, yeah." - PD05

"I think you want to get more multimodal ..., it’s easier to kind of really reserve

these more attention grabbing things.” - PD05
One design included spatial audio cues:

"The other idea was, if you’re reading a book, about library-based spatial au-
dio cues to say you've got pedestrian might be a child whispering from that
direction..." - PD03

However, it was pointed out how this has the potential to cause confusion. Should a driver
be engaged with an NDRT and not prepared for an attentional alert, the sound needs to

be recognisable, or it will blend in with other noises on the road.
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"that would work if your cognitive load isn’t high. It’s like the first thing that
goes like your hearing. If you’re like playing in at the last level of a game or
something, I don’t know." - PD01

"I think sounds would be more difficult to localise so like when you’re driving
your car, there’s always sound around you. The car itself, like other things,

happening, sirens.”" - PD06

It was of general opinion that including audio as an attentional cue would not be as

effective and should be reserved for the more critical attention alerts.

Discussion and Task Design Changes

The main outcomes from the focus group highlighted many key issues to consider when
designing an AR HUD. Colour and location formed important aspects for communicating
information about the road to the driver, and the intensity of those can be used to show
the level of danger associated with the hazard. This is consistent with the literature
highlighting colour change as a salient attention capturing cue (Hollingworth and Hwang,
2013; Wang et al., 2023), and a pre-established association of the colour red with danger
(Pravossoudovitch et al., 2014; Chapanis, 1994). However, it was considered detrimental
to include multimodal cues for an attentional alert, as this might be confusing to the
driver. Instead, multimodal cues were considered to be more effective for critical takeover
alerts due to their attention capturing nature (Politis et al., 2017, 2014b). The designs
produced and the discussion from the focus group were used to inform the NDRT used in
Experiment 4, in particular, the design of the cue to draw attention to the driving task.
Specifically, the designs around changing the colour and location of the display to indicate
danger were chosen, as these were the most common ideas discussed and the simplest
to prototype and evaluate. Furthermore, to evaluate these cues, the NDRT needed to be
cognitively demanding enough to draw attention away from the road, with the cue bringing
attention back to the road. Continual scanning of the road as the task in Experiment 3
required was not deemed suitable, as the HUD elements only appeared infrequently and
for a short length of time. These designs were implemented into a keypad text input task,

which was then evaluated to test their effectiveness in aiding situational awareness.
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5.7 Experiment 4

Comparing the effects of a Dynamic Cue in AR HUD vs HDD
presentations of an NDRT on Hazard Prediction Ability

A follow-up experiment was conducted to compare driver situational awareness, as mea-
sured through their Hazard Prediction ability, with a more realistic NDRT presented either
as a HUD or a HDD and including an attentional cue with a design informed from the
expert focus group. The experimental design was approved through the College of Science
and Engineering Research Ethics committee (Application number #300220198). The fol-
lowing section reports the methods, procedure and results from this experiment, as well

as a comparison with the previous experiment.

Design

Experiment 4 followed the same repeated measures experimental design as Experiment
3, with Hazard Prediction score and subjective confidence ratings as dependent variables,
and Presentation Method (Control, Static AR HUD, Dynamic AR HUD and AR HDD)
as independent variables. The Baseline condition from Experiment 3 was changed into
the Control condition, to ensure that the results were not due to any order effects. For
the Static AR HUD condition, the NDRT was presented in front of the driving task
with participants required to look through the keypad to see the road. In the Dynamic
AR HUD condition, the keys would change to red and would move to create a window
4 seconds before the hazard occurred, so participants could view the part of the road
where the hazard was about to occur. This was to expand on the results collected during
Experiment 3 by replicating the procedure with a more obstructive NDRT and a more
informative design for the attentional cue. For the AR HDD condition, the static keypad
was displayed down below eye level, so participants had to take their eyes off the driving

task and down to interact with the keypad.

Participants

A power analysis was conducted using the pwr package (Champely et al., 2016) in R Studio,
which determined that for a moderate effect size of 0.81, 21 participants were required for
the repeated measures design. Twenty four new participants (Mean Age = 33.1 years, SD
= 18, 11 Female) were recruited via online forums and around the University of Glasgow
Computer Science and Psychology departments. All participants had normal or corrected
to normal eyesight. All were required to have held a driving license for at least 2 years
but, as in Experiment 3, this was not limited to drivers from the UK (11 UK, 3 Indonesia,
2 India, 2 Greece, 1 Bulgaria, 1 China, 1 France, 1 Israel, 1 Thailand & 1 USA).
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The average total driving experience was 12.14 years (min = 1, maz = 54, SD = 12.5)
and the average UK driving experience for non-UK license holders was 0.8 years (min = 0,
maz = 8, SD = 2.24). Twelve people reported experience driving around the Glasgow area
where the hazard clips were filmed, with an average experience of 5.9 years (min = 0, maz
= 28, SD = 10.3). Five reported having used an AR headset before, ten reported using
mobile AR and nine reported never having used AR, but had heard of it. Participants

who took part in Experiment 3 were excluded from taking part.

Materials

Participants were presented with the same 40 video clips from the Hazard Prediction test
used in Experiment 3 in blocks of 10 (see Chapter 4). Participants saw these clips in 4
Presentation Method conditions: Control, Static AR HUD, Dynamic AR HUD and AR

HDD with a counterbalanced presentation order across all participants.

Augmented Reality Keypad Task

The NDRT was taken from previous work investigating distraction and mental workload
in cars. A keypad dialling task similar to ones used by Large et al. (2016) & Jung et al.
(2021) was taken and adapted to be displayed in the AR headset. This was developed in
Unity (version 20203.26f1) using the Mixed Reality Toolkit (MRTK -version 2.7.2) and
were presented using the HoloLens 2 AR headset.

For the Static AR HUD task, the keypad was displayed to participants with numbers (0-9)
on top of the driving scene, partially occluding the view but with spaces and translucent
textures so participants could still view the road. In the Dynamic AR HUD condition, the
same AR task was presented, but the keys would move and change colour to indicate a
hazard, four seconds before its onset, based on findings of average takeover request times
from Eriksson and Stanton (2017). The keys would move depending on the participant’s
head position in relation to the position of the hazard on screen, meaning the keypad would
have a slightly different layout each trial but would always move to create a consistent
size window to view the hazard. The AR HDD condition displayed the same keypad from
the Static condition, but down below the level of the monitor drawing participants’ eyes
away from the view of the road (see Figure 5.8). Participants’ reaction time for dialling
each 11-digit number correctly, errors, total number of correctly typed numbers, and total
keypresses were measured to evaluate their performance on the task. As in Experiment 3,
participants were offered a £10 incentive if they performed the best at both tasks out of

all other participants to incentivise attention to both tasks.
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5.7. Experiment 4: Dynamic HUD vs Static HUD
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Figure 5.8: The Keypad NDRT used in Experiment 4, showing a) the Static AR HUD, b) the Dynamic
AR HUD with keys moved to show the hazard approaching and c¢) the AR HDD implementations
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Figure 5.9: Image of the Screen AOIs in Unity 3D, which captured areas on the real-life monitor where
participants were fixating. The small white cube was used by participants to calibrate the screen by
aligning the two white pillars in AR with the edges of the real computer monitor.

Eye tracking

Eye movement data were collected using the Augmented Reality Eye Tracking Toolkit -
(ARETT) package for Unity 3D Kapp et al. (2021) using the HoloLens 2 AR headset. A
Screen object was placed in the scene made up of 9 AOI components hidden from view,
which split the screen into 9 distinct areas (see Figure 5.9). Participants were asked to
calibrate the location of the virtual screen in the headset by adjusting the layout of the
AR scene. This was done by moving a small floating cube which acted as a parent to the

Screen AOIs, and lining up two virtual pillars with the real computer monitor.

This was confirmed by the experimenter before the trials commenced (see Figure 5.9).
All AR elements were labelled as AOIs using the 'Eyetracking’ layer in ARETT, which
logged when it was fixated on. An AOI hit was measured when the Eyetracking object
collided with an object in the Unity scene, with the location of the object, its name and
the duration the objects were colliding was recorded (see Kapp et al. (2021) for a detailed

description of the approach used).
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Procedure

The same experimental procedure as Experiment 3 was adapted for Experiment 4 (see
Figure 5.3). After consenting to take part, participants provided demographic and driving
experience information via the online questionnaire platform Qualtrics (Qualtrics, 2024).
They were then shown an example hazard prediction clip and practised giving their re-
sponse. Participants were also given a practice interaction with the headset to get used
to the mid-air touch gestures, which involved pressing a button labelled from A to E
that corresponded with a target letter. Participants saw the WHN clips in the 4 different
presentation conditions in a counterbalanced order in blocks of 10. After watching each
clip, participants were asked to predict what happens next from the list of multiple-choice
answers. At the end of the experiment, they were interviewed to explain their strategies

for completing the task and their preferred display for completing the experiment.

On top of the £10 voucher compensation for taking part, participants were told they could
win an extra £5 voucher if they performed the best in both the NDRT and the WHN task
out of their peers to incentivise attention to both tasks. The experiment took around 60

minutes to complete and was approved by the institution’s Ethics Committee.

5.8 Experiment 4 Results

The results were analysed using the same methods as Experiment 3. The same model
fit procedure as Experiment 3 was followed (see section 5.4). The inline stats report the
estimated difference and the significance for the comparison between the stated model
intercept and the comparison effect (e.g., with Condition A as intercept, scores were sig-
nificantly smaller (Est. -0.66, p = .004) than Condition B ). This highlights the estimated
difference between measures in the model as reported. Full model output tables show the

complete set of comparisons for each dependent variable.

Hazard Prediction scores

Average scores for the Hazard Prediction task for each of the 4 conditions (Static AR
HUD, Dynamic AR HUD, AR HDD and Control) were compared (see Table 5.9). A
GLME model was fitted to predict the main effects of Condition on Hazard Prediction
score with a random intercept for each participant and a random intercept for each Hazard

Clip, with the same formula as Experiment 3 (see section 5.4).
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The model’s total explanatory power was moderate (conditional R? = 0.38). This model
was found to explain significantly greater variance than a null model with both Condition,
Hazard clip and participant fitted as random effects (Null Model AIC = 1109.2, BIC =
1123.8; Mizxed Effects Model AIC = 1091.9,BIC' = 1121.1;p < .001). Within this model,
the score for the Static AR HUD (Est. =-0.98, 95% CI [-1.43, -0.53], p < .001), Dynamic
AR HUD (Est. = -0.66, 95% CI [-1.11, -0.21], p = .004), HDD (Est. = -0.96, 95% CI
[-1.41, -0.50], p < .001) conditions were significantly lower than scores in the Control
condition (see Figure 5.10). Refactoring the model with Static AR HUD, Dynamic AR
HUD or AR HDD as intercepts produced no significant differences not already accounted

for in the model described above (see Table 5.10 for a full list of model comparisons).

Condition Score (P) Std Err Lower CI Upper CI
Control 0.81 0.05 0.75 0.89
Static AR HUD 0.61 0.07 0.47 0.73
Dynamic AR HUD 0.68 0.06 0.55 0.79
AR HDD 0.61 0.06 0.48 0.73

Table 5.9: Summary statistics for average probability of a correct Hazard Prediction scores for each
Presentation method in Experiment 4, as well as the standard error and both lower and upper confidence
intervals as reported from the mixed effects model.

Comparison
Condition Control TUD Dynamic HUD DD

Estimate SE Sig Estimate SE Sig. Estimate SE Sig. Estimate SE Sig
Control 12 (SE = 0.29) ~0.98 (SE=023)  p <.001%* | 0.6 (SE = 0.23) p—.000 | -0.96 (SE = 0.23) p <.00TFF¥
HUD 0.44 (SE — 0.27) 0.32 (SE — 0.22) p—.145 | 0.02 (SE — 0.22) p— 91
Dynamic HUD 0.76 (SE — 0.28) -0.33 (SE — 0.23) p— A7
HDD 046 (SE = 0.27)

Table 5.10: Model Estimates for Hazard Prediction Scores for Experiment 4, with the Standard Error
(SE) and p values obtained through Wald’s approximation for each of the GLME models for each of the
4 presentation conditions.

Confidence Ratings

Average scores for Confidence ratings were compared for each of the NDRT presentation
conditions (see Table 5.12). A GLME model was fitted to predict the main effects of
Condition with a random intercept for each participant and a random intercept for each

Hazard Clip, with the same formula as Experiment 3 (see Table 5.4).

The model’s total explanatory power was moderate (conditional R*> = 0.34) and was found
to explain significantly greater variance than a null model with Condition and participant
fitted as random effects (Null Model AIC = 1118.8, BIC = 1133.4; Mixed Effects Model
AIC = 1075.3,BIC = 1104.5;p < .001). Within this model, the score for the Static AR
HUD (Est. = -1.85, 9% CI [-1.83, -0.87], p < .001), Dynamic AR HUD (Est. = -0.81,
95% CI [-1.29, -0.33], p < .001), and HDD (Est. = -1.50, 95% CI [-1.98, -1.02], p <

.001) conditions were significantly lower than confidence ratings in the Control condition.
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After refactoring the model to use Dynamic AR HUD as the intercept, Confidence ratings
in the Static AR HUD beta = -1.35, 95% CI [-1.83, -0.87], p < .001) and AR HDD (FEst.
= -1.50, 9% CI [-1.98, -1.02], p < .001) conditions were found to be significantly lower
than the Dynamic AR HUD condition. There were no significant differences between
confidence ratings for the Static AR HUD and AR HDD conditions (see Table 5.11 for a
summary and Table 5.12).

Condition Rating (%) Std Err Lower CI Upper CI
Control 0.85 0.04 0.75 0.91
Static AR HUD 0.59 0.07 0.46 0.71
Dynamic AR HUD 0.71 0.06 0.59 0.81
AR HDD 0.56 0.07 0.42 0.68

Table 5.11: Summary statistics for the average confidence rating for each Presentation method in Experi-
ment 4

Confidence Control HUD Dynamic HUD HDD

Estimate SE Sig. Estimate SE Sig. ) SE Sig. Estimate SE Sig.
Control 173 SE — 0.3) 135 (SE — 0.29) P 0017 081 (SE — 0.25) P 0017 15 (SE — 0.20) p =001
HUD 0.38 (SE = 0.27) 0.54 (SE = 0.22) p = .017* -0.15 (SE = 0.21) p =48
Dynamic HUD 0.92 (SE = 0.28) -0.33 (SE = 0.23) p=.17
HDD 0.23 (SE — 0.27)

Table 5.12: Model estimates for Confidence Ratings for Experiment 4, with the Standard Error (SE)
and p values obtained through Wald’s approximation for each of the GLME models for each of the 4
presentation conditions.

Subjective Attention Ratings

A mixed design ANOVA was conducted on the Attention ratings. As above a mixed
effects model was deemed not suitable due to the nature of the data. The Attention rating
was statistically significantly different at the different time points (F(3, 69) = 20.28, p <
001, n* = 0.28). Post hoc analyses with a Bonferroni adjustment revealed that attention
ratings in all presentation conditions were significantly lower (all p < .001) than Control

in all conditions. However, no other comparisons were significantly different.
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Figure 5.10: Average score on the Hazard Prediction task (left) ,average confidence ratings (top) and
subjective attention ratings (bottom) for each presentation condition for Experiment 4.

Perceived Workload

A mixed design ANOVA was conducted on the total NASA TLX ratings at each condition.
The Total TLX rating was statistically significantly different across different conditions,
(F(3, 69) =39.74, p < .001, n* = 0.28). Post hoc analyses with a Bonferroni adjustment
revealed that the pairwise comparisons between the Control condition ratings and all other
presentation conditions showed that attention ratings were significantly lower (p < .001)
than Control in all conditions. However, none of the comparisons between the NDRT
conditions were significantly different (see Figure 5.11). For each of the 6 individual TLX
subscales, there were significant differences on all scales between ratings for the Control
and each of the NDRT presentation conditions (p < .001), but no differences between each
NDRT presentation condition. This was except for Effort, where the Cue condition was
also rated as requiring significantly less effort than the HDD condition (p = .023). See

Appendix C for a full list of statistical comparisons.
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Figure 5.11: Raw Total NASA TLX scores for each NDRT presentation condition for Experiment 4.

Simulator Sickness scores

Sickness ratings were compared between the 4 timepoints and the baseline rating. A Linear
Mixed Effects - (LME) model was fitted to predict SSQ ratings across each timepoint.
The model included participant and condition as random effects and its total explanatory
power was substantial (conditional R? = 0.66) with the same formula as Experiment 3
(see Figure 5.6). This model was found to explain significantly greater variance than a
null model with Timepoint and participant fitted as random effects (Null Model AIC =
906.95, BIC = 915.28; Mixed Effects Model AIC = 901.44 ,BIC = 920.9; p = .009).

Within this model, Total SSQ scores at Timepoint 4 were significantly higher than those at
Baseline (Est. = -7.92, 95% CI [-12.54, -3.80], t(112) = -3.40, p < .001) and Timepoint
1 (Est. = -6.86, 95% CI [-11.42, -2.30], t(112) = -2.98, p = .004) and Timepoint 2
(Est. = -4.67, 95% CI [-9.23, -0.12], t(112) = -2.03, p = .045). Furthermore, Total SSQ
Scores at Timepoint 3 were significantly higher than at Baseline (Est. = -4.65, 95% CI [-
9.27, -0.03], t(112) = -1.99, p = .049). No other model comparisons produced significant
difference (see Figure 5.12, Table 5.13 for an abbreviated table, and Table D.3 for the full
list of Model comparison for Total SSQ score).

Ratings on each of the three subscales of the SSQ (Nausea, Oculomotor discomfort and
Disorientation) were calculated individually and compared across the 5 conditions. LME
models predicting change in these subscales with timepoint as a fixed effect and participant

as random effect with the same formula as Figure 5.4.
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Total SSQ Scores T3 T4

Model Intercept Est SE Sig Est SE Sig

Baseline 4.648 2.33 p = .049* 7.92 2.33 p < .001%***
T1 3.584 2.28 p=.16 6.86 2.3 p = .004**
T2 1.403 1.952 p=.12 4.68 2.3 p — .045*
T3 9.973 2.749 - 3.27 2.3 p = 0.16

Table 5.13: An abbreviated table showing the Model Estimates, Standard Error (SE) and p values ob-
tained through Wald’s approximation for each of the LME models of Total SSQ scores at each timepoint
Experiment 4. Only the Model intercepts with significant differences are included, and the main table
can be found in Table D.3.
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Figure 5.12: A graph showing the average SSQ rating at each of the 5 timepoint of Experiment 4. There
was a significantly higher scores at T2 and T4 compared to baseline ratings.

These models were compared to ones which included Condition as a main and an inter-
action effect, but these were not found to explain a significantly greater portion of the
variance and so were discarded in favour of the simpler models. The model comparing
SSQ scores on the Nausea and Oculomotor subscale ratings were found not to explain the
variance in scores significantly better than a null model showing no differences. However,
the model comparing Disorientation subscale ratings (with substantial explanatory power,
conditional R* = 0.51) found that ratings were significantly higher at Timepoint 4 com-
pared to Baseline (Est. = -7.69, 95% CI [-12.20, -3.19], t(112) = -3.38, p < .001) and
Timepoint 1 (Est. = -4.64, 95% CI [-9.09, -0.19], t(112) = -2.07, p = .041). Ratings
at Timepoint 2 (Est. = 5.37, 95% CI [0.87, 9.88], t(112) = 2.36, p = .020) were also
significantly higher than Baseline ratings.
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Change in Simulator Sickness Scores

Sickness ratings were again converted to show change over the 5 time points of this ex-
periment. A LME model predicting perceived task sickness score across Block was fitted
comparing ratings at each the 5 timepoints to the previous timepoint. However, there

were no significant differences in the change over time for subsequent ratings.

NDRT Performance

A series of repeated measures ANOVAs were conducted on the task performance mea-
sures for the NDRT. The amount of numbers dialled was significantly different between
conditions (F(2,56) = 6.81, p < .002, n* = 0.07). Post hoc analyses with a Bonferroni
adjustment revealed there were significantly higher numbers dialled in the Cue condition
compared to both the HUD condition (p = .02) and the HDD condition (p = .001).

The number of errors was also significantly different between conditions, (F(2,56) = 9.53,
p < .001, n* = 0.16). Post hoc analyses with a Bonferroni adjustment revealed there
were significantly higher number of errors in the Cue condition compared to both the
HUD condition (p < .001) and the HDD condition (p = .046). However, there were no
significant difference between conditions for the number of keypresses nor mean reaction

times to complete a successful number dial.

Comparison with Experiment 3

To evaluate any differences between the studies, between groups ANOVAs were conducted
comparing the Hazard Prediction scores, Confidence ratings, Attention ratings and NASA
TLX scores between Experiment 3 and Experiment 4. NDRT Presentation Method con-
ditions were compared with like-for-like across the two studies (Experiment 3 AR HUD -
Experiment 4 Static AR HUD etc.). No significant differences were found between Hazard
Prediction scores between comparable conditions, nor were there any significant differences
found between confidence or attention ratings between Experiment 3 and Experiment 4.
There were also no significant differences between NASA TLX scores for any of the pre-
sentation conditions, except for both of the conditions with attentional cues. A between
subjects ANOVA comparing Total NASA TLX score found the workload of the Dynamic
AR HUD condition of the keypad dialling task in Experiment 4 was rated as significantly
higher than the Cued AR HUD condition in Experiment 3 (F(46) = 5.85, p = .02 n* =
0.11).
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Eye-tracking

All analysis was conducted using functions from the ARETT R package (Kapp et al.,
2021). A total of 13,335,248 gaze points were recorded across all participants in all four
conditions before processing. The I-AOI fixation classification function from the ARETT
R package (Kapp et al., 2021) was used to classify valid fixations. This function, based on
Salvucci and Goldberg (2000)’s definition, classifies relevant fixations based on whether
they land on a pre-defined AOI layer in Unity for longer than a predetermined threshold.
Fixations longer than 60ms that hit either the computer screen (recorded as one AOI in a
3x3 grid - See Figure 5.9) or any 3D object in AR (a keypad button or other AR element)
were retained for analysis. Given the high level of variability between participants that
comes from using a portable AR headset, this method was selected over more spatially
accurate classification algorithms which are sensitive to head movements, which Kapp
et al. (2021) and Aziz and Komogortsev (2022) recognise as a limitation in the spatial
accuracy of the HoloLens 2. After 2 participants were removed due to technical issues

with the data collection, this left 538,429 valid fixations for analysis from 22 participants.

Number of Fixations

Total Fixation Count

A LME model was fitted comparing the mean Number of Fixations for each NDRT presen-
tation condition with participants as a random effect, with substantial explanatory power
(conditional R* = 0.83). Overall, there were a significantly higher number of fixations
in the Dynamic HUD (Est. = 195.44, t(77) = 8.48, p < .001) condition compared to
Control and significantly fewer in the HDD condition (Est. = -251.32, t(77) = -11.49, p
< .001), but no differences with the Static HUD condition. There were significantly fewer
fixations in both the HUD (Est. = -167.76, t(77) = -7.36, p < .001) and HDD (Est. =
-446.76, t(77) = -19.59, p < .001) conditions compared to the Dynamic HUD condition.
There were also significantly fewer fixations in the HDD condition compared to the Static
HUD (Est. =-279, t(77) = -12.91, p < .001) condition (see Table 5.14 and Figure 5.13).

Hazard Fixation Count

A LME model was fitted comparing the mean number of fixations during the hazard
window for each NDRT presentation condition with participant as a random factor, which
had substantial explanatory power (adj. R* = 0.74). Mirroring the overall fixation count
results, there were a significantly higher number of fixations in the Dynamic HUD (Est.
= 16.714, t(79) = 4.83, p < .001) condition compared to Control and significantly fewer
in the HDD condition (Est. = -33.786, t(79) = -10.29, p < .001).
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Condition Total Fixation Hazard Window Correct Fixations

Count Average SD Count Average SD Count Average SD
Control 6149 292.81 8.95 930 41.68 12.73 340 16.19 8.38
Dynamic AR HUD 8782 487.89 63.84 1098 44.29 12.65 332 184 8.57
Static AR HUD 7046 320.27 100.84 917 61 12.08 225 10.23 5
AR HDD 908 41.27 8.95 231 10.5 1.85 7 3.5 1.63

Table 5.14: Total number of fixations in each condition overall, during the Hazard Window, and the
number of correct fixations during the hazard window.

There were no differences with the Static HUD condition. However, there were significantly
fewer fixations in both the Static HUD (Est. = -19.318, t(79) = -5.65, p < .001) and
HDD (Est. = -50.5, t(79) = -14.76, p < .001) conditions compared to the Dynamic HUD
condition. Finally, there were significantly fewer fixations in the HDD condition compared
to the Static HUD (Est. = -81.182, t(79) = -9.61, p < .001) condition (see Table 5.14
and Figure 5.13).

Correct Hazard Fixation Count

"Correct’ fixations were classified depending on whether they were located in the same
area of the screen as the hazard in the video clip, during the period up to four seconds
before the end of the Hazard Prediction clip. This was the length of time that the buttons
changed colour and location in the Dynamic HUD condition. A LME model was fitted to
predict average number of fixations in Correct AOI based on Condition with participant

as a random factor, which had substantial explanatory power (conditional R* = 0.56).

Overall, there were significantly fewer correct fixations in the Static HUD (Est. = -5.97,
t(77) = -3.39, p = .001) and HDD (Est. = -12.69, t(77) = -7.22, p < .001) conditions
compared to the Control condition, but no differences with the Dynamic HUD condition.
There were also significantly fewer fixations in both the HUD (Est. = -8.35, t(77) =
-4.54, p < .001) and HDD (Est. = -15.08,t(77) = -8.19, p < .001) conditions compared
to the Dynamic HUD condition. Finally, there were significantly fewer fixations in the
HDD condition (Est. = -6.73,t(77) = -3.88, p < .001) than in the Static HUD condition.
(See Table 5.14 and Figure 5.14)
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f = 1 f 2 |
'—' 1 ———— 1
a) b)
600 80
60
400
40
200
20
= '
0
Control HUD Cue HDD Control HUD Cue HDD

Condition Condition

Condition . Control . HUD . Cue E HDD

Figure 5.13: a) The mean overall number of fixations for each AR presentation condition. There were
significant differences between each condition, except for between the Control and HUD conditions. b)
The mean number of fixations during the Hazard Window, where the pattern of results mirrors the overall
number of fixations, with differences between all presentation conditions except the Control and HUD
conditions.
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Figure 5.14: Mean number of fixations in the same AOI area where the hazard was located. There
were significant differences between each presentation condition, except between the Control and Cue
conditions. Both the HUD and HDD conditions had a significantly lower number of correct fixations
compared to the other conditions.
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Fixation Duration
Total Fixation Duration

Due to the non-normal distribution of the data, fixation duration was z-scored and values
above 3 standard deviations from the mean duration were removed. Similarly, fixations
which did not have a registered target or AOI target were removed, since the lack of a
relevant gaze point target meant that the participant was looking at neither the screen nor
any of the AR content. A LME model was fitted to model the effect of NDRT Presentation
Condition on the average fixation duration with participant as a random effect that had
substantial explanatory power (conditional R* = 0.52). In the Control condition, there
were significantly longer fixation durations than the Dynamic HUD (Est. = -422.20, t(77)
= -6.48, p < .001), Static AR HUD (Est. = -136.53, t(77) = -2.23, p = .029) and HDD
(Est. = -305.74, t(77) = -4.99, p < .001) conditions. There were also significantly longer
fixation durations in the Static HUD condition compared to the Dynamic HUD (FEst.
=285.67, t(77) = 4.44, p < .001) and the HDD (Est. = -169.21, t(77) = -2.80, p = .006)
conditions (see Table 5.15 and Figure 5.15).

Condition Mean Fixation Duration (ms) Mean Hazard Fixation Duration (ms)
Mean SD Mean SD

Control 1018.77 1227.32 1009.01 1138.48

Dynamic AR HUD 654.4 703.56 761.17 879.22

Static AR HUD 959.79 1024.12 1079.77 1101.62

AR HDD 836.8 959.59 790.81 807.92

Table 5.15: Mean duration of fixations in each condition overall as well as during the Hazard Window in
Experiment 4.

Hazard Fixation Duration

As before, 'correct’ fixations were classified depending on whether they hit the same AOI
area of the screen as the hazard up to four seconds before the end of the Hazard Prediction
clip. A LME model was fitted to predict Fixation length based on Condition with par-
ticipants as a random effect, which had substantial explanatory power (conditional R* =
0.29).Within this model, there was a significant difference between the fixation duration
in the Dynamic HUD condition and all other conditions, with fixations being longer in
the Control (Est. = 308.65, t(77) = 2.65, p = .01), Static HUD (Est. = 289.48, t(77) =
2.51, p = .014) and HDD (Est. = }53.42, t(77) = 8.94, p < .001) conditions. However,
there were no significant differences between any of the other conditions (see Table 5.15
and Figure 5.15).
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Time to First Fixation

A LME model was fitted to model the effect of Condition on time until the first fixation
on the correct area of the screen. However, there were no significant differences between

any of the presentation conditions.
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Figure 5.15: a) Mean fixation duration in milliseconds during each presentation condition. Fixations were
longer in the control condition and Static HUD conditions compared to the Dynamic HUD, Static HUD
and HDD conditions, but not compared to each other. b) During the hazard window, only the Dynamic
HUD condition had significantly different fixations, with shorter fixations than all other conditions.
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Figure 5.16: Heat maps showing the distribution of fixations in each of the conditions a) Control, b) Static
AR HUD, c) Dynamic AR HUD and d) AR HDD. The outline of the keypad NDRT is distinctly visible
in ¢), the Dynamic AR HUD condition, in particular the target prompt at the top of the display. This is
in contrast to b) the Static AR HUD, which had the same display but did not move to reveal the road to
participants at any point.
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Figure 5.17: 3D Heat maps showing the distribution of fixations on either the Screen (Navy) or AR (Cyan)
in each of the conditions a) Control, b) Static AR HUD, ¢) Dynamic AR HUD and d) AR HDD. The
outline of the keypad NDRT is also more visible in ¢), the Dynamic HUD compared to b) the Static HUD.
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5.9 Experiment 4 Discussion

The results of this experiment found that performing an NDRT was detrimental to situ-
ational awareness, regardless of the presentation method. This was also reflected in the
lower confidence and subjective attention ratings for each of the NDRT presentation con-
ditions, although confidence ratings were significantly higher in the Dynamic AR HUD
condition compared to the AR HDD condition. Notably, the benefits of the Cued AR
HUD condition in Experiment 3 were lost with a different, more obstructive NDRT and a
more disruptive attentional cue. Participants’ performance in the NDRT was significantly
greater in the HUD conditions than the HDD presentation, although they were not rated
as significantly different on the NASA TLX scale.

One potential significant factor was the participant’s ability to interact with the AR task.
Nine participants reported no experience with AR before this experiment which may have
affected their ability to pay attention to the driving task when using the AR NDRTs.
Despite having a training session where they were able to practice the task, many partici-
pants anecdotally reported struggling to operate the keypad interface using the headset’s
hand tracking. This task required visual attention to read the target number, digit recall
to store and retrieve the target number from memory whilst inputting it plus hand-eye
co-ordination to press the button in the AR display. Additionally, the movement and
position of the keys in the Dynamic AR HUD condition was dependent on the location
of the hazard on screen in relation to the participant’s head position. This was done to
create a window around the hazard and ensure that it was always visible when the buttons
moved. This may have had the opposite effect in participants unfamiliar with AR, where
the movement of the keys was more of a distraction to those trying to process these new
layouts than an attentional cue. Future designs should balance the attention capturing
nature of these cues, so that they do not capture too much attention and prove detrimental

to situational awareness.

This experiment also measured the difference in eye movement behaviour of drivers en-
gaged with a distracting NDRT presented in AR while they were simultaneously per-
forming a hazard prediction task. The results suggest that driver eye movements were
disrupted by engaging in these NDRTs, regardless of AR presentation format, as hazard
prediction scores were significantly lower in all conditions compared to just watching the
road. However, different gaze patterns were evident for each AR presentation condition,

which will be discussed in turn here.
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NDRTs disrupt driver eye movements and situational awareness

Engaging with a distracting non-driving task is known to disrupt driver attention com-
pared to when focusing on the road. While this manifested in different ways in these results
depending on the way the NDRT was presented, it reinforces how care needs to be taken
when introducing NDRTS into automated vehicles. In the HDD condition, the number of
fixations that occurred throughout the whole time watching the video clips was signifi-
cantly lower than both a Static HUD and a Dynamic HUD with an attentional cue, as
well as when only watching the road. This is likely due to the increased demand of having
to look back and forth between the screen and the AR display, which was presented at the
same position as standard in-car centre consoles (see Figure 5.8). The increased switching
between looking at the screen and the AR display meant that there was less focus on either
task. Fixations were also significantly shorter in the HDD condition compared to both
the Control and Static HUD conditions but not the Dynamic HUD condition, suggesting
that this increased switching also led to less processing time for each fixation. This pat-
tern was repeated during the Hazard Window, where there were also significantly fewer
fixations, in total and on the correct part of the screen, as there was nothing to indicate
when participants should swap between the tasks. This, combined with the significantly
poorer performance on the Hazard Prediction task, indicates that presenting an NDRT as
an HDD has detrimental effects on driver awareness, with little chance for them to gain

awareness of the road scene.

A HUD does not intrinsically benefit driver attention

The Static HUD condition saw a significantly higher number of fixations than the HDD
condition but also significantly fewer than the Dynamic AR HUD condition. However,
there were no differences from the number of fixations in the Control condition. This
was also true for fixation duration, where there was also no difference with the Static
HUD and the Control condition, but longer fixation durations than both the Dynamic
AR HUD and HDD conditions. On the surface, this suggests that eye movements, despite
being engaged in an NDRT, were similar to the Control condition without a distraction.
However, the important distinction comes from the number of correct fixations during
the hazard window, which was significantly lower than the Control condition, along with
the significantly poorer hazard prediction performance. This suggests that while overall
scanning patterns may not have been affected, the Static HUD drew attention away from
relevant hazard-critical information and prevented participants from maintaining aware-
ness of what was happening in the clips. While gaze patterns were significantly different to
the HDD condition, the Hazard Prediction scores show that simply presenting an NDRT

as a HUD does not confer any additional benefits to situational awareness.
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Simply displaying NDRTs in an AR HUD is not enough to facilitate situational awareness
and can even be distracting to the driver to a similar level as taking their eyes off the road.
Further work must consider the ways in which an AR HUD interrupts driver attention

and how this could be mitigated.

Fixation does not necessarily mean attention, even after cueing

Despite the inclusion of an attentional cue in the Dynamic HUD condition leading drivers
to fixate on a specific dangerous area of the road, it did not facilitate situational awareness
in the form of hazard prediction. There was a significantly higher number of fixations in
the Dynamic HUD condition compared to all other conditions, including the Control,
both overall and during the Hazard Window. Yet there were no significant differences in
the number of correct fixations in the Dynamic HUD condition compared to the Control,
suggesting that augmenting the location of the keys in the NDRT to reveal the hazard
location seems to have drawn participants’ gaze towards the correct area of the screen.
However, this did not translate into improved situational awareness, with hazard prediction
scores in the Dynamic HUD condition still significantly lower than in the Control condition
and in line with the HUD and HDD conditions. Fixations in the Dynamic HUD condition
were significantly shorter than all other conditions in the hazard window and shorter than
all except the HDD condition overall. Taken with the previous results, this could suggest
that participants were making more, shorter fixations in the Dynamic HUD condition,
having received a cue that a hazard was imminent, but were not able to sufficiently process

the driving scene after switching from the NDRT.

Looking but Failing to See

This pattern of results appears to demonstrate the 'Look But Fail To See’ effect in action.
The distracting nature of the NDRT did not allow enough time for drivers to switch to and
sufficiently process the driving task, despite the fact their gaze was on the hazardous area
of the road. This could also be evident in the overall patterns of fixations in Figure 5.16.
Qualitatively, the outline of the keypad is more visible in the Dynamic AR HUD condition
(panel c in both Figure 5.16 & Figure 5.17). This indicates a higher number of fixations on
the individual buttons and, in particular, the target prompt, all of which is less evident in
the fixation patterns in the Static HUD condition (Figure 5.16b). There were significantly
longer fixations in the Control condition compared to all other conditions, followed by the
Static HUD, then HDD, and then the Dynamic HUD conditions. More and longer fixations
are typically linked with a greater level of processing for relevant driving information,
(Yamaguchi et al., 2019). The longer fixation times and higher fixation counts, paired with

the higher Hazard Prediction scores in the Control condition, corroborate this finding.
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In follow-up interviews, drivers indicated that their strategy for completing this condition
relied on ignoring the road and just focusing on the NDRT. The significantly higher per-
formance in the Dynamic HUD condition compared to both the Static HUD and HDD
conditions supports this. Participants were able to solely focus on the AR task until the
cue appeared, unlike in the other AR conditions which required continuous switching be-
tween the two tasks. Some drivers expressed frustration with the attentional cue as it
disrupted their performance on the AR task. Rather than consciously noticing the but-
tons highlighting a particular area of the road, and deciding to switch task and process
the road scene, drivers were too engaged with the NDRT, and the disruption of this drew
attention away from the driving task more, even if fixations were on the correct part of

the screen to perceive the hazard.

The effects of the HUDs, in particular the Dynamic HUD, on eye movements are significant
when considering how drivers might interact with NDRTSs in automated vehicles. While a
HUD presentation may seem helpful, the results here suggest that it may be of no benefit
to drivers to present NDRT contents this way and can be distracting. This mirrors Smith
et al. (2015), who highlighted how presenting NDRTs as a HUD does not necessarily
result in increased driving performance, even though it was preferred by participants over
an HDD. Similar results were found by Schomig et al. (2018), where participants preferred
an adaptive AR HUD presenting lane-change information over a static HUD. While these
may be a logical way of presenting information to drivers, it appears that with NDRTS,
a HUD is similarly as distracting as an HDD. Furthermore, these results shed some light
on those of Li et al. (2020). While the same pattern of eye movements is seen here when
comparing an HDD to a HUD, the lack of improvement in hazard prediction scores suggests
that simply directing driver attention to the road does not necessarily result in increased
situational awareness as Li et al. (2020) posit. However, they do recognise that they did
not quantify visual attention between the NDRT and the road in this manner. Similarly,
Radlmayr et al. (2018) found that horizontal gaze during a visually distracting NDRT was
significantly lower than when scanning the road, which led to reduced levels of situational

awareness.

Even when the layout of the HUD was augmented in the Dynamic HUD condition to facil-
itate attention to the hazard, there was still no benefit to hazard prediction scores despite
similar behaviour to the Control condition. Pakdamanian et al. (2022) demonstrated that
introducing context-dependent cues into a range of NDRTs improved takeover reaction
time and performance after regaining control. The results presented here are not concor-
dant with this, where the attentional cue designed did not provide any benefit to hazard
prediction. Pakdamanian et al. (2022) also claim there was improved situational awareness

with their warning alerts, with an increase in fixations on the road.
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However, the results from this experiment found that hazard prediction scores in the
Dynamic HUD condition were significantly worse than when watching the road, indicating
that driver’s situational awareness was impaired by the NDRT, in spite of the inclusion
of an attentional cue and an increase of fixations in the correct area of the screen. This is
perhaps due to an attentional resource conflict (Wickens, 2002; Horrey and Wickens, 2003),
with both driving and NDRT being in the visual domain here, whereas Pakdamanian
et al. (2022) used alerts specific to the NDRT modality to draw the attention of drivers
to the road. Multimodal alerts have been shown to better convey danger to drivers over
unimodal ones (Politis et al., 2014b, 2017). It is possible that including a multimodal
alert may improve performance on the hazard prediction task or act as more of a signal
to switch to the driving task. However, from these results, it is apparent that using driver
attention as a substitute for awareness of the road, at least in the visual domain, may be

problematic when designing interfaces for presenting NDRTS.

This has implications for driver monitoring systems, which rely on the assumption that
a driver fixating on the road is paying attention and aware of their surroundings. When
NDRTs are presented in an AR HUD, a driver monitoring system may assume the driver
is paying attention to the road when they are actually interacting with an NDRT and
not processing what is happening on the road. Braunagel et al. (2016) demonstrated that
eye movement classification is sensitive to the NDRT that is being performed and recom-
mended an adaptive classifier to determine where a driver is fixating. Just monitoring a
driver’s eye movements alone is not enough to evaluate if they are looking at the road,
nor if they are understanding the scene they are fixating on. While the ultimate goal of
automation is to eliminate the need for a human driver, they will be required to supervise
automated vehicles for some time to come. Designers of NDRTs who want to take advan-
tage of the full benefits of automation should consider the distracting nature of these tasks
and be mindful that measuring eye movements is not necessarily the whole story when it
comes to keeping drivers in the loop. Incorporating relevant driving-related content into
the design of the NDRT may be one potential solution for this (Schroeter and Steinberger,
2016; Wu et al., 2023a), further work is needed to establish the effect of this on SA.
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5.10 Chapter 5 Discussion

Summary of Findings

The two studies presented here evaluated whether using AR to present NDRTs can help
driver’s situational awareness. The results showed that an AR HUD provided no additional
benefits over an HDD on Hazard Prediction ability, except when an attentional cue was
included into the design of the NDRT. However, this was dependent on the workload of

the NDRT, with a more demanding task not showing the benefit of an attentional cue.
These experiments help to answer the research questions in the following ways:
e RQ1) Can drivers maintain situational awareness while engaged with an NDRT?

Participants were able to predict hazards with an above-chance performance in all the
NDRT presentation conditions, but still lower than with full attention on the driving task.
Though these results do not rule out NDRTs during supervision, it shows that there is a
cost to engaging with an NDRT in terms of awareness. Alternative designs, interactions,
and presentation methods should be investigated to lessen the negative effect on awareness

and ensure safe takeovers.

e RQ2) Does presenting an NDRT via an AR HUD have benefits for situational aware-

ness over a traditional HDD?

There were no significant differences between the HUD and HDD conditions in either
experiment by themselves. Presenting an NDRT via a HUD alone does not have any
significant benefits on hazard prediction performance compared to a HDD. This is perhaps
due to the attentional requirement of the NDRT, or occlusion of the road scene preventing
similar awareness levels being acquired. This suggests that simply presenting an NDRT

via a HUD would not be enough to improve situational awareness
e RQ3) Does including an attentional cue in the AR HUD aid situational awareness?

Adding a dynamic attentional cue to the AR HUD helped bring attention to the road
over the HDD conditions in Experiment 3 , whereas the AR HUD condition itself did not.
However, the attentional cue did not prove useful in Experiment 4. The keypad dialling
task with the dynamic cue in Experiment 4 was rated as having a higher workload than a
gem-popping game with a red gem cue in Experiment 3, which may explain the disparity
in results. Eye tracking data show that fixations were successfully drawn to the area cued
by the AR HUD, but this did not translate into improved situational awareness. Together,
these results suggests that attentional cues may provide benefit to situational awareness,

but what constitutes an effective cue requires further research.
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Limitations and Recommendations for Future Work

The Hazard Prediction task here is used as an approximation for a driver monitoring
the road and predicting what happens next, indicative of the projection stage of Endsley
(1995a)’s situational awareness model. The Hazard Prediction task presented here is
a valid SAGAT variation which has had success in discriminating between novice and
experienced drivers (Crundall, 2016; Ventsislavova and Crundall, 2018) This is not entirely
representative of the driving task as a whole, as it requires only a short period of attention
in a controlled setting for the duration of the clip, rather than sustained attention over a
longer period of time. As Mackenzie and Harris (2015) point out, driver eye movements
can differ between passive and active driving. This is not necessarily the technique used in
longer driving scenarios where supervision is more likely to occur, i.e., motorways. Here,
factors such as fatigue, distraction or the length of the drive are likely to affect attention to
the road (Kee et al., 2010; Ting et al., 2008). Though the hazard prediction test has merit
as a measure of a driver situational awareness (Crundall, 2016), future research should
compare the effect of engaging with an NDRT in a HUD vs an HDD in a more realistic
road scenario, i.e., an automated driving simulator or as a passenger in an on-road study,

to measure the behaviour of drivers taking control after having been distracted.

Similarly, whilst footage was collected from a wide range of road types and environments,
the majority of hazard clips occurred in close urban or suburban roads. This is consistent
with areas where most road collisions occur (UK Government, 2022a), so this is likely
where TORs would be common, as well as more driving in general. However, this task
cannot measure a driver’s predictive ability for more novel or environmental hazards that
are difficult to predict, such as a patch of ice on the road or an oncoming vehicle obscured
by a bend. Navigating these hazards relies more on faster reactions and attention to the

road rather than predicting what is about to happen, as they are unpredictable.

Additionally, the stimuli presented in both studies were visual. Politis et al. (2014b) have
shown that multimodal interfaces are much more effective at attracting driver attention in
the event of a TOR (Politis et al., 2014b, 2017). Pakdamanian et al. (2022) also showed
that cueing attention multimodally leads to increased situational awareness and safer
management of takeovers, and Ma et al. (2023) found different neural activation patterns
for unimodal and multimodal interfaces, though there were no differences in workload for
locating notifications. It has been shown that performing tasks that compete for the same
resources simultaneously results in poorer performance (Briinken et al., 2002; Horrey and
Wickens, 2003), something which is also apparent for in-car NDRT inputs (Roider et al.,
2017). This may explain the lack of effectiveness of the attentional cues compared to

baseline performance in both studies.
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NDRTs with lower attentional requirements or that require different cognitive resources
such as voice interfaces or auditory tasks may receive a greater benefit from attentional
cues. Further research should compare NDRTs using different modalities and how con-
flicting versus compatible modalities moderate the effectiveness of attentional cues. Fur-
thermore, future work should also investigate whether an AR HUD would benefit from
multimodal cues, or if a multimodal NDRT has a greater impact on situational awareness.
Finally, follow-up research into how drivers pay attention to attentional cues during an
extended automated drive would also reveal how they can be used when a TOR is not

needed.

Previous research has shown that the accuracy of the HoloLens 2 is not as reliable as
specific eye trackers. Aziz and Komogortsev (2022) highlighted calibration issues when
using the HoloLens 2, which results in a certain amount of drift over time. Unfortunately,
the experiment presented here was conducted before this experiment was conducted, and
so their recommendations were not followed. As such, the analysis technique used here
has been limited to using the much broader I-AOI classification technique. While precise
fixation locations cannot be reported, there is still value in using these AOI classifications

to show differences in eye movements between AR presentation conditions.

Similarly, most eye-tracking research collects data at 60Hz, with the ’standard’ being
considered 100Hz. Using the HoloLens 2, it was not possible to collect measurements
at this frequency due to the headset limit of 30Hz. However, the ability to measure eye
movement behaviour when also using an AR headset presenting 3D holograms is not easily
implemented using more traditional eye-tracking hardware. Whilst the measurements here
might not be at the same frequency as dedicated eye-trackers, the data collected allow the

viewing of realistic interactions with an AR interface.

Finally, both the Hazard Prediction and AR NDRTSs were presented in the visual domain,
increasing the overlap between attention systems (Wickens, 2002; Horrey and Wickens,
2003). Schartmiiller et al. (2021) found that presenting an NDRT via a HUD significantly
increased perceived workload and had a negative impact on gaze behaviour, compared to
an audio interface. Further research should also investigate how engaging with different
multimodal NDRT interfaces might affect a driver’s situational awareness. For instance,
whether spatial audio (Beattie et al., 2014; Wang et al., 2017b), haptic (Telpaz et al.,
2015; Di Campli San Vito et al., 2020a), or thermal cues (Di Campli San Vito et al.,
2018) might have improved the driver’s awareness of the road environment (Geitner et al.,
2019). However, given the projected popularity of in-car AR, there is merit in investigating
the specific effect of engaging with a distracting visual interface that overlaps with the

predominantly visual driving task.
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AR HUDs: Help or Hindrance for NDRTs?

The benefit of using HUDs to display information is not a new finding (Medenica et al.,
2011; Smith et al., 2015; Jose et al., 2016), but there has been little research into how
presenting a non-driving related task affects the underlying hazard awareness of the driver.
While most AR HUD concepts tend to focus on displaying driving-relevant information
to the driver (D’Arcy, 2022; Firth, 2019a), people report wanting to engage with NDRTs
in AVs (Panagiotopoulos and Dimitrakopoulos, 2018). The time for a driver to regain
situational awareness is around 10 seconds (Walch et al., 2017), which is increased when
using a handheld device for an NDRT (Zhang et al., 2019) as well as when engaged with
an NDRT presented in a HUD (Li et al., 2020). The results from the studies presented
here corroborate the findings that any heads-down activity impairs the driver’s ability to
maintain awareness of the road (Liu and Wen, 2004b). However, they also indicate that,
unlike driving-related information, engaging with an NDRT via a HUD also hinders driver
awareness. This is important since current regulations and guidelines allow drivers of AVs
to engage with NDRTSs such as playing games or watching movies within the car (BBC,
2022), as long as they are able to regain control of the vehicle if needed (UK and Scottish
Law Commissions, 2020). To maintain driver awareness whilst engaged with an NDRT,
simply switching from an HDD to a HUD does not provide the benefits seen with driving-
related information (Lindemann et al., 2018; Jing et al., 2022). Design considerations must

be made to account for the distracting nature of NDRTs.

Schomig and Metz (2013) have shown that drivers can engage with NDRTs in a situa-
tionally aware way, and previous studies have investigated the feasibility of AR interfaces
for NDRTs during the supervision (Riegler et al., 2019b, 2022). However, these are not
the same results as found here, where AR HUDs provided no benefit to hazard awareness
over their HDD counterparts, with all NDRT conditions suffering worse hazard prediction
performance than full attention. This is similar to Radlmayr et al. (2018)’s findings that
presenting a balloon-popping game via a HUD led to poor performance on a SAGAT test
compared to no secondary task. A distracting AR HUD could lead to inappropriate or
delayed reactions to a critical TOR based on poor situational awareness. Even though
AR content was overlaid onto the driving task, the 'Look But Fail To See’ phenomenon
(Wolfe et al., 2022) persisted. While the NDRT in Experiment 3 was designed to have
a relatively low impact on awareness, the constant vigilance for non-driving content may
have been one cause for the decrease in performance. Furthermore, the NDRT and the
Hazard Prediction task were both visual. This is concordant with previous work show-
ing that the workload of different NDRTs affected TOR performance (Yoon and Ji, 2019;
Miiller et al., 2021). When driver attention is not on the driving task, the benefits of an
AR HUD may be lost if the task is displayed at eye level without design changes.
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Modifying the NDRT to take advantage of the dynamic spatial and visual aspects the
display offers however can be used to aid situational awareness. Pakdamanian et al. (2022)
found that providing contextual awareness notifications for different NDRT modalities led
to increased situational awareness and smoother takeover requests. Jiang et al. (2023) also
found that certain types of "situational" mobile games increased situational awareness
compared to more distracting games. These studies suggest that providing contextual
attentional information to drivers when they are engaged in an NDRT to aid awareness
could be possible. The attentional cues presented in Experiment 3 were a first attempt
to measure this regarding presenting an NDRT via an AR HUD. Concepts exploring how
this could be applied to a gamified HUD involve displaying game elements over important
road features (Schroeter et al., 2014; Togwell et al., 2022). However, this effect did not
carry over to Experiment 4. The difference here being that the attentional cue was more
visually distracting and the NDRT obscured the road more, leading to a greater perceived
workload. This suggests that the attentional cue’s design is important. A distracting cue
which draws more attention than the danger it is supposed to be cueing will have the
opposite effect on driver awareness, which is one of the biggest challenges for realising
in-car AR (Riegler et al., 2020).

Implications for Designs of AR HUDs

The use of HUDS in AVs for non-driving related tasks provide a greater challenge than
simply presenting information, as they create competition for driver attention. The results
from the experiments described here suggest that simply presenting an NDRT in a HUD
is not enough if drivers are still required to be aware of the road. Current discussions
around responsibility and awareness between humans and AVs mostly assumes a binary
relationship with either the human (User-in-Charge) or the computer (No-User-In-Charge)
in control (UK and Scottish Law Commissions, 2020). However, it is likely that driver
awareness will be impaired following a system-initiated TOR if attending to an NDRT
(Janssen et al., 2019). A more comprehensive approach would be to model the relationship
as a continuum of responsibility that shifts between the driver and the AV throughout the
drive (Marcano et al., 2020). Janssen et al. (2019) set out a framework that highlights
different stages of disengaging and re-engaging with an NDRT during an automated drive,
and how driver attention progresses through these stages, rather than instantly switching
task from non-driving to driving task. Importantly, they point out how driver awareness
is likely to be impaired if a binary transfer of control is enacted without sufficient prior

warning.
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Whilst the role of driver lessens as the capabilities of AVs increase, full automation is
still many years away. Hazard prediction is one of the key challenges for reaching L4
AVs (Schwalb, 2021; Mallozzi et al., 2019). L3 vehicles, however, are now being sold in
the USA and Germany (Harley, 2023), and the UK Government is creating legislation
defining who is responsible in an AV both with and without a driver able to take control
(UK Parliament, 2023). Issues with implementation has resulted in a slower rollout of L4
vehicles than anticipated (Gordon, 2023). L3 vehicles are therefore a more realistic goal
for automated driving, which can use driver expertise in hazard prediction as a failsafe.
However, systems which can keep drivers attending to the road without negating the
benefits that automation can bring are needed. A dynamic HUD which allows drivers to
engage with NDRTs and also preserves their awareness of the road through attentional
cues is one solution to this issue. For example, with the AV in control, the driver is
free to engage in NDRTs and take their attention off the road. As the AV starts to lose
confidence in its ability to predict a complex road scene, or its ability to safely navigate, it
could start to notify the driver by modifying the NDRT to include information about the
road, e.g., the colours surrounding a HUD displaying emails start to change (Yang et al.,
2018), or the elements of a game change to reflect objects on the road (Wu et al., 2023a).
If the AV is not able to resolve these issues itself, it can then start to notify the driver
that they should be prepared for a TOR. Rather than being expected to assume absolute
control with no awareness of the road environment, a driver being shown these dynamic
cues would be able to take on more responsibility for the driving task without needing to
spend time reacquainting themselves with the road. In extreme cases, the driver would
be able to safely take control of the vehicle rather being thrust into a dangerous driving

scene and have to make a decision based on poor awareness.

This all needs to be considered with the ultimate aim of still allowing drivers to engage
with NDRTS, so as not to lose the benefits of automation. Previous research shows how
novelty could prove more attention capturing than the cue itself (Itti and Baldi, 2005;
Ernst et al., 2020), which may be an explanation for the results in Experiment 4. A
display which, upon detecting a hazard, opens up to reveal the road beneath may allow
drivers full view of the hazard, but the disruption to the task actually draws attention
away from the road. The balance between creating an attentional cue which provides
important information but does not capture too much attention requires further research

if attentional cues are to be incorporated into NDRTs.
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Recommendations

The results from these two studies have implications for designers of in-car infotainment
systems that can be used for NDRTs during automated driving. Whilst currently confined
to a heads-down internal screen, the progression to higher levels of driving automation
along with an increase of in-car mixed reality displays will allow more sophisticated inter-
faces to be implemented. The results from the two studies presented here indicate that
simply presenting non-driving content in a HUD does not provide significant benefits to

driver awareness by itself.

From this are a list of recommendations for designers of in-car infotainment displays in
order to limit the impact they may have on driver awareness and take advantage of the

dynamic nature that mixed reality interfaces can provide:
e Include dynamic attentional cues which draw attention to the road

Simply displaying NDRTs in an AR HUD is not enough to facilitate situational
awareness, and can even be distracting to the driver. NDRTSs should include a

dynamic cue that brings attention to specific areas of the road.
e Utilise change in colour and positioning

Giving attentional cues a distinctive appearance that separates them from other
NDRT elements and enhances their ability to capture attention. Creating a visually

attention-capturing cue requires it to be visually distinct from the underlying task.
e Do not disrupt performance of the NDRT

A dynamic cue which violates user assumptions of how to perform the NDRT can
be more distracting, and so the design of dynamic attentional cues should consider
the design of the NDRT and fit into how users typically engage with and what they
expect of the task.

e Consider the overall workload of the non-driving task

A more demanding task requires more attentional resources, which leads to less
attention available to monitor the road. The increased workload of tasks such as
reading text or inputting information needs to be considered when trying to draw

driver attention back to the road with an attentional cue.
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5.11 Conclusions

This chapter presented two experiments which compared the impact of presenting a NDRT
in a HUD or a HDD on a Hazard Prediction task. In Experiment 3, performance on this
task was significantly impaired compared to a baseline without any non-driving task as
a distraction. Presentation in an AR HUD including an attentional cue did show signifi-
cantly less impact than HDD conditions. However, performance was still poorer compared
to when participants completed the task without a distracting NDRT. Experiment 4 ex-
panded on these results by using a more realistic non-driving task including an attentional
cue, with a design informed from an expert focus group. Participants’ performance on
this task was significantly impaired compared to baseline without any non-driving task as

a distraction, regardless of presentation method or the inclusion of the attentional cue.

The results from these experiments help to address RQ1 of the thesis (section 1.3), demon-
strating that the demanding nature of a NDRT also impairs situational awareness as it
impaired reaction time, as seen in Chapter 3. Furthermore, in answer to RQ2 of the thesis,
presenting the AR display in a HUD location did not have the beneficial effects that are
seen in the literature for driving-related information. Simply presenting the non-driving
tasks via an AR HUD to keep their eyes on the road may not be the solution to keeping
drivers in the loop. Analysis of gaze behaviour showed that, despite fixating on the road,

a HUD presentation provided no additional benefit to hazard prediction.

Furthermore, to address RQ3 of the thesis, a Dynamic HUD with an attentional cue
that successfully drew the driver’s attention to the hazardous area of the road did not
translate into improved situational awareness. When assessing the situational awareness
of drivers, simply using their gaze does not give the full picture. The results from this
chapter have implications for the use of driver monitoring systems, which evaluate driver
attention if their eyes are on the road. They suggest that these systems risk overestimating
the ability of a driver to maintain awareness of the road, especially if they are engaged
with a distracting NDRT. Designers of in-car displays should consider these results when
creating in-car displays and consider the workload of the NDRTSs that drivers might engage
with. This poses the question of whether it is possible to use an attentional cue within an
AR display that can maintain situational awareness during a NDRT at the same level as
without a distraction. The next chapter explores this further, expanding on RQ3 of the

thesis.
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The effects of using a Virtual Agent to
Signal Danger on the Hazard

Prediction ability in Distracted Drivers

Figure 6.1: View of the experimental setup of the driving simulator with an example of the augmented
reality task (left), the front on view of the virtual agent used (centre) and an example of the animated
social cue with the agent pointing towards the hazard in the clip (right).

While in-vehicle interfaces can benefit from being characterised as social interactions (e.g.,
conversational agents providing navigational instructions), displaying safety-critical infor-
mation to drivers through social cues has not been evaluated. This chapter investigates
whether social information from a virtual agent can aid driver awareness during a distract-
ing non-driving related task (NDRT). Two experiments evaluated the hazard prediction
ability of drivers performing NDRTs with either a visual cue or a virtual agent indicating
danger. Results demonstrated that when an attention-capturing element was included,
the head-turning of the virtual agent was as beneficial as a visual cue. Furthermore, dis-
playing these cues during an NDRT maintained hazard prediction performance as when
watching the road without distraction. This chapter addresses RQ3 for the thesis, and has

implications for using social information in attentional displays to aid driver awareness.
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6.1 General Introduction

Operation of a vehicle usually falls to a single driver, who takes on full responsibility for
manually controlling the vehicle and attending to the road. As automated vehicles become
more advanced, the responsibility for these driving tasks will be increasingly shared with a
computer. Consequently, drivers can focus on Non-Driving Related Tasks - (NDRTS) while
the vehicle operates autonomously. Unfortunately, despite the promise of fully replacing
drivers with computers, the progression of automated vehicle technology has not matched
the enthusiasm for its benefits (Hancock, 2019). As such, current legislation requires
the driver to remain attentive to the road and aware of the vehicle’s state at all times
(UK Parliament, 2024; UK and Scottish Law Commissions, 2020), regardless of what
tasks the vehicle can perform. This creates competition for the driver’s attention between
maintaining awareness of the road and the NDRT. Distracted drivers show reduced driving
performance after taking control (Dogan et al., 2019; Yoon and Ji, 2019) and cannot
process the road effectively (Goodge et al., 2024). To mitigate this, new methods of
displaying information to drivers must be developed to aid their awareness of the road
while distracted by an NDRT.

Using Augmented Reality - (AR) to display driving-related information benefits attention
when the driver controls the vehicle (Karatas et al., 2020; Wang et al., 2022b). Present-
ing information at eye-level with the road as an AR Heads-Up Display - (HUD) has seen
benefits in automated vehicles for reducing reaction times to take over requests (Winters-
berger et al., 2018b) and crash warnings (Kim et al., 2013). AR HUDs have also been
found to facilitate smoother transitions between manual and automated driving (Langlois
and Soualmi, 2016) and increase trust in automation (Wintersberger et al., 2018a; Oliveira
et al., 2020). However, questions remain over the impact of presenting a distracting NDRT
via an AR HUD on the ability of drivers to anticipate danger, a key aspect of their situa-
tional awareness of the road (Crundall, 2016; Endsley, 1995a). Regaining awareness after
resuming control is impaired when performing an NDRT on a handheld device (Zhang
et al., 2019) and in a HUD (Li et al., 2020). While AR HUDs have shown benefits in
highlighting danger (Wang et al., 2022b; Schomig et al., 2018), awareness is impaired if
the driver is also performing an NDRT (Hungund and Pradhan, 2023; Radlmayr et al.,
2018), even when attention is cued towards danger (Goodge et al., 2024). Overlapping
task demands of a visual NDRT on the visual driving awareness task may be one cause
for this (Wickens, 2002; Wandtner et al., 2018), but it is still unclear how to use AR to

inform drivers of hazardous road events while they are distracted by an NDRT.
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Incorporating virtual assistants to communicate information to drivers may provide bene-
fits over current visual or auditory interfaces (Wallbridge et al., 2022; Wang et al., 2022a;
Karatas et al., 2018). Humans can process social information (behavioural cues relevant
to social interaction) at faster rates than visual information (Thornton and Conway, 2013;
Frischen et al., 2007). Social cues such as head-turning behaviour, where humans ori-
ent their attention towards where another person is pointing their head (Langton et al.,
2000; Rubio-Fernandez et al., 2022), has been shown to effectively communicate location
in human-robot interaction settings (Yamazaki et al., 2008; Hoque et al., 2011; Sheikhi
and Odobez, 2015). Current research investigating virtual assistants in vehicles has seen
potential benefits in reducing perceived workload (Karatas et al., 2015, 2016), increasing
perceived safety (Karatas et al., 2018) and increasing trust in automation (Wallbridge
et al., 2022). Using social cues to display information about the road may provide ad-
ditional benefits in aiding driver awareness of the road while they are distracted by an

NDRT, compared to a visual cue alone.

This chapter investigates whether a virtual assistant exhibiting social cues highlighting
danger can benefit driver situational awareness. Specifically, can the head-turning be-
haviour of a virtual agent displayed in AR aid hazard prediction, compared to a tradi-
tional visual cue. Two experiments are presented that investigate how prediction ability
is affected by including an attentional cue, either as a visual or social modality, while
drivers are engaged with a visually distracting NDRT. In the first experiment, the hazard
prediction performance of drivers engaging with an NDRT that included a cue that only
highlighted the position of the hazard was measured. Performance with either a visual
cue or an agent cue included in the NDRT was compared to performance both without
any cue included and without an NDRT. The results showed performance in all conditions
with an NDRT was significantly poorer than with no NDRT, regardless of the type of cue
included. In the second experiment, hazard prediction performance was again compared
between cues indicating the hazard’s presence and position. A colour-changing visual cue,
a colour-changing agent and an animated social agent, which all alerted the driver to the
presence of a hazard and highlighted its location, were compared to hazard prediction
performance without an NDRT. The results from this experiment found that both the
colour-changing visual and agent cues maintained the same level of performance as when
there was no NDRT, but the animated social cue condition was significantly poorer than

all other conditions.
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6.2 Related Work

Automated vehicles will allow drivers to take their attention off the road onto NDRTs
(Panagiotopoulos and Dimitrakopoulos, 2018). While the ultimate goal is a fully au-
tonomous vehicle that requires no human intervention, achieving this at scale has proved
challenging (Kosuru and Venkitaraman, 2023; Tengilimoglu et al., 2023). Therefore, gov-
ernments worldwide are starting to prepare for partially automated vehicles, where a
driver is still required to pay attention to the road during an automated drive (UK and
Scottish Law Commissions, 2020; UK Parliament, 2024; The European Parliament, 2022).
Should automation fail, the current safeguard is for the vehicle to issue a Takeover Re-
quest - (TOR), an alert signalling the driver to resume full control of the vehicle. These
TORs are designed to capture the driver’s attention and alert them that they need to
take, or are about to be given control. While this is typically measured through driver
reaction time, the usefulness of the TOR paradigm may be overstated (de Winter et al.,
2021). It relies on the assumption that a driver is fully aware of the road scene at all
times during an automated drive and able to smoothly regain control of the vehicle to
deal with the current situation after a TOR has been issued. This is not plausible when
a driver is engaged with a distracting NDRT which takes their attention away from the
road. Much research has shown that distraction reduces driving performance (Papanto-
niou et al., 2017; Oviedo-Trespalacios et al., 2016). Takeover performance is inhibited after
drivers have been engaged with NDRTs (Weaver and DeLucia, 2022; Soares et al., 2021;
Radlmayr et al., 2018), with reaction time to TORs (Zeeb et al., 2016; Wu et al., 2019),
hazard perception performance (Zangi et al., 2022) and driving eye-movement patterns
(Li et al., 2020; Wu et al., 2022, 2021) all being disrupted. An unexpected TOR results
in a period where the driver is required to switch tasks from the NDRT to controlling the
vehicle (Janssen et al., 2019), during which driving performance is impaired (Soares et al.,
2021; Wu et al., 2022; Eriksson and Stanton, 2017).

Guiding Driver Attention

To try and improve the effectiveness of TORs, attempts have been made to communicate
the vehicle’s state and information about the road to the driver during an automated drive
without drawing their attention away from the road. Capallera et al. (2022) highlight how
this has involved creating peripheral interactions so as not to intrude on the driver’s view
of the road. Examples include LED strips on the dashboard (Yang et al., 2018; Locken
et al., 2016), ambient lights around the steering wheel (Mok et al., 2017; Matviienko et al.,
2016), combined dashboard and centre console displays (Wang et al., 2017a) and peripheral
lights on a pair of glasses (Van Veen et al., 2017).

132



6.2. Related Work

Further research also demonstrates the use of vibration or thermal cues to provide nav-
igational cues (Di Campli San Vito et al., 2019) or signal a TOR (Di Campli San Vito
et al., 2020b) to drivers in a less intrusive manner. These interfaces provide information
while the driver is attending to the road or manually controlling the vehicle. However,
the ability to perceive this information is impaired for drivers distracted by an NDRT
(Zhang et al., 2019; Zangi et al., 2022). Studies investigating drivers resuming control of
an automated vehicle after engagement with an NDRT suggest that reaction times (Dogan
et al., 2019) and braking responses are impacted (Weaver and DeLucia, 2022; Wandtner
et al., 2018). Using AR for in-vehicle mixed reality displays (McGill et al., 2020, 2022)
has been proposed as an efficient way to present information to drivers. Displaying infor-
mation at eye level in this way as a HUD has benefits for driver attention. A meta-review
by Niu et al. (2024) highlights how warnings presented in a HUD improve reaction times
compared to HDDs. Furthermore, AR HUDS can display more dynamic and detailed in-
formation to drivers than traditional HUDs that only display static information (Gabbard
et al., 2014; Riegler et al., 2019a). This has benefits for highlighting pedestrians (Wang
et al., 2022b), road crossings (Karatas et al., 2020) and communicating planned manoeu-
vres (Schomig et al., 2018). AR HUDs have also been shown to reduce distraction (Jing
et al., 2022), increase recognition of vulnerable road users (Rusch et al., 2013), and aid
lane change manoeuvres (Langlois and Soualmi, 2016). These interfaces draw attention
towards important aspects of the road to aid a driver’s situational awareness; their mental
representation of the current road scene (Endsley, 1995b). For example, Dynamic AR
HUDs can inform drivers of upcoming road events in real-time (Schomig et al., 2018) or
cue attention to important or dangerous road areas (Lindemann et al., 2018). However,
AR HUDs are typically evaluated when the display presents driving-related information,
which aims to improve the driver’s awareness of the road. One of the main uses of an
AR HUD would be to present NDRTS to drivers (McGill et al., 2020, 2022), yet Niu et al.
(2024) note that few studies investigate the effects of using AR HUDs for engaging with
NDRTs. What has been done indicates that presenting an NDRT as a HUD display does
not necessarily convey the same benefits (Smith et al., 2015; Schomig et al., 2018; Goodge
et al., 2024). Designing an AR interface to provide driving-related information to a driver
distracted by an NDRT requires consideration of how best to communicate information

the driver perceives and understands.

Shared Attention to the Road

In partially automated vehicles, sharing responsibility for the driving task between humans
and computer has been characterised as "co-driving" (Wu et al., 2023b). During partially-
automated driving, the human driver still needs to be informed of the current state of the

vehicle, the road environment and the vehicle’s understanding of the road scene.
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Studies have shown that having a driving-experienced passenger in the vehicle can ben-
efit a driver’s awareness and response times to danger (Chandrasekaran et al., 2019).
Similarly, while mobile phone conversations impair driving performance, (Crundall et al.,
2005), in-person conversations do not have the same impact, attributed to both driver and
passengers moderating the extent of their conversation based on the current demands of
the driving scenario (Drews et al., 2008). This includes changing the conversation topic
to be about the road, aiding situational awareness and navigation (Drews et al., 2008).
Though driving is largely an individual task, this suggests that drivers can benefit from

information from another perspective.

While previous work focuses on verbal interactions, incorporating mixed reality interfaces
into vehicles could display a passenger’s (or an automated vehicle’s) understanding of the
road in novel and informative formats, going beyond speech. Maurer et al. (2014) proposed
a prototype for displaying passenger gaze behaviour to the driver of a manual vehicle using
mixed reality. In a driving simulator setup, a yellow circle was displayed on the screen to
show the driver where their passenger was looking to aid navigation. Drivers reported that
using this interface felt easier than verbal communication for directions. This concept was
evaluated further by Trosterer et al. (2015), who compared this passenger gaze display
with verbal communication or an idle driver. They found that drivers collaborating with
a co-driver found the task less stressful and reduced perceived workload. However, they
found mixed results regarding the gaze display, with no benefit to driving performance.
A follow-up study utilised an LED strip mounted on the dashboard to display passenger
gaze (Trosterer et al., 2019). Drivers were tasked to drive along a pre-defined route while
a passenger aided navigation using their gaze, fixating on objects in the road scene for
the driver to identify. A correct object identification rate of 77% was observed (higher for
identifying vulnerable road users: 85%), with drivers reporting the gaze visualisation was
useful for aiding navigation (Trosterer et al., 2019). Similar studies evaluating AR HUDs,
which guided eye movements towards the road helped to reduce detection time (Fathiazar
et al., 2023; Karatas et al., 2020) and increase object recognition (Wang et al., 2022b).

Despite relaying information from another perspective, these displays remain within the
visual domain to communicate information to the driver. Within a HUD presentation,
displaying visual information is likely to compete for attentional resources with a visual
NDRT and has been found to reduce situational awareness (Goodge et al., 2024; Radlmayr
et al., 2018). Trosterer et al. (2015) reported that, despite the benefits, some drivers
reported the constant passenger gaze display as intrusive and distracting. This is likely,
according to Wickens (2002) Multiple Resource Theory, due to the concurrent driving
and non-driving tasks competing for the same attentional resources, leading to reduced
performance in both tasks (Head and Helton, 2014; Fereydooni et al., 2019; Ward and
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Helton, 2022; Jackson et al., 2023). This raises an issue when considering how to display
road information to drivers so that it does not overlap with an NDRT. For example, visual
alerts indicating danger could conflict with a visual display showing a video, and audio
alerts can blend into music or background road noise (éabié et al., 2019). Providing cues
relevant to the context of the NDRT has been shown to benefit takeover reaction times
(Pakdamanian et al., 2022), but the driver’s awareness of the road scene after a TOR
has not been evaluated before. Designing an effective attentional cue that provides this
information to distracted drivers remains a challenge, particularly creating an attentional

cue which does not impair on the driver’s ability to process the road.

Social interaction with(in) the vehicle

A novel way to communicate information could be using social information; behavioural
cues such as speech or eye gaze which humans use to facilitate communication (Frith and
Frith, 2007). Humans are more efficient at processing social information compared to
visual information (Thornton and Conway, 2013; Frischen et al., 2007), yet there has not
typically been a place for social information used for in-vehicle interfaces. Previous work
mostly considers social interactions between the driver and other road users (Dey et al.,
2019; Walch et al., 2019; Ezzati Amini et al., 2021). However, incorporating information
that forms part of social interaction is a potential solution to creating attentional cues
which do not intrude on the driving task. For example, using speech warnings for alerts
improved response times (Politis et al., 2015) and driving behaviour in critical situations
(Politis et al., 2014a) over audio-based cues. Beyond this, characterising a speech interface
as a social interaction with an in-vehicle virtual assistant has been shown to benefit drivers

of automated vehicles, reducing driver fatigue and increasing alertness (Huang et al., 2024).

Joint Attention

While these studies employed speech interfaces to improve driver awareness, they only
encompass one aspect of social information: speech. Yet, the capacity for humans to
process social information goes beyond speech alone; eye gaze and head turning are useful
social cues to work out where another person is attending to (Kluttz et al., 2009), known
as establishing Joint Attention (Moore et al., 2014). Using these social cues is cognitively
efficient (Herrmann et al., 2007; Thornton and Conway, 2013), with people responding
quicker to a head turn than a visual cue. When someone turns their head, our instinct is
also to look and see what they have noticed (Langton et al., 2000), which is used as an
inference for gaze (Frischen et al., 2007; Rubio-Fernandez et al., 2022) in the absence of

eye contact.
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Consequently, head-turning behaviour has been used in human-robot interaction research
to create a shared point of focus, since eye gaze can be difficult to establish in robots
(Sheikhi and Odobez, 2015). Having a robot exhibit human-like head turning and gaze
behaviours has seen benefits in recalling a story told by a robot (Mutlu et al., 2006) and
increasing likeability and anthropomorphism in human-robot handovers (Kshirsagar et al.,
2020). Directing a robot’s gaze towards an object is also an effective way of drawing a
person’s attention to that object (Admoni and Scassellati, 2017; Hoque et al., 2011). This
has seen specific applications in settings such a robot museum guide (Kuno et al., 2007;
Yamazaki et al., 2008; Sheikhi and Odobez, 2015) with participants successfully identifying

exhibits that a robot turns its head towards.

Robots in Robot Cars

In a driving context, similar work has found that introducing robots as an embodiment of
a virtual assistant can benefit driver attention. Karatas et al. (2015) introduced an in-car
multiparty robot called NAMIDA, consisting of a dashboard-mounted robot with three
spherical heads that were able to rotate and direct attention towards the road. When
the robot was engaged in multiparty conversation, Karatas et al. (2015) found lower
perceived attentional, visual and auditory demand of drivers. They also found interacting
with NAMIDA encouraged more fixations on the road (Karatas et al., 2016). When
NAMIDA directed their gaze towards dangerous road events, ratings of agency and safety
were increased (Karatas et al., 2018). In a separate study using the Nao robot, Wang
et al. (2022a) found that scores on a situational awareness test were higher when drivers
were accompanied by a robot providing either informative or conversational interactions,
compared to speech commands alone. Furthermore, Wang et al. (2022b) also found that
embodying a virtual assistant as a robot increased ratings of competence and reduced

driver perceived workload.

This work suggests there are benefits to incorporating an embodied virtual assistant as
an in-vehicle interface and characterising interaction with a vehicle in a social capacity.
However, installing a robot into every future automated vehicle is likely to be complex,
expensive and undesirable to some drivers (Tussyadiah et al., 2020; Nachmann et al., 2020).
Additionally, there is evidence that drivers prefer a conversational-only agent compared
to a fully embodied robot (Dong et al., 2020). With more advanced in-vehicle interfaces
however, (Robertson, 2024; Tisshaw, 2020) and incorporation of mixed reality into the
vehicle (McGill et al., 2020, 2022), it is possible to display a greater variety of dynamic
information to drivers. The introduction of mixed reality as in-vehicle interfaces allows
more sophisticated displays that provide information to drivers e.g., through an embodied

agent.
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Though confined to a standard centre console display, NVIDIA’s DRIVE Chauffeur con-
cept which includes their "Omniverse" Avatar demonstrates a move to characterise inter-
action with an automated vehicle as social, through a conversational agent (Shapiro, 2021;
NVIDIA, 2021). Wallbridge et al. (2022) (unpublished) describe preliminary results evalu-
ating the effect of a social agent presented in mixed reality benefited trust and attribution
of blame towards an automated vehicle. However, it is still unclear whether social agents
can be used as specific attentional aids towards hazardous events in the road. Though
Karatas et al. (2018) found that gaze-directing robots increased ratings of safety, they
did not measure the effect these had on the drivers gaze behaviour, or their awareness of
hazards. However, Tamura et al. (2021) found that the same gaze-directing robots did
aid reaction time to congruent visual cues in a laboratory setting. Wang et al. (2022a)
showed that an in-vehicle assistant providing information about the road aided situational
awareness, though this was only probed while the driver was focused on the driving task
and not distracted by an NDRT. Given our ability to process social information more effi-
ciently than visual information, there may be benefits to displaying important cues about

the road via a virtual agent as a social cue.

Summary and Research Questions

As new methods of interaction between the driver and the vehicle become available, new
modalities for presenting information to drivers are possible. Utilising social informa-
tion that humans process more efficiently may provide benefits to driver attention above
traditional visual displays and aid drivers who are distracted by an NDRT. However, ques-
tions remain over how using these social cues can affect situational awareness of drivers.
Moreover, is social information inherently easier to process than visual information, or
does the distracting nature of an NDRT mean that specific cueing of attention is still re-
quired? Based on concepts from driver attention and human-robot interaction literature,

this chapter sets out to examine:

e Ch6 RQ1 Is hazard prediction performance of a distracted driver affected by in-

cluding visual or social cues showing positional information alone?

e Ch6 RQ2 Is hazard prediction performance of a distracted driver affected by in-

cluding visual or social cues showing positional information with a hazard alert?

e Ch6 RQ3 Are distracted drivers better able to use attentional cues presented

through a social agent to aid their hazard awareness compared to a visual cue?
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6.3 Experiment 5

Comparison of Visual and Social Modalities for a Positional Cue
on Hazard Prediction Ability while Distracted

Methods

Design

An experiment was conducted comparing situational awareness in drivers, as measured
through hazard prediction ability, while engaged with an NDRT presented on an AR
HUD. The experiment was designed to measure how hazard prediction ability was af-
fected by the inclusion of a positional cue, either visual or social in nature, indicating
the location of a hazard. A repeated measures experimental design was employed, with
hazard prediction score, subjective confidence ratings and subjective attention ratings as
dependent variables. The experiment used a one-way repeated measure design with 4 con-
ditions: No NDRT (Control), NDRT only, Visual Cue, or Agent Cue. This was to measure
whether drivers could use the implicit information provided from the positional cues while
they are distracted by the NDRT to inform their choices on the hazard prediction task.
The experimental design was approved through the College of Science and Engineering
Research Ethics committee (Application number #300230057).

Participants

A power analysis was conducted using the pwr package (Champely et al., 2016) in R
Studio, which determined that for a moderate effect size of 0.81, 21 participants were
required for the repeated measures design. Twenty four participants (Mean Age = 30.4
years, SD = 7.2, 11 Female) were recruited via online forums and around the University
of Glasgow Computer Science and Psychology departments. All had normal or corrected
to normal eyesight and had held a driving licence for at least 2 years. Since previous
research has shown the Hazard Prediction test to be culturally agnostic (Ventsislavova
et al., 2019), this was not limited to drivers from the UK (10 UK, 4 Thailand, 4 India, 1
Bahrain, 1 China, 1 Germany, 1 Iran, 1 New Zealand, and 1 Spain). The average total
driving experience was 10.41 years (min = 3, maz = 30, SD = 7.63), the average UK
driving experience for non-UK license holders was 0.65 years (min = 0, max = 6, SD =
1.63). Fourteen people reported they had experience of driving in the Greater Glasgow
area where the hazard clips were filmed, with an average of 3.34 years (min = 0, maz
= 20, SD = 5.51). Four reported having used an AR headset before, six reported using
mobile AR and eleven reported never having used AR. Three participants reported never
having heard of AR.
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Figure 6.2: The experimental setup used for Experiment 5 and Experiment 6 with Hazard Prediction task
displayed on the central monitor of the driving simulator and participants giving responses via buttons
on the steering wheel and the mouse.

Hazard Prediction test

The same Hazard Prediction test (What Happens Next - WHN test) as presented in
Chapter 4 was used to measure driver performance. Participants were presented with
the 40 hazard clips whilst sitting in a driving simulator, with the test presented on the
centre screen with the other two monitors turned off to avoid potential distraction. This
test was built using PsychoPy v2021.2.3 (Peirce et al., 2019) and displayed on a Samsung
LC32R500FHRXXU 32in curved monitor approximately 1 metre from participants. A
multiple choice list of 4 potential scenarios were presented, which they selected using one

of the shape buttons on a Logitech G29 steering wheel (see Figure 6.2).

Augmented Reality

The AR NDRT was developed in Unity (version 20203.26f1) using the Mixed Reality
Toolkit (MRTK - version 2.7.2) and presented using the HoloLens 2 Augmented Reality
headset (Microsoft, 2024). Guidelines for placing and displaying Mixed Reality content
from Microsoft (2023) were followed for the placement, size and opacity. The same gem
popping game as in Experiment 3 was used for the NDRT. Coloured gems would appear
in 3D space in front of the computer monitor displaying the hazard prediction test. These
gems appeared at random intervals between 1.5 and 2 seconds and participants were asked

to ‘pop’ all the gems they could as quickly as possible by fixating on them.
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They received a point for each gem popped, where performance was measured by counting
the number of gems successfully popped against the overall number of gems spawned. The
gems stopped spawning when the multiple choice options for the hazard prediction test
appeared, allowing participants to focus on answering the question. This eye tracking
task was confined to the area in front of the centre monitor displaying the video clips to

emulate a HUD windscreen display.

Visual Cue

The Visual Cue condition was inspired by the LED display used by Trosterer et al. (2019).
A blue bar object (approximately 7 cm wide) was displayed 1 metre away from participants
at the bottom of the screen, which moved horizontally to highlight a particular area of the
road. This was placed just below the main monitor in the video letterboxing but still in
the drivers eyeline so the movement was visible as they were performing the NDRT. Four
seconds prior to the hazard onset (based on findings from Eriksson and Stanton (2017)),
the visual cue would move along the horizontal axis of the screen and highlight the area

where the hazard was about to appear (see Figure 6.4).

Social Agent

The agent used for this experiment was selected through a short pilot study. Four potential
virtual agents were shown observing the hazard prediction clips to 6 experts in the HCI
and AutoUI domains. In Figure 6.3 from left to right: Agent 1 was chosen as a virtual
recreation of the robot used by Karatas et al. (2015), Agent 2 was chosen to emulate a
realistic human head, Agent 3 was chosen for its oblong shape which made observing the
rotation easier, while Agent 4 was chosen to minimally intrude into the drivers view of the
road (Bobor, 2024)*.

After observing 5 clips of the agent viewing the road and responding to a hazard, par-
ticipants were asked to rate each agent on the Robotic Social Attribute scale - (RoSAS)
(Carpinella et al., 2017). Agent head 3, was rated as having the highest warmth and
competence levels and the lowest discomfort levels after comparing each element of the
RoSAS subscales, and so was selected for the main experiment. Like the visual cue, the
virtual agent was placed just below the main monitor screen in the letterboxing of the
video, so the rotation of the head was visible in the field of view of the headset as they

performed the hazard prediction task but without obscuring the road (see Figure 6.4).

! Agent 1 was created in Unity to emulate the NAMIDA robot used by Karatas et al. (2015). Both Agent
2 and 3 were taken from the 3D library of Microsoft Paint 3D Design and are used with permission from
Microsoft https://apps.microsoft.com/detail /9nblggh5{v997hl=en-us&gl=US. Agent 4 was used under
the Standard Unity Asset Store EULA https://assetstore.unity.com/packages/3d/characters/robots/sci-
fi-drones-90326 (Bobor, 2024).

140



6.3. Experiment 5: Positional Cues

Figure 6.3: The four agents used in the pilot study from left to right: 1) three robot head based off
Karatas et al. (2015), 2) a realistic human head 3) an agent with a rectangular head and 4) an agent with
a round head.

a) Control

Figure 6.4: Examples of the Experiment 6 conditions, with a) the Control (top left), b) NDRT only (top
right), ¢) Visual that moved underneath the hazard (bottom left) and c¢) Agent which rotated towards
the hazard (bottom right) conditions.
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Both positional cues would periodically move to focus on non-hazardous objects in the
road scene for 1500 ms as the hazard clips played, to familiarise participants with their
function. Four seconds before the clip occlusion (based on average TOR reaction time
findings from Eriksson and Stanton (2017)), both attentional cues would focus on the
specific area where the hazard occurred, i.e., if the hazard was 'pedestrians step out from
the left’, the visual cue would move to the left side of the screen, while the virtual agent

would rotate to look towards the left side of the screen (see Figure 6.4).

Procedure

Participants first filled in a demographics questionnaire as well as the Driver Behaviour
Questionnaire (Reason et al., 1990). They then sat in the driving simulator and were
shown an example of a Hazard Prediction clip to familiarise themselves with the main
task. Following this, they were given the HoloLens 2 AR headset which was calibrated
using the in-built calibration procedure. Participants proceeded through the four condi-
tions (Control, NDRT only, Agent Cue, Visual Cue) in a counterbalanced order, with 24
total iterations. Before each condition, (except Control) participants were given a brief
introduction to the AR components. For the NDRT conditions, this involved practising
popping the gems whilst watching 2 example clips, whereas for the AR conditions this also
involved observing the function of each attentional cue on the two practice clips. These
were both described as "demonstrating where the vehicle suggests you should be paying
attention to”. Each condition was presented as a block of 10 Hazard clips, totalling 40
clips for all conditions. Participants watched each clip and gave a response via a button
on the steering wheel for each WHN clip, after which they were asked to rate their con-
fidence in their responses on a 0-100 scale using a mouse. At the end of each condition,
they rated their subjective attention to the driving task on a 0-100 scale, and filled in the
NASA-TLX measuring their perceived workload for the completed condition. In the AR
conditions, participants also completed the RoSAS questionnaire (Carpinella et al., 2017)
rating how social they perceived the attentional cue (see Figure 6.5). At the end of the
experiment, participants ranked each of the 4 conditions in order of preference and took

part in a short semi-structured interview.

The study took around 60 minutes to complete and participants received a £10 voucher as
compensation for taking part. In order to incentivise attention to both tasks, participants
were told they could win an extra £5 voucher if they popped the most gems and answered

the most WHN questions correctly compared to their peers.
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Pre-Study Procedure

Demaographics and consent form —» Practice WHN Clip —» Familiarisation with AR Headset

Study Procedure

Block 1 Block 2 Block 3 Block 4

Hazard Prediction

Block AR Practice ——» Clip —» WHN Response —— Confidence Rating ]

Repeat for 10 clips per block

RoSAS Subjective Attention
{Cue conditions only) W L L rating

Each condition presented in a counterbalanced order

YRT, Visual Cue, Avatar Cue)

Figure 6.5: Diagram showing the procedure of the experiment. Each condition was presented in a coun-
terbalanced order for each participant, with 10 Hazard Prediction clips per block.

Eye tracking

Eye movement data were collected using the Augmented Reality Eye Tracking Toolit -
(ARETT) package for Unity 3D (Kapp et al., 2021) using the Hololens 2. A Screen object
was placed in the scene made up of 9 Area of Interest - (AOI) components hidden from
view, which split the screen into 9 distinct areas (see Figure 6.6). Participants were asked
to calibrate the location of the virtual screen in the headset by adjusting the layout of
the AR scene. This was done by moving a small floating cube which acted as a parent to
the Screen AOIs, and lining up two virtual pillars with the real computer monitor. This
was confirmed by the experimenter before the trials commenced (see Figure 6.6). All AR
elements were labelled as AOIs using the "Eyetracking’ layer in ARETT. An AOI hit was
measured when the Eyetracking object collided with an object in the Unity scene, with the
location of the object, its name and the duration the objects were colliding was recorded

(see Kapp et al. (2021) for a detailed description of the approach used).
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Figure 6.6: The 3x3 AOI grid object in Unity used to classify the location of fixations on the real life
computer monitor. Collisions between and eyetracking object an AOI were classified as a hit.

6.4 Experiment 5 Results

The results were analysed using R Studio (2022.07.01 Build 554) using the lme4 (Bates
et al., 2015), lmerTest (Kuznetsova et al., 2017) and report (Makowski et al., 2023) R
packages. Given the hierarchical nature of the data from the repeated measures design,
Generalised Linear Mixed Effects - (GLME) models were fitted to the data for Hazard
Prediction score and Confidence ratings, estimated using Maximum Likelihood - (ML) and
the bobyqga optimizer. These models were determined through a backward stepwise model
selection approach, where effects from more complex models that do not significantly
explain a greater proportion of the variance are removed until arriving at the simplest
model (see section 3.3). Confidence Intervals - (CI) of 95% and p-values were computed
using a Wald t-distribution approximation. Repeated measures ANOVAs were conducted
on the Attention and NDRT Performance scores as these were not nested data and so a

mixed-effects models were not suitable.
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Hazard Prediction

Average scores for the Hazard Prediction task for each of the 4 conditions (Control, NDRT,
Agent & Visual) were compared (see Table 6.1). A GLME model was fitted to predict the
main effects of Condition on Hazard Prediction score with a random intercept for each

participant and a random intercept for each Hazard Clip, with the formula:

Hazard Prediction Score;; = 8.9 + 5.1 - Condition;; + wug; + u1; + el-jQ :

The model’s total explanatory power was moderate (conditional R? = 0.33). This model
was found to explain significantly greater variance than a null model with Condition,
Hazard clip and participant fitted as random effects (Null Model AIC' = 1089.6, BIC =
1104.2; Mized Effects Model AIC = 1064.3,BIC = 1093.5;p < .001). Within this model,
the score for the NDRT only (Est. = -1.07, 95% CI [-1.54, -0.60], p < .001), Agent (Est.
=-1.19, 95% CI [-1.66, -0.72], p < .001, and Visual (Est. =-0.94, 95% CI [-1.41, -0.47],
p < .001) conditions were significantly lower than scores in the Control condition (see
Figure 6.7). Refactoring the model with NDRT, Agent or Visual as intercepts produced
no significant differences not already accounted for in the model described above (see

Table 6.2 for a full list of model comparisons).

Block Score (P) Std Err Lower CI Upper CI
Control 0.87 0.03 0.79 0.92
NDRT only 0.69 0.05 0.57 0.78
Agent 0.66 0.06 0.54 0.763
Visual 0.71 0.05 0.60 0.80

Table 6.1: Summary statistics for average probability of a correct Hazard Prediction scores for each
condition in Experiment 5

Comparison
WHN Control NDRT Agent Visual

Estimate SE Sig. Estimate SE Sig. Estimate SE Sig. Estimate SE Sig.
Control 1.86 SE = 0.27) .07 (SE —0.21) b —0.0007%F 119 (SE —0.21) p— 000 | -004 (SE — 0.29) b —0.0017F
NDRT 0.79 (SE = 0.25) -0.12 (SE = 0.22) p = .57 0.12 (SE = 0.22) 0.57
Agent 0.67 (SE = 0.25) 0.24 (SE = 0.22) p=.26
Visual 0.92 (SE = 0.25)

Table 6.2: Model estimates for Hazard Prediction Scores for Experiment 5, with the Standard Error -
(SE) and p values for each of the generalised linear mixed effects models for each of the 4 conditions. Each
row corresponds to a model with the named condition as the intercept, the column representing each of
the other conditions compared to the intercept.

2. Hazard Prediction Score;; is the response variable for the i-th observation for the j-th participant.
- B.o is the fixed intercept. - 3.1 is the fixed effect coefficient for the Condition variable. - Condition;; is
the value of the Condition variable for the i-th observation for the j-th participant. - ug; is the random
intercept for the i-th participant, drawn from a normal distribution with mean zero and some participant-
specific variance. - u; is the random intercept for the j-th hazard clip, drawn from a normal distribution
with mean zero and some hazard clip-specific variance. - e;; represents the residual error term for the
i-th observation for the j-th participant. The fixed effects are denoted by f. coefficients, and the random
effects are represented by u terms.
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Confidence Ratings

Average scores for Confidence ratings were compared for each of the conditions; Control,
NDRT, Agent & Visual) (see Table 6.3). A GLME was fitted to predict the main effects
of Condition with a random intercept for each participant and a random intercept for each
Hazard Clip, with the formula:

Confidence Rating;; = (.9 + .1 - Condition;; + ug; + u1; + e;;° :

The model’s total explanatory power was moderate (conditional R? = 0.17). This model
was found to explain significantly greater variance than a null model with Condition,
Hazard clip and participant fitted as random effects (Null Model AIC = 1043.6, BIC =
1058.2; Mized Effects Model AIC = 1031.3,BIC = 1060.5;p < .001). Within this model,
the score for the NDRT only (Est. = -0.89, 95% CI [-1.37, -0.41], p < .001), Agent (Est.
=-0.74, 95% CI [-1.22, -0.25], p = .003), Visual (Est. = -0.89, 95% CI [-1.37, -0.41], p
< .001) conditions were significantly lower than in the control condition. Refactoring the
model with the NDRT, Agent or Visual conditions as intercepts produced no significant
differences not already accounted for in the model described above (see Table 6.4 for a full

list of model comparisons).

Block Rating Std Err Lower CI Upper CI
Control 0.87 0.03 0.82 0.91
NDRT 0.74 0.04 0.65 0.81
Agent 0.76 0.04 0.68 0.83
Visual 0.73 0.04 0.65 0.81

Table 6.3: Summary statistics for average confidence ratings for each condition in Experiment 5, as well
as the standard error and both lower and upper confidence intervals as reported from the mixed effects
model.

Comparison
Confidence Control NDRT Agent Visual
Estimate SE Sig. Estimate SE Sig. Estimate SE Sig. Estimate SE Sig.
Control 1.91 (SE = 0.24) -0.89 (SE = 0.25) p <0.001%#* -0.74 (SE = 0.25) p = .003** -0.89 (SE = 0.24) p <0.001%%
NDRT 1.02 (SE =0.2) 0.15 (SE = 0.22) p =49 0.005 (SE = 0.25) p=.98
Agent 117 (SE = 0.21) -0.15 (SE = 0.22) p=17
Visual 1.02 (SE =0.2)

Table 6.4: Model estimates for Confidence Ratings for Experiment 5, with the Standard Error - (SE) and
p values for each of the generalised linear mixed effects models for each of the 4 conditions.

3. Confidence Rating,; is the response variable for the i-th observation for the j-th participant. - 3. is
the fixed intercept. - 8.1 is the fixed effect coeflicient for the Condition variable. - Condition;; is the value
of the Condition variable for the i-th observation for the j-th participant. - ug; is the random intercept
for the i-th participant. - u;; is the random intercept for the j-th Hazard Clip - e;; represents the residual
error term for the i-th observation for the j-th participant. The fixed effects are denoted by (. coefficients,
and the random effects are represented by u terms.
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Figure 6.7: Average score on the Hazard Prediction task (left), average confidence ratings (top) and
subjective attention ratings (bottom) for each condition in Experiment 5.

Subjective Attention Ratings

A one-way repeated measures ANOVA was conducted on the Subjective Attention ratings.
As described above, a mixed effects model was deemed not suitable due to the nature of
the data. The subjective attention rating was statistically significantly different for the
different conditions (F(8, 69) = 15.53, p < .001, n* = 0.26). Post hoc analyses with a
Bonferroni adjustment revealed that attention ratings in all AR conditions were signifi-
cantly lower (p < .001) than Control in all conditions. However, none of the comparisons

between the conditions were significantly different.
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Perceived Workload

A one-way repeated measures ANOVA was conducted on the total NASA TLX ratings at
each condition. The Total TLX rating was statistically significantly different across differ-
ent blocks (F(3, 69) =10.498, p < .001, n* = 0.15). Post hoc analyses with a Bonferroni
adjustment revealed that the pairwise comparisons between the Control condition ratings
were significantly lower than the NDRT (p < .001), Agent (p = .02), & Visual (p < .001).
However, none of the comparisons between the AR conditions were significantly different
(see Figure 6.8). For each of the 6 individual scales, there was the same pattern of results
for the Mental Demand, Temporal Demand & Frustration subscales. For Overall Perfor-
mance, there were only significant differences in the NDRT (p = .004) and Visual (p =
.014) conditions, but not in the Agent condition. For Effort, there was only a significant
difference in NDRT condition (p = .016). There were no significant differences with the

Physical Demand subscale (see Appendix F for a full list of statistical comparisons).

Average Total NASA TLX Score

* % %k

*
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o Block
8 Control
¥ 1001 Visual
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Control Visual Agent NDRT
NDRT Presentation Condition

Figure 6.8: Average total NASA TLX ratings for each condition for Experiment 5.

NDRT Performance

A one-way repeated measures ANOVA was conducted on the task performance for the
NDRT. However, there were no significant differences between average scores in any of the

NDRT conditions.
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Preference Ranking for each Condition
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Figure 6.9: Preference ranking for each of the Conditions in Experiment 5.

Rankings

Participants were again asked to rank their preferred condition for completing the driving
task in order of most to least favourite. These were converted into positional rankings
for each user, where most preferred equalled to 4 points and least preferred equalled to 1
point. The rankings were then summed and weighted by the number of points each ranking
received. The Control condition with no non-driving task was ranked the highest, followed
by the Visual Cue condition, the Agent Cue condition with the Social Cue condition being
the least preferred. See Table 6.5 for the full list of rankings and Figure 6.9.

Condition 1st 2nd 3rd 4th Ranking
Control 64 15 2 3 84
Visual 4 24 18 7 53
Agent 24 21 6 9 60
NDRT only 8 24 20 5 57

Table 6.5: Participant rankings of each Cue condition with the number of points gained for each ranking
in Experiment 5. Participants were asked to rank the conditions in order of preference for being able to
complete both the driving and non-driving tasks.

RoSAS

A series of one-way repeated measures ANOVAs were conducted comparing ratings on
the RoSAS scale between the Visual and Agent condition. For the Warmth factor, there
were significant differences between ratings on the Happy (F(1,23) = 9.24, p = .006, n?
= 0.17), Social (F(1,23) = 9.24, p = .006, n* = 0.17, Compassionate (F(1,23) = 4.86, p
= .038, n* = 0.06) & Emotional subscales (F(1,23) = 4.67, p = .041, n* = 0.07), where
the Agent was rated higher than the Visual cue. For the Competence factor, there was a
significant difference on the Responsive subscale (F(1,23) = 4.92, p = .037, n* = 0.08)
again with the Agent condition rated higher than the Visual cue (see Table F.2).
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Eyetracking

All analysis was conducted using the ARETT package (Kapp et al., 2021). A total of
13,335,248 gaze points were recorded across all participants in all four conditions before
processing. The [-AOI fixation classification function from the ARETT R package (Kapp
et al., 2021) was used to classify valid fixations. This function, based on Salvucci and
Goldberg (2000)’s definition, classifies relevant fixations based on whether they land on
a pre-defined AOI layer in Unity for longer than a predetermined threshold. Fixations
longer than 60ms that hit either the computer screen (recorded as one AOI in a 3x3 grid
- See Figure 6.6) or any 3D object in AR were retained for analysis. Given the high
level of variability between participants that comes from using a portable AR headset,
this method was selected over more spatially accurate classification algorithms which are
sensitive to head movements, which Kapp et al. (2021) and Aziz and Komogortsev (2022)
recognise as a limitation of in spatial accuracy of the HoloLens 2. Two participants were
removed due to technical issues with the data collection, leaving 538,429 valid fixations

for analysis from 22 participants.

Total Fixation Count

A Linear Mixed Effects - (LME) model was fitted comparing the mean number of fixations
for each condition, with participants as a random effect. The model had substantial
explanatory power (conditional R? = 0.61). Overall, there were a significantly lower
number of fixations in the Control condition compared to Visual (Est. = 115.33, 95% CI
[76.41, 150.26], t(78) = 6.11, p < .001 Agent (Est. = 156.86, 95% CI [119.93, 193.78],
t(78) = 8.46, p < .001) and NDRT (Est. = 126.00, 95% CI [89.07, 162.93], t(78) =
6.79, p < .001). There were also significantly fewer fixations in both the Visual condition
(Est. = -7.48, 95% CI [-13.68, -1.28], t(18) = -2.40, p = .019) and NDRT conditions
(Est. = -8.33, 95% CI [-14.53, -2.13], t(78) = -2.68, p = .009) when compared to the
Agent condition. However, no other comparisons produced significantly different results

(see Table 6.6 and Figure 6.10).

Hazard Fixation Count

A LME model was fitted comparing the mean number of fixations during the last 4 seconds
of the hazard clips for each condition. The model had substantial explanatory power
(conditional R? = 0.52). Overall, there were significantly fewer fixations in the Control
condition compared to Visual (Est. = 16.19, 95% CI [9.99, 22.39], t(78) = 5.20, p < .001)
Agent (Est. = 25.67, 95% CI [17.47, 29.87], t(78) = 7.60, p < .001) and NDRT (FEst.
= 15.38, 95% CI [9.13, 21.53], t(78) = 4.92, p < .001) conditions. No other comparison
produced significantly different results (see Table 6.6 and Figure 6.10).
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Figure 6.10: a) The average total number of fixations in each condition and b) the average number of
fixations during the hazard window in each condition for Experiment 5. The correct area was determined
as whether a fixation landed on the correct portion of the screen in the 9x9 AOI grid for at least 100ms
during the last 4 seconds of each clip.

Condition Total Fixation Hazard Window Correct Fixations Proportion Correct
Average SD Average SD Average SD  Percentage SD
Control 276.95 80.64 46.9 14.94 22.52 6.65 50.23 12.24
NDRT 402.95 73.8 62.24 8.73 21.33 5.89 34.76 10.6
Agent 433.81 73.96 70.57 12.8 23.71 4.96 33.78 4.8
Visual 390.29 74.59 63.1 9.28 21.48 6.52 34.33 10.21

Table 6.6: Summary of the average total number of fixations in each condition overall, during the Hazard
Window, the average number of correct fixations during the hazard window and the average proportion
of correct fixations in each condition for Experiment 5.

Correct Hazard Fixations

"Correct’” Fixations were classified depending on whether they were located in the same
AOI on the screen as the hazard in the video clip, during the period up to four seconds
before the end of the Hazard Prediction clip. This was the length of time that the cues were
indicating the location of the hazard. A LME model was fitted to predict average number of
fixations in Correct AOI based on Condition with participant as a random factor. However,
there were no significant differences in the number of correct fixations during the Hazard
window between any of the conditions (See Figure 6.11). There was a significantly higher
overall proportion of Correct fixations in the Control condition compared to the Visual
(Est. = -15.90, 95% CI [-20.93, -10.86], t(78) = -6.28, p < .001, Agent (Est.= -16.46,
95% CI [-21.50, -11.42], t(78) = -6.50, p < .001) and NDRT (Est. = -15.47, 95% CI
[-20.51, -10.43], t(78) = -6.11, p < .001) conditions. However, there were no significantly

different results from other comparisons (see Table 6.6 and Figure 6.11).
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Figure 6.11: a) The mean number of correct fixations on the hazard and b) the mean proportion of correct
fixations on the hazard score for Experiment 5.

Total Fixation Duration

Due to the non-normal distribution of the data, fixation duration was z-scored to check
for outliers and 94,430 fixations which fell above 3 standard deviations from the mean
duration were excluded from the analysis. Similarly, 3764 fixations which did not have a
registered gaze point target or AOI target were also removed, since the lack of a relevant
target meant that the participant was fixating on neither the screen nor any of the AR

content.

A LME model was fitted to model the effect of Condition on average fixation duration with
participant as a random effect that had substantial explanatory power (conditional R? =
0.81). In the Control condition, there were significantly longer overall fixation durations
compared to the Visual (Est. = -386.56, 95% CI [-459.580, -313.82/, t(78) = -10.58, p <
.001), Agent (Est. = -502.54, 95% CI [-575.28, -429.80], t(78) = -13.75, p < .001) and
NDRT (Est. = -393.77, 95% CI [-466.51, -821.03], t(78) = -10.78, p < .001) conditions.
Overall Fixation Duration was significantly shorter in the Agent condition compared to
the Visual(Est. = -115.98, 95% CI [43.24, 188.72], t(78) = 3.17, p = .002) and NDRT
(Est. = 108.77, 95% CI [36.03, 181.51], t(78) = 2.98, p = .004) conditions. No other
comparison produced significantly different results (see Table 6.7 and Figure 6.12).
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Figure 6.12: a) The mean fixation duration throughout the whole experiment for each condition and b)
the mean fixation duration in the last 4 seconds before the hazard appeared score for Experiment 5.

Condition Mean Fixation Duration (ms) Mean Hazard Fixation Duration (ms) TTFF (ms)
Mean SD Mean SD Mean SD
Control 1165.37 1368.45 1408.67 170.92 2034.68 1616.84
NDRT 811.64 859.34 856.93 140 2185.02 1556.57
Agent 706.99 732.86 753.24 170.92 2361.64 1541.29
Visual 815.91 846.39 894.95 215.58 2280.14 1547.95

Table 6.7: A table showing the mean duration of fixations in each condition overall, mean durations during
the Hazard Window and the Time to the First Fixation (TTFF) in Experiment 5.

Hazard Fixation Duration

As before, 'correct’ fixations were classified depending on whether they hit the same AOI
area of the screen as the hazard up to four seconds before the end of the Hazard Prediction
clip. A LME model was fitted to predict fixation length based on Condition with par-
ticipants as a random effect, which had substantial explanatory power (conditional R? =
0.57). Within this model, there were significantly longer fixation duration in the Control
condition compared to the Visual (Est. = -513.73, 95% CI [-663.00, -364.45], t(78) =
-6.85, p <.001), Agent (Est. = -655.43, 95% CI [-804.70, -506.15], t(18) = -8.74, p <
.001) and NDRT (Est. =-551.75, 95% CI [-701.02, -402.47], t(78) = -7.86, p <.001) con-
ditions. However, there were no significant differences between any of the other conditions
(see Figure 6.12).

Time to First Fixation

A LME model was fitted to model the effect of Condition on time until the first fixation on
the correct area of the screen. There were significantly slower first fixations in the Visual
(Est. = 0.214, t(1871) = 2.222, p = .0264) and Agent (Est. = 0.2143, t(1901) = 2.069,
p = .039), but no difference with the Social condition. However, there were no significant

differences between any of the other conditions (see Table 6.15 and Figure 6.13).
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Mean Time to First Fixation
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Figure 6.13: Average Time to First Fixation on the hazard for each condition in Experiment 5. The
Control condition graph tending towards 0 indicates that the first fixations of participants in this group
were before the 4 seconds Hazard window where the cues appeared in the other conditions.

6.5 Experiment 5 Discussion

In all conditions, hazard prediction scores were higher than chance, indicating that partici-
pants were able to maintain some situational awareness of the events in the clips. However,
performance in the Control condition, where attention was solely on the road, was signifi-
cantly higher than all other conditions with an NDRT. There were no differences between
scores in any of the three NDRT conditions, regardless of the inclusion of an attentional
cue. The same pattern was true for the confidence and subjective attention ratings, with
higher ratings in the Control conditions than the conditions with an NDRT, regardless
of the inclusion of the cues. This is despite the cues reliably highlighting the location of
the hazard in each clip. These results suggest that, without a clear signal to indicate that
a dangerous event is about to occur, the positional cues provided no additional benefit
to hazard prediction ability. It is well established that distraction can lead to missing
seemingly obvious information (Simons and Chabris, 1999; Drew et al., 2013; Gelderblom
and Menge, 2018), which is the pattern observed in these results. Without any attention
capturing aspect, these 'nudging’ cues were not effective in aiding awareness of the road,
resulting in increased the perceived workload and impairing hazard prediction ability when

drivers were distracted.
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The NASA TLX data support this, as there were no differences in perceived workload or
confidence ratings between the cue conditions and the NDRT only conditions. Similarly,
the eye tracking data indicate that distracted drivers were looking at the correct area of the
screen at the same rate as when viewing the clips without an NDRT. In fact, the time for
drivers to first fixate on the correct area of the screen was delayed in all NDRT conditions
compared to control, indicating that the distracting nature of the NDRT directly impacted
the ability to switch to the driving task. Like in Experiment 4 however, this did not
correspond to increased hazard prediction performance. Overall, the eye tracking data
indicate that the NDRT was disruptive to the normal gaze behaviour when viewing the
hazard prediction clips as in the Control condition. There were fewer fixations in the
NDRT conditions overall and during the hazard window, with shorter fixation durations
when compared to the Control condition, which is indicative that drivers were sufficiently

processing the scene (Chapman and Underwood, 1998; Crundall and Underwood, 2011).

The results from this experiment suggest that the agent’s head turning behaviour by itself,
which has been used to cue attention in human-robot interactions (Yamazaki et al., 2008;
Sheikhi and Odobez, 2015; Hoque et al., 2011), is not effective for cueing location when
a driver is distracted by an NDRT. However, the same was true for the Visual condition,
indicating that this is likely due to the lack of attention capturing aspect to the cue, when
drivers were focused on performing the NDRT in the HUD. Without a specific cue to
signal when to look at the road, the presence of the agent made no difference to hazard
prediction scores compared to the NDRT only condition. This is an unlikely application
for this type of interface though, as most attentional alerts and TORs include a specific
attention-capturing aspect to alert the driver that there is danger (Karatas et al., 2020;
Rusch et al., 2013). These types of alerts were not present in the positional cues used here,
and thus there were no perceivable difference between the positional cues highlighting non-
hazardous and hazardous areas of the road. This poses the question of whether these cues
would have any benefit to distracted drivers if an additional hazard alert cue to signal
danger is included? Can drivers use information from a social cue to aid their hazard
awareness if paired with an explicit hazard warning in the same way as a visual cue?
Additionally, while RoSAS ratings for the agent were higher on the Warmth sub-scales,
there were no significant differences for the Competence sub-scale, other than it being
seen as more "Responsive". Designing realistic social cues is key for establishing a social
interaction (Admoni and Scassellati, 2017; Ruhland et al., 2015) and realistic interactions
with robots increase positive perceptions of usefulness (De Wit et al., 2023; Groechel et al.,
2019). Thus, it is also important to investigate whether a more socially expressive cue

aids hazard prediction further or affects perceptions of the agent.
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6.6 Experiment 6

Comparison of Visual and Social Modalities for an Active
Attentional Cue on Hazard Prediction Ability while Distracted

A follow-up study was conducted to evaluate the effect of including attention capturing
elements that signal danger into the positional cues used in Experiment 5. A visual cue
that used position and colour change to indicate the location of the hazard, an agent
that turned its head towards the danger and changed colour, and a social agent with an
animated social reaction that gestured towards the danger, were compared to a Control

condition where participants only focused on the hazard prediction task.

Methods
Design

The same design as Experiment 5 was employed to measure how Hazard Prediction ability
was affected by inclusion of a positional attention cue with a hazard alert, either visual or
social in nature. A repeated measures experimental design was used, with Hazard Predic-
tion score and subjective confidence rating as dependent variables, as well as subjective
attention, RoSAS, and NASA TLX scores. The independent variable was the attentional
cue, with levels: no NDRT (Control), a colour changing visual hazard cue ( Visual Hazard
Cue), an agent with a colour-change hazard cue (Agent Hazard Cue), or an agent exhibit-
ing an animated social cue (Social Hazard Cue). The experiment took around 60 minutes
to complete and was approved by the College of Science and Engineering Research Ethics
Committee (#300230120)

Participants

A power analysis was conducted using the pwr package (Champely et al., 2016) in R
Studio, which determined that for a moderate effect size of 0.81, 21 participants were
required for the repeated measures design. Twenty four new participants (Mean Age =
29.75 years, SD = 10.78, 12 Female) were recruited via online forums and around the
University of Glasgow Computer Science and Psychology departments. All had normal or
corrected to normal eyesight and had held a driving licence for at least 2 years. Again,
this was not limited to drivers from the UK (13 UK, 2 China,l Australia, 1 Austria, 1
Canada, 1 Cyprus, 1 Germany, 1 Italy, 1 Kenya, 1 Pakistan and 1 Slovenia). The average
total driving experience was 10.34 years (min = 2, maxr = 44, SD = 10.38), the average
UK driving experience for non-UK license holders was 0.5 years (min = 0, max = 4.16,
SD = 1.23).
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6.6. Experiment 6: Hazard Warning Cues

Eleven people reported they had experience of driving in the Greater Glasgow area where
the hazard clips were filmed, with an average of 2.54 years (min = 0.24, max = 11, SD =
3). Eight reported having used an AR headset before, five reported using mobile AR and

ten reported never having used AR. One participant reported never having heard of AR.

Augmented Reality

The same AR NDRT was used as in Experiment 5. For the Visual Hazard Cue condition,
the same blue bar from the Visual Cue condition in Experiment 5 was used, but changed
colour from blue to red (taking between 1 and 2 frames to transition), 4 seconds before the
occlusion of the clip. For the Agent Hazard Cue and Social Hazard Cue conditions, the
agent design was based on the one from Experiment 5. In the Agent Hazard Cue condition,
this agent was augmented so that the sides of the head and the antenna turned red 4
seconds before the end of clip. This design was taken from previous work which established
colour change as a key attention capturing element (Hollingworth and Hwang, 2013; Wang
et al., 2023), and the association of the colour red with danger (Pravossoudovitch et al.,
2014; Chapanis, 1994), as well as designs from the focus group in Chapter 5. For the Social
Hazard Cue condition, the agent was animated to draw attention to an area of the screen
with a social cue. This animation was decided through a pilot questionnaire (N = 18),
where 5 prototype social reactions were shown to participants based on different animated
emotions (see Figure 6.14. Pilot participants were asked to write "What emotion(s) do
you see represented here?" in an open text format. These responses were summarised into
themes which described the common descriptions (see Figure 6.14 for these descriptions
and examples). The final animation was selected for its consistency of responses and
appropriateness in the pilot survey. It involved the agent shaking left and right to mimic
quivering, with sweat droplets being emitted from the top of the head to suggest fear or
apprehension. The agent also was given virtual hands that were raised to point towards
the direction that the head was turning, to contextualise the cue as a social response to
the hazard (De Wit et al., 2023). These hands were also present in the Agent Hazard Cue

condition for consistency, but did not move or serve any cueing function.

Procedure

The same procedure as Experiment 5 was used (see Figure 6.5). Once again before each
condition except the Control, participants were given a brief introduction to the AR com-
ponents which involved observing the function of each cue on two practice clips highlight-
ing the presence of a hazard. These were both described as "the wvehicle highlighting a

dangerous element in the scene for you".
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Figure 6.14: Images of the prototype animations for the social cue and their summary descriptions, with
a) Sadness, Stress and Nervousness - sweat droplets falling down, b) Anger and Confusion - Fear and
Excitement - black lines on blue shading, c) red lightning bolts that jittered, d) Danger and Urgency - a
speech bubble with a warning symbol and e) Confusion and Frustration - yellow lightning bolts that were
emitted in a wave pattern.

Eye tracking

Eye movement data were again collected using the ARETT package for Unity 3D (Kapp

et al., 2021) using the HoloLens 2, following the same procedure as Experiment 5.

6.7 Experiment 6 Results

The same analysis procedure as Experiment 5 (see section 6.4) was followed.

Hazard Prediction

Average scores for the Hazard Prediction task for each of the 4 conditions (Control, Visual
Hazard Cue, Agent Hazard Cue & Social Hazard Cue) were compared (see Table 6.8). A
LME model was fitted to predict the main effects of Condition on Hazard Prediction score
with a random intercept for each participant and a random intercept for each Hazard Clip,

with the same formula and model selection approach as in Experiment 5 (see section 6.4).

The model’s total explanatory power was substantial (conditional R? = 0.34). This model
was found to explain significantly greater variance than a null model with Condition,
Hazard clip and participant fitted as random effects (Null Model AIC' = 1020.6, BIC =
1034.7; Mized Effects Model AIC = 1014.2,BIC = 1043.4;p = .007). Within this model,
there were no significant differences between Hazard Prediction performance in the Control
condition and the Visual Hazard Cue nor Agent Hazard Cue conditions. However, scores
in the Social Hazard Cue condition were significantly lower than the Control (Est. = 0.80,
95% CI [0.534, 1.26], p < .001), Agent Hazard Cue (Est. = 0.46, 95% CI [0.02, 0.91], p
= .040) and Visual Hazard Cue (Est. = 0.49, 95% CI [0.05, 0.94], p = .029) conditions
(see Table 6.8).
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a) Control b) Visual Cue

c) Agent Cue ) d) Social Cue

Figure 6.15: Examples of the Experiment 6 conditions, with a) the Control (top left), b) Visual Cue that
turned red and moved underneath the hazard (top right), ¢) Agent Cue which turned red will looking
towards the hazard (bottom left) and D) Social Cue which gesticulated and pointed towards the hazard.

Refactoring the model with NDRT, Agent or Visual as intercepts produced no significant
differences not already accounted for in the model described above (see Figure 6.16 and

Table 6.9 for a full list of model comparisons)

Block Score (P) Std Err Lower CI Upper CI
Control 0.84 0.04 0.75 0.9
Agent Hazard Cue 0.78 0.05 0.68 0.86
Social Hazard Cue 0.7 0.06 0.58 0.79
Visual Hazard Cue 0.79 0.05 0.69 0.86

Table 6.8: Summary statistics for average percentage of correct Hazard Prediction scores for each Pre-
sentation method in Experiment 6, as well as the standard error and both lower and upper confidence
intervals as reported from the mixed effects model.

4Given the pattern of results and the presence of an outlier in the Control condition, the model was
also run with this outlier participant’s data removed. However, since the same pattern of significance
was observed and the outlier was not above 3 standard deviations away from the mean, it was decided to
include the full dataset in the final model presented here.
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Comparison
WHN Control Visual Hazard Cue Agent Hazard Cue Social Hazard Cue
Estimate SE Sig. Estimate SE Sig. Estimate SE Sig. Estimate SE Sig.
Control 1.627 (SE = 0.28) -0.31 (SE = 0.24) p=.2 -0.34 (SE = 0.24) p=.164 -0.8 (SE = 0.23) p <0.001%%*
Visual Hazard Cue 1.32 (SE = 0.27) 0.029 (SE = 0.23) p=29 -0.49 (SE = 0.23) p — 029%
Agent Hazard Cue 1.29 (SE = 0.27) -0.464 (SE = 0.24) p = .04*
Social Hazard Cue 0.826 (SE — 027)

Table 6.9: Model estimates for Hazard Prediction Scores for Experiment 6, with the Standard Error
(SE) and p values obtained through Wald’s approximation for each of the generalised linear mixed effects
models for each of the 4 cue conditions. Each row corresponds to a model with the named cue condition
as the intercept, the column representing each of the other cue conditions compared to the intercept.
Repeat comparisons were omitted for clarity, but represent the inverse of the estimate presented.

Confidence Ratings

Average scores for confidence ratings in Experiment 6 were compared for each of the
NDRT cue conditions (Control, Visual Hazard Cue, Agent Hazard Cue & Social Hazard
Cue) (see section Table 6.10). A linear mixed model was fitted to predict the main effects
of Condition with a random intercept for each participant and a random intercept for each
Hazard Clip, with the same formula as Experiment 5 (see 6.4). However, this model was
not found to explain a significantly greater amount of variance than a null model with
Condition, Hazard clip and participant fitted as random effects and so was rejected. See

Table 6.11 for a full list of model comparisons.

Block Ratings Std Err Lower CI Upper CI
Control 0.78 0.03 0.78 0.83
Agent Hazard Cue 0.78 0.03 0.66 0.78
Social Hazard Cue 0.74 0.03 0.68 0.78
Visual Hazard Cue 0.75 0.03 0.69 0.8

Table 6.10: Summary statistics for average confidence ratings for each Presentation method in Experiment
6, as well as the standard error and both lower and upper confidence intervals as reported from the mixed
effects model.

Comparison
Confidence Control Visual Hazard Cue Agent Hazard Cue Social Hazard Cue
Estimate SE Sig. Estimate SE Sig Estimate SE Sig Tstimate SE Sig
Control 1.69 (SE = 0.21) 0.12 (SE = 0.26) p = .643 -0.39 (SE = 0.24) P 1 -0.15 (SE = 0.25) p=.53
Visual Hazard Cue 1.8 (SE = 0.22) -0.51 (SE = 0.24) p = .04% -0.27 (SE = 0.25) p=.27
Agent Hazard Cue 1.29 (SE = 0.19) 0.24 (SE = 0.23) p = .31
Social Hazard Cue 153 (SE ~ 0.2)

Table 6.11: Model estimates for Confidence Ratings for Experiment 6, with the Standard Error (SE) and
p values obtained through Wald’s approximation for each of the generalised linear mixed effects models
for each of the 4 cue conditions. Each row corresponds to a model with the named cue condition as the
intercept, the column representing each of the other cue conditions compared to the intercept. Repeat
comparisons were omitted for clarity, but represent the inverse of the estimate presented.
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Figure 6.16: Average score on the Hazard Prediction task (left) average confidence ratings (top) and
average subjective attention ratings (bottom) for each cue condition in Experiment 6.

Subjective Attention Ratings

A one-way repeated measures ANOVA was conducted on the subjective attention ratings,
with participants as a random factor. These ratings were statistically significantly different
at the different time points (F(3, 69) = 37.44, p < .001, n* = 0.38). Post hoc analyses
with a Bonferroni adjustment revealed that attention ratings in all AR conditions were
significantly lower (p < .001) than Control in all conditions, mirroring the results from
Experiment 5. Once again however, none of the comparisons between the AR conditions

were significantly different.
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Perceived Workload

A one-way repeated measures ANOVA was conducted on the overall NASA TLX ratings
at each condition. The overall TLX rating was statistically significantly different across
different conditions (F(3, 69) = 4.6, p = .005, n* = 0.06). Post hoc analyses with a
Bonferroni adjustment revealed that the Control condition ratings were significantly lower
than the Agent (p = .02) condition. However, none of the other comparisons between the
AR conditions were significantly different (see Figure 6.17). For each of the 6 individual
scales, there was the same pattern of results for the Overall Performance scale (Social
Hazard Cue, p = .004; Visual Hazard Cue, p = .006;, Agent Hazard Cue, p < .001).
Both the Visual Hazard Cue and Agent Hazard Cue ratings were significantly lower than
Control for Temporal Demand (Visual Hazard Cue, p = .033, Agent Hazard Cue, p =
.01) and Effort (Visual Hazard Cue, p = .016, Agent Hazard Cue, p = .008). The Agent
Hazard Cue condition was rated significantly lower for the Mental Demand (p = .006)
and Frustration (p = .002) sub-scales. There were also significantly lower scores in the
Social Hazard Cue than the Agent Hazard Cue condition. There were no significant
differences with the Physical Demand subscale and no other comparisons were significant

(see Appendix F for a full list of comparisons).

Total NASA TLX scores

*
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B Visual
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o

Figure 6.17: Average total NASA TLX ratings for each cue condition in Experiment 6.

NDRT Performance

A one-way repeated measures ANOVA was conducted on performance of the NDRT. How-
ever, there were no significant differences (F(1, 70) = 0.01, p = .919) between average

score in any of the conditions.
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RoSAS

A series of one-way repeated measures ANOVAs were conducted comparing ratings on
the RoSAS scale between the Visual and Agent Hazard Cue conditions. For the Warmth
factor, there were significant differences between ratings on the Social (F(2,46) = 11.23, p
< .001, n* = 0.13), Compassionate (F(2,46) = 10.48, p < .001, n* = 0.1), & Emotional
(F(2,46) = 16.21, p < .001, n* = 0.24) where both the Agent and Social Hazard Cue
conditions were rated higher than the Visual, but with no significant differences to each
other (see Table F.2 for all comparisons). For the Competence factor, there was only a
significant difference on the Reliable sub-scale (F(2,46) = 4.06, p = .024, n* = 0.04),
where the Agent Hazard Cue was rated lower (p = .017) than the Visual Hazard Cue.

There were no differences for any of the Discomfort ratings.

Rankings

Participants were again asked to rank their preferred condition for completing the driving
task in order of most to least favourite. The Control condition with no non-driving task was
ranked the highest, followed by the Visual Hazard Cue condition, the Agent Hazard Cue
condition with the Social Hazard Cue condition being the least preferred. See Table 6.12
for the full list of rankings and Figure 6.18.

Condition 1st 2nd 3rd 4th Ranking
Control 72 0 2 4 78
Visual Hazard Cue 4 39 10 4 57
Agent Hazard Cue 8 24 12 7 51
Social Hazard Cue 8 6 22 8 44

Table 6.12: Participant rankings of each Cue condition with the number of points gained for each ranking.
Participants were asked to rank the conditions in order of preference for being able to complete both the
driving and non-driving tasks.

Preference Ranking for each Condition

Control

Ranking Position

| K

Social

Condition

A w N

Avatar
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Proportion of Total

Figure 6.18: Preference ranking for each of the Conditions in Experiment 6.
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Interviews

Participants were given a short post-experiment interview after completing the 4 condi-
tions. When asked if they perceived the agent in the Social Cue condition as demonstrating
an emotion, the majority of participants described variations on negative emotions such as
stress, anxiety or fear. Five described the agent as having emotions, but could not define

it as a single term. Nine stated they did not perceive it as having any emotional response
(see Table 6.13).

Did the Social Agent
express an emotion?
No

Yes (undefined)
Stress

Anxiety

Fear

Nervous

Alarm

Danger

Worry

Count

— o= =N NN OO

Table 6.13: A summary of participant responses when asked to describe what emotion the animated Social
Cue condition was expressing.

Eyetracking

The same method for collecting and analysing eye tracking data as Experiment 5 was
followed (see Figure 6.4). A total of 13,076,422 gaze points were recorded across all par-
ticipants in all four conditions before processing. After processing, 838,670 valid fixations

for analysis from 23 participants remained.

Total Fixation Count

A LME model was fitted comparing the mean number of fixations for each cue condition
with participants as a random effect, with substantial explanatory power (conditional R? =
0.83). Overall, there were a significantly lower number of fixations in the Control condition
compared to Visual Hazard Cue (Est. = 108.51, t(68) = 6.393, p < .001), Agent Hazard
Cue (Est. = 99.79, t(68) = 5.959, p < .001) and Social Hazard Cue (Est. = 116.71,
t(68) = 6.969, p < .001) . No other comparisons were significant (see Table 6.14 and
Figure 6.19).
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Figure 6.19: a) The mean number of fixations throughout the whole experiment for each condition and
b) the mean fixation count in the last 4 seconds before the hazard appeared score for Experiment 6.

Hazard Fixation Count

A LME model was fitted comparing the mean number of fixations during the Hazard win-
dow for each cue condition as the random effect of participants was found to be minimal,
with substantial explanatory power (adj. R? = 0.74). There were significantly higher num-
ber of fixations in the Visual (Est. = 13.0531, t(68.278) = 4.618, p < .001), Agent, (Est.
=9.458, t(68.025) = 8.397, p = .001), and Social (Est. = 9.375, t(68.0.25) = 3.5367, p =
.001) conditions when compared to the Control condition. No other comparison produced
significantly different results (see Table 6.14 and Figure 6.19).

Correct Hazard Fixation Count

"Correct’ Fixations were classified depending on whether they were located in the same
area of the screen as the hazard in the video clip, during the period up to four seconds
before the end of the Hazard Prediction clip. This was the length of time that the cues
were evident in the AR conditions. A LME model was fitted to predict the average number
of fixations in the correct AOI for each Condition. The model included participant as a
random factor and had substantial explanatory power (conditional R? = 0.45), but found
there were no significant differences between the mean number of correct fixations in any

of the conditions.
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Figure 6.20: a) The mean fixation duration throughout the whole experiment for each condition and b)
the mean fixation duration in the last 4 seconds before the hazard appeared score for Experiment 5.

Condition Total Fixation Hazard Window Correct Fixations

Count Average SD Count Average SD Count Average SD
Control 6322 263.42 84.12 1103 45.96 12.77 513 21.36 7.76
Agent Hazard Cue 8717 363.21 81.05 1330 55.42 13.77 445 18.54 5.75
Social Hazard Cue 9123 380.13 93.25 1328 55.33 11.7 462 19.25 6.39
Visual Hazard Cue 8498 369.48 65.97 1350 58.7 12.33 487 21.17 6.69

Table 6.14: Summaries of the total number of fixations in each condition overall, during the Hazard
Window and the number of correct fixations during the hazard window in Experiment 6.

There were significantly higher proportion of Correct fixations in the Control condition
compared to the Visual (Est. = -11.753, t(68.485) = -4.090, p < .001), Agent (Est. =
-12.625, 1(68.171) = -4.451, p < .001) and Social (Est. = -12.458, t(68.171) = -4.392,
p < .001) conditions. However, there were no significantly different results from other

comparisons (see Table 6.14 and Figure 6.20).
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Total Fixation Duration

Due to the non-normal distribution of the data, fixation duration was z-scored and 16,576
values above 3 standard deviations from the mean duration were removed. Similarly, 4468
fixations which did not have a registered target or AOI target were removed, since the
lack of a relevant gaze point target meant that the participant was looking at neither the

screen nor any of the AR content.

A LME model was fitted to model the effect of Condition on average fixation duration
with participant as a random effect that had substantial explanatory power (conditional
R?* = 0.39). In the Control condition, there were significantly longer fixation durations
compared to the Visual (Est. = -400.1, t(67.93) = -8.192, p < .001), Agent (Est. =
-449.74, 1(67.93) = -9.209, p < .001) and NDRT only (Est. -425.84, t(68.11) = -8.591,
p < .001) conditions. No other comparison produced significantly different results (see
Table 6.15 and Figure 6.21).

Hazard Fixation Duration

As before, 'correct’ fixations were classified depending on whether they hit the same AOI
area of the screen as the hazard up to four seconds before the end of the Hazard Prediction
clip. A LME model was fitted to predict fixation length based on Condition with par-
ticipants as a random effect, which had substantial explanatory power (conditional R? =
0.29). Within this model, there was a significant difference between the fixation duration
in the Control condition and all other conditions, with fixations being shorted in the Vi-
sual (Est. = -596.59, t(68.16) = -5.608, p < .001), Agent (Est. = 409.8, t(68) = -3.905,
p < .001) and Social (Est. = -454.56, t(68) = -4.332, p < .001) conditions. However,
there were no significant differences between any of the other conditions (see Table 6.15
and Figure 6.21).

Time to First Fixation

A LME was fitted to model the effect of Condition on time until the first fixation on the
correct area of the screen. There were significantly slower first fixations in the Visual
Hazard Cue (Est. = 0.214, t(1871) = 2.222, p = .0264) and Agent Hazard Cue (Est. =
0.2143, t(1901) = 2.069, p = .039), but no difference with the Social condition. However,
there were no significant differences between any of the other conditions (see Table 6.15
and Figure 6.22).
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Figure 6.21: a) The mean fixation duration (ms) during the whole experiment for each condition and b)
the mean fixation duration (ms) in the last 4 seconds before the hazard appeared in Experiment 6.
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Figure 6.22: Average Time to First Fixation on the hazard for each condition in Experiment 6. The
Control condition graph tending towards 0 indicates that the first fixations of participants in this group
were before the 4 seconds Hazard window when the cue appeared in the other conditions, anticipating
the hazard before the cues would have been shown in the AR display.

Condition Mean Fixation Duration (ms) Mean Hazard Fixation Duration (ms) TTFF

Mean SD Mean SD Mean SD
Control 1323.48 376.94 1415.49 1799.47 1945.2 1644.39
Agent Hazard Cue 923.38 248.06 1029.16 1263.55 2157.69 1599.99
Social Hazard Cue 873.74 190.62 1032.47 1171.18 2093.78 1589.8
Visual Hazard Cue 908.21 117.81 915.4 1003.12 2167.64 1556.2

Table 6.15: Mean fixation durations (ms) in each condition overall, mean durations during the Hazard
Window and the Time to the First Fixation (TTFF) in Experiment 6.
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6.8 Experiment 6 Discussion

The results from Experiment 6 provide a contrast to those of Experiment 5, as there were
no differences between hazard prediction scores during an NDRT in the Visual Hazard
Cue, Agent Hazard Cue conditions compared to the Control condition. It suggests that
including colour change as a hazard alert to indicate danger was successful in aiding drivers
to predict what happened next in the clips, even while they were performing a distracting
NDRT. This was evident in both the Visual Hazard Cue and Agent Hazard Cue conditions.
Furthermore, using an agent was as effective as a typical visual attentional cue, while
being rated as more social. On the other hand, having the agent gesticulating towards the
area of the screen in the Social Hazard Cue condition impaired hazard prediction ability
compared to the other conditions. This is despite the fact that there were no differences
between the confidence, subjective attention or TLX ratings between the two agents; nor
were there any differences in RoSAS ratings between the two. It would indicate that the
colour-change cue in the Agent Hazard Cue condition was the more useful hazard cue that
alerted drivers to the presence of a hazard in the clips. Nonetheless, it is important to note
that the Agent Hazard Cue condition employed the head-turning behaviour as a social cue,
and drivers were still able to use the orientation of the agent’s head as a social cue to infer
the location of the hazard. This suggests that simpler social cues combining a hazard alert
can be beneficial to distracted drivers, but more complicated social animations do not aid

attention in the same way.

The eye-tracking data here follow a similar pattern to Experiment 5. There were fewer
longer fixations in the Control condition compared to the NDRT conditions. While there
were no differences in the number of correct fixations, the time until the first fixation was
significantly faster in the Control condition as well. Like in Experiment 5, this tended
towards 0 in the Control condition as this was what the bounds of the Hazard window
were defined as. Despite this delay to the first fixation, the Visual and Agent Hazard Cue
conditions saw no difference in hazard prediction performance, suggesting that the cues
were able to convey information about the road scene in an efficient manner. This is even
though the rest of the eye tracking data indicate that fixation patterns were disrupted
compared to when watching the road without distraction. Conversely in the Social Cue
condition, this same pattern of gaze behaviour resulted in impaired hazard prediction.
These differences suggest that the combination of the positional and colour change infor-
mation was sufficient to aid drivers in their hazard prediction, even though their attention

towards the road and gaze behaviour was disrupted.
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6.9 Chapter 6 Discussion

The two studies outlined in this chapter assess the impact of using a virtual agent to

present attentional cues to aid the situational awareness of distracted drivers. The results

indicate that drivers were able to use the head turning behaviour of a virtual agent to

inform their hazard awareness, but only when a hazard warning cue was included in the

design and not with an animated social cue. These experiments help address the research

questions outlined above in the following ways:

170

e RQ1) Is hazard prediction performance of a distracted driver affected by including

visual or social cues showing positional information alone?

Hazard Prediction performance was significantly poorer in the NDRT conditions
with positional cues compared to watching the road without distraction. This was
regardless of whether the cue was a visual or a social cue, neither of which showed
any significant differences compared to when the cues were absent. Overall, despite
reliably indicating the location of the hazard, the positional cues provided no added
benefit for hazard awareness while drivers were distracted by an NDRT presented in
an AR HUD.

RQ2) Is hazard prediction performance of a distracted driver affected by including

visual or social cues showing positional information with a hazard alert?

Including a colour-change hazard warning alert into the attentional cues maintained
hazard prediction at the same level as when watching the road without any dis-
traction. This was seen in both the visual and agent cue conditions while drivers
were engaged with a distracting NDRT. These results suggest that including salient
attention capturing elements in a positional cue can enhance driver awareness of the
road, even if they are distracted by an NDRT which takes attention away from the
driving task. This provides evidence that it is possible to use attentional cues in AR
to aid drivers, even when their attention is not on the driving task. This would allow
drivers to engage with an NDRT and be better prepared to resume control of the
vehicle should they need to them to, without sacrificing the benefits of automated
driving. Beyond simply reacting to an alert, these cues benefited the higher predic-
tion level of situational awareness and aided drivers in predicting what happened

next in the road clips, a key aspect for making safe driving decisions.
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e RQ3) Are distracted drivers better able to use attentional cues presented through a

social agent to aid their hazard awareness compared to a visual cue?

Drivers were able to use the implicit head turning movements of the virtual agent to
aid their hazard prediction performance, which was at similar levels to both when
they were not distracted with an NDRT. This suggests that drivers can use informa-
tion presented in a social modality to inform their awareness of the road. However,
this was only evident when the agent was augmented with a colour change cue. Per-
formance was significantly worse when a more animated social agent displaying the
social cues was included, suggesting that an ambiguous or complicated cue creates

too much of a distraction.

The results from this chapter show that using cues which provide positional informa-
tion alone does not aid hazard prediction if there is nothing to signal the driver about
an impending hazard, regardless of the modality of the cue. However, positional cues
that changed colour to indicate danger maintained hazard prediction scores for distracted
drivers the same as when there was no NDRT. While Experiment 5 showed that this NDRT
significantly disrupted hazard prediction, including the colour change cues into this NDRT
resulted in performance which was not significantly different to the Control condition in
Experiment 6. It suggests that the combination of positional cues and hazard alerts in
an AR HUD was able to provide enough information to a distracted driver to maintain
their situational awareness. This is significant, as previous work has found that presenting
NDRTs via an AR HUD impaired situational awareness (Radlmayr et al., 2018), even if a
dynamic cue was included (Goodge et al., 2024). The findings presented here indicate that,
with the appropriate cue design, it is possible to aid driver awareness during an NDRT.
This is at a higher level than reacting to a TOR, but being able to accurately predict
what happens next, which is key to informing their safe driving decisions (Endsley, 1995a;
Crundall, 2016). It suggests that designing an AR HUD which includes these types of cues
can allow a driver to engage with an NDRT in partially automated vehicle, but maintain
their ability to react safely to a hazard. Furthermore, drivers were able to infer positional
information from an agent with a colour change cue to aid their hazard prediction. While
performance was the same with a visual cue when aided by the social cues, the agent was
rated as significantly more social than a visual cue. This suggests that social cues can
be an effective way of communicating information to drivers beyond using conversational
interfaces (Politis et al., 2014a). In addition to the benefit of providing information from a
conversational agent (Wang et al., 2022a), the results here indicate that social behavioural

cues can also aid driver awareness, in particular with a distracted driver.
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This suggests that virtual agents showing these social cues could be used to aid drivers in
partially automated vehicles, beyond just improving interaction with the vehicle, and can

have direct benefits on a driver’s ability to monitor the road during an automated drive.

Limitations and Recommendations for Future Research

This chapter is an initial attempt at using a virtual agent to cue hazards in an automated
driving context. Previous studies have measured the effect of characterising human-vehicle
interaction in a social manner, but few have measured the direct effect of using these
interactions to aid driver awareness of the road. While this chapter provides a useful

contribution to the field, there are some methodological limitations.

Choice of Non-Driving Task

The gem-popping task was specifically designed to disrupt normal driver attention, as
shown by the eye-tracking data from Chapter 5. Similar results were shown here, with haz-
ard prediction scores in the NDRT only conditions of Experiment 5 significantly impacted
compared to performing the task without distraction. However, it does not necessarily
represent all of the NDRTs that driver might engage with during an automated drive.
Consumers report wanting to engage with NDRTs including socialising, leisure activities
and productivity tasks (Panagiotopoulos and Dimitrakopoulos, 2018), all of which have
distinct and complex requirements of attention which the task used here does not fully rep-
resent. However, since the aim of this chapter was to investigate the impact of an NDRT
on wisual attention on visual-based Hazard Prediction task, the gem-popping NDRT was
selected to represent a visual-demanding game. Further research should investigate how
the social and visual cues affect hazard prediction on a wider range of NDRTSs, and how

interacting with different modalities of NDRT impacted the effectiveness of these cues.

Location of Cues

All of the attentional cues used in this chapter were displayed at the same controlled
location for each driver to ensure they were visible in the limited field of view of the
HoloLens 2. Previous work suggests that passengers have different preferences for the
location of augmented reality interfaces depending on the environment (Medeiros et al.,
2022), and other research looking at virtual agents typically place them in the position
of a passenger (Wallbridge et al., 2022; Wang et al., 2022a). This placement was also
chosen to create a realistic interaction with the agent in these studies. Doing so created a
unique challenge in designing social cues which were visible from behind to facilitate this.
The agent used here was intentionally simplistic, with focus on creating easily observable

social cues, rather than designing a full social interaction, to compare with a visual cue.
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Most prior research investigating social cues relies on face-to-face interaction using eye
gaze behaviour (Admoni and Scassellati, 2017), which is a reliable method of establishing
joint attention. While this was not possible in these studies, previous work suggests that
head-turning can also be used to establish joint attention as an approximation for eye
movements (Sheikhi and Odobez, 2015; Rubio-Fernandez et al., 2022). The agents in both
studies were rated as significantly more social than the visual cues on the RoSAS scales,
suggesting that the behaviour created the idea of the agent providing social cues. However,
further research should evaluate different methods of presenting these types of social cues
via virtual agent and how different visualisation methods affects the perceived 'social-ness’
of the virtual agent. For example, placement of the virtual agent as a passenger in the
periphery, in front so that cues are visible to the driver without having to take their eyes

off the road, or displaying more obvious representations of gaze, such as by Trosterer et al.
(2019).

Interaction with the Virtual Agent

Further to this, the level of interaction between the driver and the agent also requires
consideration. The agents used here did not have any interaction with the drivers beyond
displaying the social cues. However, more complex two-way interactions with a social agent
have found benefits as in-vehicle displays (Karatas et al., 2016, 2018; Wang et al., 2022a).
While the agents used in the studies in this chapter were perceived as more social than the
visual cues based on the RoSAS ratings, there was no opportunity for interaction with them
beyond observing their movement. Furthermore, there were no differences in Competence
RoSAS ratings compared to the visual cues, which may have affected the propensity for
participants to attend to the cues from the agents. Though previous work has suggested
that abstract avatars are suitable when observing interactions (Mathis et al., 2021), trust
plays a significant role in these interactions (Sun and Botev, 2021), with previous work
showing that virtual agents are rated as less trustworthy than human or robot partners,
(Pan and Steed, 2016), and anthropomorphism affecting perceptions of credibility (Nowak
and Rauh, 2008). Future work should explore how a two-way interaction between a driver
and a virtual agent, combining the social cues here with informative conversation alerts
from Wang et al. (2022a) could assist driver awareness, considering how agent design
affects trust in the system (Sun and Botev, 2021). Finally, the Hazard Prediction test
used here as a means to empirically measure situational awareness, is not necessarily
reflective of awareness throughout an entire drive, as it only measures the moment the
driver disengages from the NDRT and turns their attention towards the road (Stage 3 in
Janssen et al. (2019)’s model). Further research should measure driving performance in
an extended or interactive setting to evaluate the effect of using social attentional cues

during a realistic automated drive.
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Avatars in Cars: A Benefit or a Burden for Attention?

Prior to this chapter, Wang et al. (2022a) found that using a conversational voice agent
providing assistance through speech improved situational awareness scores on a SAGAT
test. Combined with the findings of the studies presented here, these indicate that social
information presented through an embodied virtual agents could be an effective way of
informing drivers about the road and helping them maintain situational awareness in
automated vehicles. This could be in addition to the visual displays that guide attention
that are typically seen in AR HUDs. An embodied virtual assistant which indicates the
vehicle’s current state and information about the road around it, using speech and social
behaviour, e.g., head turning, could be beneficial for maintaining the awareness of a driver

who is distracted by an NDRT, should they need to resume control.

This would expand on the idea proposed by Janssen et al. (2019) for sharing the respon-
sibility of attending to the road with the vehicle from a conceptual model into a social
interaction. Schuf et al. (2024) showed high levels of acceptability and trust for a digital
co-pilot in automated vehicles across different cultures, which indicate that facilitating a
social interaction between drivers and automated vehicles is feasible. As discussed previ-
ously, characterising interaction with the vehicle in a social manner improved ratings of
confidence (Wang et al., 2022b), likeability (Dong et al., 2020), and increased trust and re-
duced blaming the vehicle for errors (Wallbridge et al., 2022). Furthermore, speech-based
agents have been shown to reduce anger levels and improve situational awareness (Jeon
et al., 2015). A mixed-reality embodiment of a virtual agent would allow the benefits of
these social interactions for explaining the actions of an automated vehicle. However, the
findings from the studies presented here suggest that this can be taken further. Social
behavioural cues can be used to impart information about the road itself to drivers when
they are distracted and provide attentional alerts about the road. This could expand the
role of virtual agents beyond facilitating interactions with in-car interface to more of a
co-pilot position, which the driver can interact with socially and share responsibility for

maintaining attention to the road with, responding to the assistant’s reactions to the road.

However, caution must be taken when considering the responsibility for the vehicle when
introducing virtual assistants as an in-vehicle interface. In follow-up interviews for Ex-
periment 6, participants revealed that they outsourced the hazard prediction task to the
cues, instead focusing on completing the NDRT. Only once the cue turned red did they
report switching their attention to the driving task. This does not represent the shared
responsibility for watching the road that Janssen et al. (2019) propose, but an offloading
of responsibility onto the virtual agent. This does raise the issue of sharing responsibility

for the vehicle with a social agent and how much trust a driver places in the vehicle.
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Drivers exposed to automated driving systems have higher levels of trust (Korber et al.,
2018), and are more prone to drowsiness (Kundinger et al., 2019) and to look away from the
road (Koérber et al., 2018). Regarding in-vehicle virtual agents, drivers have been shown
to place more trust in an agent that looks like them (Verberne et al., 2015), and a vignette
study by Hong et al. (2021) found that people would give more praise to an Al-controlled
vehicle than a human driver, something which has been suggested to be moderated by
personality and desirability of control (Sela and Amichai-Hamburger, 2023). Aroyo et al.
(2021) describe how anthropomorphism can lead to humans overtrusting robots if they
believe they are sentient. This could lead to significant issues in an automotive context,
with drivers believing their automated vehicle to be more competent as it is represented
by a social agent. While previous work has shown how having passengers in the vehicle
leads to a reduction in unsafe driving behaviours (Michel and Meyers, 2004; Vollrath et al.,
2002), it is not clear how this would transfer into an automated vehicle; would a driver feel
the same level of responsibility towards a virtual agent, and how would this affect their

driving performance or trust in automation?

It is important to note that this chapter does not make the assertion that social cues
are superior to visual ones. Admoni and Scassellati (2012) found that performance was
worse in a counterpredictive cueing task (where cues point to the opposite direction of the
target) when using an avatar to cue attention compared to human facial or visual arrow
cues. Though cueing was confirmatory in these studies, using an agent to indicate the
location of the hazard through position alone had no benefit, suggesting that there are
complex socio-cognitive factors which need to be considered when designing social cues
for agents (Admoni and Scassellati, 2017). This may also be reflected in the significant
increase in NASA TLX scores, which were significantly higher in the Agent Hazard Cue
condition in Experiment 6, despite there being no differences in Hazard Prediction scores.
It was only with the inclusion of the colour change cues in Experiment 6 that there was
a benefit, a consistent finding with the literature looking at cueing attention (Pan, 2010;
MacKay and Ahmetzanov, 2005; Harris et al., 2015).

Though drivers were able to use the implicit social cues, it appears that the significant
factor aiding their awareness was the changing of colour of the attentional cues. The Visual
Hazard Cue and Agent Hazard Cue conditions both signalled a hazard through changing
the colour of the cue and showed similar levels of performance as the Control condition
with no NDRT. This is likely the most important factor that aided hazard prediction
here as well, signalling to participants when to switch from the NDRT to the driving task
(Janssen et al., 2019). However, the key finding is that in Experiment 6, participants
were able to infer a hazard location based on head-turning social cue paired with a colour

change cue, and use that to aid their hazard prediction.
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This was at the same rate as the visual cue which directly highlighted a specific location
on the screen. These results suggest that, while not an effective cue by itself, implicit
social information can be used to cue attention to specific locations, with the attention
capturing colour-change cue aiding driver awareness while they are performing an NDRT

to the same level as a visual cue.

Design Recommendations for Attentional Cues

The results from these two studies have implications for designers of in-vehicle interfaces
that can be used to display NDRTs during automated driving. The design of interfaces
to aid driver awareness while they are distracted is important while drivers are required
to maintain attention to the road in Level 3 automated vehicles. From this, a list of
recommendations was produced for designers of in-vehicle interfaces based on the results

from these studies:

e Neither Social nor Visual cues providing positional information alone aid

situational awareness in a distracted driver

An attentional cue which highlights the location of danger but does not capture
attention has no benefit on hazard awareness. Without a signal that there is ap-
proaching danger, the benefits of a positional cue are lost on a distracted driver

performing an NDRT, regardless of the modality of the cue.
e Colour change is an effective hazard alert

In both the Visual and Agent hazard cue conditions, a colour change before the
hazard appeared was an effective signal for danger in distracted drivers. Combined
with a positional cue, colour change can be an effective attentional cue towards

danger, even when the driver is distracted by an NDRT.

e Head turning behaviour can aid attention when paired with an active

hazard alert

Using the head turning behaviour of an agent to signal location did provide some
benefit to hazard awareness, even though the location of the danger was only implied.
Socially resonant behaviour such as head-turning can be effective in conveying infor-
mation, and can be a benefit to hazard awareness when combined with an attentional

cue towards danger.
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e Overly complicated social animation cues are distracting

Despite using more direct social attentional cues, an animated agent which reacted
emotionally and pointed towards the danger was more distracting than an agent that
turned its head. The desire for a fully anthropomorphic virtual agent needs to be

tempered with the distraction it may cause if used as an attentional aid.

6.10 Conclusion

The experiments in this chapter demonstrate that it is possible to maintain driver aware-
ness during an NDRT at a similar level to without a distraction using attentional cues in
an AR display. Experiment 5 investigated the effect of including positional cues on driver
hazard prediction ability while distracted, either visually or as a social agent. However,
performance on the hazard prediction task here with either a visual cue or a social cue was
significantly worse than performing the task without distraction, and was no better than
with no cue present. Experiment 6 on the other hand investigated the effect of including
attentional cues with an active hazard alert on hazard prediction ability while distracted.
Visual and virtual agent cues which indicated hazard location and changed colour to indi-
cate danger, and an animated social agent cue which gesticulated towards the danger were
compared to performing the hazard prediction task without distraction. There were no
differences in hazard prediction between the no distraction condition and the colour change
cues. This suggests it is possible to maintain driver awareness during a distracting NDRT
at a similar level to viewing the road without distraction, but only with an attentional
cue which signals when there is a hazard and its location. Presenting this cue as social
information from a virtual agent provided similar benefits to a visual cue, but not when
using an expressive social agent, which produced significantly worse scores than all other
conditions. Addressing RQ3 from this thesis (section 1.3), the results from this chapter
show that it is possible to use AR to maintain driver awareness of the road while they are
distracted by an NDRT through a combination of positional and attention capturing cues,
allowing for drivers to engage with NDRTs without sacrificing their ability to respond to
the road. Expanding on this, the results also indicate that drivers are able to use social
cues from a virtual agent, allowing the possibility for in-vehicle agents to be used beyond
an interaction mechanism as aids to driver awareness. Communicating information about
the road to drivers in partially automated vehicles remains a challenge, especially if they
are distracted by an NDRT. With more advanced mixed-reality in-car interfaces comes
more interaction opportunities with the vehicle, such as presenting information in a social
way via a virtual agent. The results from this chapter suggest that it is possible to use a
social agent to aid driver awareness, on top of the benefits they can provide when used as

in-car assistants.
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(General Discussion & Conclusions

Figure 7.1: Images showing the Augmented Reality cues from each of the experiments, as well as the
experimental setup that was used throughout the thesis.
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7.1 Summary of Main Findings

This thesis investigated the effect of displaying non-driving tasks in augmented reality
on the situational awareness of drivers. This was using measures of the higher level of
driver cognition that is not typically captured in research investigating driver attention.
First, the impact of an NDRT on reaction time was established in Chapter 3. Then, using
the empirical measures set out in Chapter 4, the ability of drivers to anticipate hazards
during an NDRT presented in different locations was evaluated in Chapter 5. Finally,
different methods and modalities of cueing attention for distracted drives were compared in
Chapter 6. The findings from the experiments presented in this thesis contribute towards
understanding the cognitive implications of engaging with a distracting NDRT on the
ability of drivers to perceive and process the road environment. These results help to

address the Research Questions posed in Section 1.3 in the following ways:

e RQ1) How does engaging with a distracting NDRT affect the ability to react to the

road scene?

Experiments 1 and 2 showed that when participants were engaged with a distracting
task, their reaction time was slower on both a Go/No-Go and a Hazard Perception task.
Experiments 3, 4, and 5 also showed that drivers’ performance on a Hazard Prediction
task was poorer while distracted by an NDRT compared to when they just focused on
watching the road. This was also reflected in confidence and subjective attention ratings,
which were significantly lower in all conditions compared to when attention was fully on
the road. However, hazard prediction performance was greater than chance in all NDRT
conditions, indicating that drivers were able to maintain some level of awareness of the
driving task even while distracted. These results suggest that, although it is possible for
drivers to maintain some awareness of the road, their ability to both react quickly to and

properly process the road scene is inhibited when performing a NDRT.

e RQ2) How does the location where a distracting NDRT is presented affect the ability

to maintain awareness of the road scene?

Experiments 1 and 2 found no difference in performance with different size presentation
formats within the AR display, between a smaller centralised area and a wider presentation
area. Both of these presentation formats had a detrimental effect on reaction time on
Go/No-Go and Hazard Perception tasks. Experiments 3 and 4 showed that, contrary to
their proposed benefits from the literature, using a heads-up display presentation for a
NDRT did not improve the ability to predict hazards compared to a heads-down display.
Even when an attentional cue was included in the design to signal a hazard, the distracting

nature of the NDRT means that drivers were not able to maintain awareness.
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This is significant for the implementation of AR HUDs as in-vehicle displays, as it suggests
that simply displaying content at eye level of the road by itself is not beneficial for driver
attention. The design of the tasks being performed in an AR HUD needs to be considered
with regards to the impact they will have on drivers’ cognition to avoid inattentional

blindness.

e RQ3) How does the design of attentional cues affect ability to maintain awareness

of the road scene during a distracting NDRT?

Experiment 3 and 4 indicated that utilising the dynamic nature of AR allows for more
informative HUDs that can be used to influence driver attention. In Experiment 3, includ-
ing an attentional cue into the AR HUD improved performance over a HDD, but hazard
prediction was still poorer than without a distracting NDRT. Following this, Experiment
4 showed how AR displays can incorporate attentional cues that guide driver fixations to-
ward hazardous events. However, this did not culminate in improved situational awareness
of the driving task. Eye tracking data revealed that, while the design of the attentional cue
used did lead drivers to fixate on the relevant area of the screen, this did not correspond
to increased hazard prediction performance. These results highlight how the workload
demands of an NDRT are an important aspect to consider when designing AR HUDs,
and how this can impact the effectiveness of any attentional cues used to try and draw

attention to the road.

Similar results were apparent in Experiment 5, demonstrating that without a specific
hazard warning alert, there was no benefit of attentional cues that highlighted the location
of a hazard. However, the results of Experiment 6 found that a positional cue combined
with an attention capturing warning alert benefitted hazard prediction, comparable to
when watching the road without distraction. These results show that it is possible to use
AR to aid driver awareness of the road while they are distracted by an NDRT, through the
combination of positional and attention capturing cues. These results suggest that using
these attentional cues could allow drivers to engage with NDRTs in an AR HUD without
sacrificing their ability to respond to hazardous road events. Furthermore, Experiment 6
also showed that this benefit can come from using social information to infer location of
a hazard, to a similar level of performance as both a visual cue and when watching the
road without distraction. Though a highly animated social cue did not provide the same
benefits, these results indicate that in-vehicle virtual assistants showing social cues can be

used as specific attentional aids as part of a social human-vehicle interface.
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7.2 Contributions

The work presented in this thesis provides a number of contributions to the field:

e Contribution 1: FEvidence consistent with previous work that engaging with a

distracting NDRT has a detrimental impact on driver performance

As with previous research investigating the impact of NDRTs on driver attention, the
findings in Chapter 3 provide supporting evidence that reaction time on both an inhibition
control task and a hazard perception task was negatively affected when drivers were also
engaged with an NDRT presented in AR.

e Contribution 2: A corpus of validated video clips which can be used to empirically

measure hazard prediction ability

Measuring the cognitive processes behind driver attention is complicated, and requires
complex measurement tools to do so. The Hazard Prediction test presented in Chapter 4
is an easily implemented empirical measure of hazard prediction ability, a key component
of a driver’s situational awareness, which can be used to assess a driver’s ability to use

pre-cursor cues to predict what happens next in a road scene.

e Contribution 3: Evidence that using a Heads-Up Display does not inherently

benefit driver awareness

Evidence from the aviation industry describes the benefits of presenting information in a
heads-up display, and there are suggestions that therefore they should be implemented in
a driving setting. However, the experiments presented in Chapter 5 indicate that, by itself,
using a heads-up display for an NDRT does not aid driver ability to maintain awareness
of the road. Even if attention is cued and gaze is drawn to a particular location using a

HUD, this does not necessarily equate to sufficient appraisal of the scene.

e Contribution 4: An initial exploration into the potential benefit of using social

information to aid driver awareness.

Drivers were able to use social information provided via a virtual agent to aid their hazard
prediction ability while distracted by an NDRT to the same levels as when using a visual
cue and, importantly, when their attention was fully focused on the driving task. Though
questions still remain regarding the design of a virtual agent as an in-car assistant, the
experiments presented in Chapter 6 suggest that drivers are able to use social information

to infer the location of danger to aid their situational awareness.
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7.3 Limitations and Future Directions

Hazard Prediction Paradigm

The Hazard Prediction test provides a useful way of measuring the higher levels of a driver’s
SA of a road scene in an objective manner. If a driver is aware of the objects in the hazard
prediction clip, they are able to correctly predict what happens next using anticipatory
cues from the scene (Crundall, 2016; Ventsislavova and Crundall, 2018). However, this
test only represents a snapshot moment of driver awareness in a complex driving scene,
i.e., the last few seconds before a hazard occurs. The video clips in the test used here
lasted no longer than a minute, and were presented in a test format, so participants were
motivated to maintain their full attention to the road. This is not necessarily how a driver
might maintain attention to the road during an extended automated drive (McKerral
et al., 2023), and as a result are more likely to become fatigued or bored (Figalova et al.,
2023; Thiffault and Bergeron, 2003). Previous research has shown that fatigued drivers on
longer drivers react much slower to hazards (Ting et al., 2008) and have harsher braking
responses (Mollicone et al., 2019). This is the likely application of automated driving in
its current state however, such as in Germany where automated driving is limited to 60
km/h in a motorway setting (Federal Ministry for Digital and Transport, 2021). Future
research should seek to employ this hazard prediction paradigm with longer hazard clip
durations to measure the predictive ability of drivers after an extended time monitoring

the road, or performing an NDRT.

Laboratory-Based Experiments

Further to this, measuring how drivers react in a real situation is a consistent problem
when researching driver behaviour. It is not possible to capture how a driver is processing
a road scenario in situ safely, nor to probe them on their ability to anticipate what happens
next. The Hazard Perception test is widely used as a measure of a driver’s ability to react
to hazards on the road, while the Hazard Prediction test is used to probe the higher level
of situational awareness that experienced drivers use to predict what happens next in
the road scene. The clips used only contain one correct answer in order to provide an
objective score. In reality, however, driving scenes contain a myriad of different hazards,
pre-hazards and potential hazards (Crundall, 2016), as well as other road users whose
presence have no impact on a driver. Nonetheless, both of these tests rely on using
snapshot judgements of an isolated driving scene where there is a hazard present and
a correct answer. Furthermore, there is evidence that familiarisation with an AV takes
approximately 10 minutes (Omozik et al., 2019), which was also approximately the length

of the conditions in the experiments presented here.
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Probing driver awareness in a laboratory setting has value in that it allows the measure-
ment of a driver’s representation of the road at a particular moment in time. This is not
possible during a real life drive (it is not possible to pause reality and ask a driver to pre-
dict what happens next). However, it is also important to measure the actions taken by
drivers in a realistic driving setting to measure the way in which actual driver behaviour
is affected. Future research should attempt to use these dual-task paradigms in realistic
driving scenarios, e.g., in a driving simulator or an on-road experiment to investigate the

specific effects on driver behaviour beyond their cognitive state.

Choice of Non-Driving Tasks

The non-driving tasks presented in this thesis were based on theoretical models of driver
attention and driver gaze behaviour (or based on examples of non-driving tasks from
previous literature in the case of Experiment 4). They were designed to disrupt these
patterns of attention and to allow a measurement of the ability of drivers to maintain
awareness while distracted, which was evidenced by the impact they had on the driving
performance measures used. They provide an insight into the impact of a distracting task
might have an a drivers ability to process the road. On the other hand, the list of realistic
non-driving related tasks is as long as whatever a person would do to relax, and could
consist of watching video content, doing work, playing games, interacting with personal
devices, talking to passengers, eating, sleeping etc. Each of these NDRTs will have specific
demands on different aspects of driving behaviour, from physically taking eyes off the road
(Pakdamanian et al., 2022) to reducing the ability to the process the road scene even when
eyes are on the road (Radlmayr et al., 2018) or in the case of sleeping, not even being

conscious to react to any type of demand from the vehicle.

The visually demanding NDRTs used for the experiments presented here do not represent
the full spectrum of potential NDRTs that a driver of an automated vehicle might engage
with, nor the different cognitive and physical requirements these might present to a driver.
Even in the visual domain, for example, watching a feature length film with visual and
auditory information is likely to be much more distracting than the NDRTs used here,
even presented when as a HUD (Horrey and Wickens, 2003). Additionally, though talking
to passengers can provide some benefit to drivers, (Orsi et al., 2013; Drews et al., 2008),
the impact of doing so on regaining control is not clear. As such, further work should seek
to establish the specific cognitive requirements as well as the impact of different types and

modalities of NDRTs before designing an AR interface to assist driver awareness.
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Modality of AR displays

Following on from this, the NDRTs and attentional cues used in this thesis were all in
the visual domain, being presented via the HoloLens 2 headset without any auditory,
tactile or other modality of alert. This approach was taken for this thesis as the driving
performance measure used was purely visual, with the audio removed. Plenty of research
has indicated however that multimodal alerts are better for capturing driver attention
(Politis et al., 2014b, 2015, 2017), while the attentional cues used here were only visual in
nature. It is possible that using attentional cues in a different modality, e.g., an auditory
cue signalling location, may be more beneficial than the attentional cues presented here.
This was avoided here to 1) investigate the specific effect of two conflicting tasks in the
visual domain, since driving is a predominantly visual task (Crundall and Underwood,
2011) and 2) avoid inherent benefits evidenced from presenting an alert in a different
modality to the driving task, e.g., an auditory alert, which has been shown to have benefits
on attracting driver attention (Politis et al., 2015; Geitner et al., 2019; Ward and Helton,
2022). Further work should investigate how specific interactions of modalities and different
types of attentional cues can be used to alert drivers and impact situational awareness,
as well as the effect of using a driving performance measure which incorporates multiple

modalities.

Demographics

The participants recruited for the majority of the experiments in this thesis were recruited
for their driver experience. However, given that recruitment took place through insti-
tutional channels (participants pools, university notice boards, university online forums,
etc.), the samples for the experiments are limited to those who have access to these chan-
nels as well as the means, i.e., university staff, students, and affiliates. One benefit to using
this sample however is that a large number of these participants were not just from the
UK, and represented a broader range of driving behaviours from many different driving
cultures. On the other hand, one particular limitation of the experiments here is the rela-
tively narrow age sample, with mean ages for each experiment typically ranging between
25 and 37 years old. There is evidence that driver attention and hazard perception ability
deteriorates with age (Borowsky et al., 2010; Memmert, 2006). Older drivers engage with
NDRTs in automated vehicles in different fashions (Srour Zreik et al., 2023) and have
specific design requirements for attentional alerts (Srour Zreik et al., 2024). Further work
needs to explore how drivers of different age groups are affected when engaging with a
distracting NDRT, both in general and when using an AR HUD.
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7.4 Overall Discussion

In-vehicle Augmented Reality

The aim of this thesis as stated in section 1.2 was to investigate whether it is possible
to use augmented reality to aid the situational awareness of drivers. The results from
the experiments described in this thesis provide evidence that this is possible, but with
important considerations for the implementation of in-vehicle AR HUDs and the effect it
has on driver cognition. It was has previously been established that presenting driving-
related information in a HUD display has benefits over a HDD (Smith et al., 2015, 2016),
and so presenting NDRTS in this way is a sensible suggestion to keeping drivers in the
loop (Schroeter et al., 2014; Schomig et al., 2018). However, the results presented here
indicate that, for a distracted driver, a HUD does not provide the same benefit by itself
when displaying an NDRT. Eye tracking data indicate that, despite fixating on the road in
the hazard prediction clips, drivers were not able to sufficiently process the road scene and
their hazard awareness was impaired, even when they were led to fixate on the specific area
where a hazard is present. These results are consistent with the inattentional blindness
literature (Simons, 2007), which demonstrates that drivers not anticipating a certain road

event fail to properly process it (Crundall et al., 2012, 2017).

Few other studies investigating the impact of AR displays on driver attention measure
situational awareness empirically. Many focus on driver gaze behaviour and measure, for
instance, eyes-on-road time (Vicente et al., 2015; Walch et al., 2019; Karatas et al., 2020).
The assumption that a driver is paying attention to the road because they are looking at
it is the basis of many driver monitoring systems which utilise eye tracking (Dong et al.,
2010; Koesdwiady et al., 2016), and is an important part of the understanding the percep-
tions of drivers (Underwood et al., 2003; Underwood, 2007; Yang et al., 2021a). However
the results from this thesis suggest, in particular Experiment 4, that this does not neces-
sarily correspond to a state of situational awareness or having fully appraised the danger.
Guiding fixations to the correct part of the screen where the upcoming hazard occurs did
not aid hazard prediction performance. This is a significant problem for designers of in-car
AR HUDs, who must not overlook the 'Look-but-Fail-to-See’ effect (Brown, 2002; Lang-
ham et al., 2002) when creating AR interfaces for displaying content to drivers. This may
be a facet of the increased visual workload that is required by drivers in the experiments
presented here. They were asked to perform two visually complex tasks (reacting to the
NDRTs and maintaining attention to the hazard clips), the overlap of which has been
shown to impair performance more generally (Briinken et al., 2002; Jackson et al., 2023)
and in a driving context (Ward and Helton, 2022; Walker et al., 2021).
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However, this is what is being asked of drivers of automated vehicles who need to be ready
to resume control regardless of any NDRT they are engaged with. Situational awareness is
an important factor to consider when evaluating how an AR interface may impact driver
attention. Whether a driver is able to actually establish awareness of the road scene as
Endsley (1995b) suggests is key to facilitating a smooth takeover of control, rather than
simply just fixating on the hazardous area of the road but being thrust into controlling

the vehicle without being suitably prepared to react to the road scene.

Attentional Cues

To attempt to mitigate this, multiple attentional cues of different designs to aid situational
awareness were investigated in this thesis, making use of the dynamic nature that an AR
HUD can provide to highlight important areas or road users to the driver. In Experiment
3, this attentional cue elevated performance over a HDD, but performance was still worse
than when watching the road without distraction. This effect was lost in Experiment 4
however with a more distracting and demanding NDRT. Experiments 5 and 6 evaluated
an attentional cue that was always visible to the driver during the NDRT. This constant
positional cue on screen helped maintain Hazard Prediction ability, but only when paired
with an explicit alert that indicated the presence of a hazard. The results in Experiment 5
could be an example of attenuation, where the impact of an unattended stimulus reduces
over time (Yigit-Elliott et al., 2011; Cardoso-Leite et al., 2010). However, the presence
of visual attenuation is not a consistent finding, with some studies indicating that it may
be a learned effect rather than an automatic one (Schwarz et al., 2018). One potential
explanation for this is, as participants in Experiment 5 became used to the positional cues,
their attention to them could have waned and thus they provided no beneficial information
for the hazard prediction task. Without an attention capturing aspect, there was nothing
to differentiate between normal operation of the cue and when it was highlighting a hazard.
Additionally, participants were motivated to perform both the NDRT and the hazard
prediction task, and so paying attention to the location of an apparently erratic positional

cue did not provide any benefit.

When asked about their strategies for performing both tasks in follow-up interviews in
these experiments, participants reported ’outsourcing’ the hazard awareness task to the
AR interface, only switching to that task when the cue was present. This lead to impaired
performance in Experiments 3 and 4, where the attentional cues used did not supply as
much information to the driver to maintain their hazard prediction performance. Similarly
in Experiment 5, the positional cue alone did not provide enough information to inform
drivers when to switch tasks from the NDRT to the hazard prediction task.
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In Experiment 6 however, this was possible using both positional information and the
hazard warning alert from the cue, in both a visual and social domain. This range of
results from a variety of cues indicate that the design of these attentional cues and the
methods in which they provided information to the distracted drivers were fundamental

to how much aid they provided.

Sharing Responsibility for the Road

The goal of evaluating these types of attentional cues is to design interfaces which aid
in the sharing of responsibility for the driving task between the driver and the AV. This
would allow drivers to engage with the non-driving tasks that are proposed as the benefit
of automation (Panagiotopoulos and Dimitrakopoulos, 2018), but without comprising on
safety in partially automated vehicles. Typically, responsibility for the driving task has
been laid out in a dichotomous format; either the computer or the human is in charge,
with control handed over between the two. This is the way in which recent legislation
interprets responsibility in AVs. (UK Parliament, 2024), as either User-In-Charge or No-
User-In-Charge (UK and Scottish Law Commissions, 2020). This is not conducive to
allowing drivers to perform an NDRT, given the evidence that attention is disrupted when
doing so. Expecting a driver to remain fully attentive during the automated drive negates

the possibility for any non-driving activities.

However, this binary human-computer control model does not represent a realistic way
that drivers will engage with AVs. Alternatively, Janssen et al. (2019) describe a 10-
step model of attention when performing an NDRT, based on that of Boehm-Davis and
Remington (2009) describing the cognitive effects of interruption. Janssen et al. (2019)’s
model of shared responsibility theoretically allows for greater levels of awareness to the
road, in contrast to a driver-in-charge /vehicle-in-charge dichotomy. Rather than switching
between tasks, this model describes multiple interleaved stages between attending to an
NDRT and attending to the road. Instead of requiring a quick takeover which has been
shown to be impacted by NDRTs (Dogan et al., 2019; Ou et al., 2021a), drivers are instead

slowly reintroduced to the driving task in a series of steps.

The work presented in this thesis measures the situational awareness of drivers at the third
stage of Janssen et al. (2019)’s model, at the point the driver disengages from their non-
driving task and turns their attention towards the road (see Figure 7.2). This is the point
where AR interfaces can provide the most benefit, facilitating this task-switching stage
by providing additional information to drivers. What this thesis shows is that presenting
information at eye-level with the road as a HUD does not provide a benefit to situational
awareness at this stage, and that the demands of the NDRT impact the driver’s ability to

process the road.
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Figure 7.2: The transition of control stages as posed by Janssen et al. (2019), describing the multiple
stages for a driver sharing control of an automate vehicle.

However, the results of Experiment 6 demonstrate that it is possible to design an AR in-
terface that can provide this information to drivers even when they are distracted. Rather
than as a direct application in a takeover request display, the use of the attentional cues
in AR are potentially better suited for the interleaving stages of Janssen et al. (2019)’s
model to facilitate driver awareness during an NDRT, should a takeover be needed. The
results from this thesis demonstrate that it is possible to aid the situational awareness of
drivers using an AR display, even when they are distracted by an NDRT, depending on
the design of the cue and the workload of the NDRT.

In-Vehicle Assistants

Though more sophisticated AVs are not currently available to the public, there is still a
significant research focus on the impact they may have on society. It may then seem even
more ambitious to investigate the effects of using an in-vehicle assistant for communicating
information to drivers in AVs. However, interacting with the car in a social capacity already
exists through conversational interfaces, and concepts such as the in-car Omniverse Avatar
concepts by NVIDIA (2021) (see Figure 7.3) indicate that incorporating virtual assistants
into future vehicle interfaces has momentum. Typically these have been reserved for
interacting with an interface using speech and keeping attention on the road. However,
there is an increase in research investigating how to incorporate social artificial agents into
these types of roles. In a driving context, there is evidence that people respond positively
to virtual assistants in terms of trust (Wang et al., 2022a) and attention to the road
(Karatas et al., 2016, 2018).
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Figure 7.3: Concept of the NVIDIA Omniverse Concierge, an in-car virtual avatar that the driver interacts
with to control the automated vehicle.

The results from Experiment 6 contribute to this in suggesting that it is possible to use
social information to impart this hazard awareness as well, through head-turning behaviour
of an agent. Beyond a simple voice interface, mixed reality displays could allow for more
complex interactions with an in-car assistant, including using them to deliver important
information about the road to a distracted driver. This could have benefits not only for
driver attention, but for increasing trust in automation (Pan and Steed, 2016; Rheu et al.,
2021) and enhancing the explainability of the automated driving system (Rheu et al.,
2021). Rather than design a complex HMI system to do this, it leverages a modality that
humans are adept at processing efficiently; information from a social interaction. While
previous research has investigated using embodied robots as in-vehicle assistants (Dong
et al., 2010; Wang et al., 2022a), the ways in which humans interact with robots are not
simple, particularly in a driving context (Dong et al., 2020; Aroyo et al., 2021). Mixed
reality interfaces, however, allow for a simpler and more dynamic implementations, such
as customising the agent to enhance user perceptions and trust (Verberne et al., 2015).
Though the agent used here was a simplistic one with a limited range of animation,
drivers were still able to use the social cues it presented to aid their awareness. In fact,
more simplistic social cues may provide more of a benefit when presented in this format
(Hauslschmid et al., 2017; Wang et al., 2022a; Dong et al., 2020). Future endeavours
into creating explainable autonomous systems should consider using social information to
enhance the interaction experience with a system, and the potential benefits that using
social information could provide by applying human-robot interaction concepts to driver

attention.
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Cybersickness

Any tasks presented in AR, including those presented in this thesis, could cause cyber-
sickness symptoms to emerge if deployed in a real vehicle. Increased cybersickness has
been linked to reducing attentional engagement in a VR setting (Li et al., 2021) which
may impact attention to the driving task. However, studies investigating motion sickness
for passengers have demonstrated how simulating motion can induce sickness symptoms
(P6hlmann et al., 2022a,b) and manipulating it can reduce their occurrence (Péhlmann
et al., 2024). Despite a focus on the potential impact of in-car VR (McGill et al., 2017,
2020; Pohlmann et al., 2022a), there has been little research investigating how using AR
could also influence cybersickness symptoms. It is not clear to what extent an AR HUD

impacts motion sickness during a drive.

While this did not form part of the research focus of this thesis, the results here mimic
those of Hughes et al. (2020), who found that 20 minutes of exposure to AR lead to
increased sickness symptoms. Extended exposure to the AR interface here led to the
emergence of sickness symptoms in the later timepoints of the experiments. There tended
to be no significant differences in the change in scores over time, but distinctive differences
were apparent in Experiments 2, 3, and 4 with significantly higher scores towards the end
of the experiment. This was evident as increases in the Disorientation and Oculomotor
discomfort subscales, but not the Nausea subscale, which Stanney et al. (1997) describes
as distinctive of cybersickness. This is potentially due to the lack of physical motion that
typically occurs during experiments measuring cybersickness (Duh et al., 2004; Pettijohn
et al., 2020), compared to the active motion when investigating motion sickness (P6hlmann
et al., 2022a, 2024). Should in-car AR displays become a common interface for AVs
however, the issue of motion sickness is likely to affect drivers in a similar way (Hughes
et al., 2020), especially if they are to be used during extended automated drives. Further
research looking at implementing mixed reality driver assessment tools should investigate
the role of continuous vection on cybersickness levels in AR in a similar vein to that
investigating in-car VR displays, and whether manipulating AR motion cues can reduce

the potential onset of sickness symptoms.
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7.5 Closing Remarks

This thesis evaluated the use of augmented reality to present non-driving tasks to drivers
of automated vehicles. Through 6 experiments, empirical measures of driver attention
and situational awareness were used to assess the impact of engaging with a distracting
task while attempting to maintain attention on the road. This thesis contributes to the
field by providing evidence of the impact of presenting an NDRT via AR on driving
performance related measures, and indicating that a heads-up display presentation for an
NDRT does not convey the same benefits found in previous research for driving-related
information. However, this thesis demonstrates that with the inclusion of a positional
cue with an attention-capturing hazard warning, it is possible to maintain the situational
awareness of drivers at the same level as solely focusing on the road while they are engaged
with a distracting non-driving task. It also provides an investigation into the efficacy of
using social information to aid driver’s hazard prediction, which indicate the potential of
this modality for displaying information about the road to aid awareness. Overall, the
findings in this thesis have significant implications for the applied transport psychology
and automotive user interfaces domains. Evaluating the use of augmented reality for
presenting information to drivers distracted by a non-driving task has demonstrated that
it is possible to design attentional cues that can be used within these displays to aid

situational awareness during an automated drive.
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Table A.1: List of each Hazard Clip, with the foil answers, the correct answer in bold, the length of each clip and the screen location of where the hazard starts

to become visible.

Clip Length Corr Answerl Answer2 Answer3 Answer4 Location
(xy)

Clip01WHN 35.03 4 The cyclist on the left A pedestrian steps out A pedestrian steps out A car pulls out Centre

pulls into your lane from behind the van from between cars in from the side road (1040,820)
parked on the left the oncoming lane on the right

Clip02WHN 30.05 2 The blue car on the Pedestrians step The white lorry on the A cyclist pulls out Centre
left pulls off in front of out into the road right pulls round into from behind the Right
you from the right your lane parked cars on the (1145,830)

left

Clip03WHN 22.72 1 The door of the car A pedestrian at the A car pulls out from An oncoming  car Centre
parked on the left bus stop steps out into the side road on the comes round the Left
swings open and the road right corner in your lane (830,730)
the driver steps out

Clip04WHN 22.93 3 A pedestrian steps out A pedestrian steps out A van pulls out A child runs into the Centre
from behind the car from behind the van from the side road road from the school Left
parked on the left parked on the right on the left on the right (900,840)

Clip05WHN 28.13 1 A pedestrian steps A pedestrian walks A car parked on the A cyclist pulls into Centre
out from behind across the road from left pulls off in front of your lane from the (800,1000)
the car parked on the right you right
the left

Clip06 WHN 28.05 2 The white parked car The white van pulls The black oncoming A delivery  worker Centre
on the left pulls off in out of the side road car pulls across your steps out from behind (970,800)
front of you on the left lane into the side road the white van parked

on the left on the left

Clip07TWHN 36.25 4 The black parked car A pedestrian steps An car takes a wrong A pedestrian steps Centre
on the left pulls off in into the road from the turn and pulls into into the road from Left
front of you right your lane behind the car (590,750)

parked on the left

Clip08WHN 24.08 3 The black parked car The pedestrians in the A car stopped in The cyclist on the left Centre
on the left pulls off in bus stop step into the the road ahead swerves into the road (800,1030)
front of you road from the right forces you to

swerve to avoid it

Clip09WHN 15.35 4 A pedestrian steps out The red car parked on The white van on the A pedestrian steps Centre

from behind the car the left pulls off in right speeds up and into the road from (1010,810)

parked on the right

front of you

pulls in front of yo

behind the car
parked on the left
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Clip

Length

Corr

Answerl

Answer2

Answer3

Answer4

Location

(x,y)

CliplOWHN

Clipl1WHN

Clip12WHN

Clipl3WHN

ClipldWHN

Clipl5WHN

Clipl6WHN

Clipl7WHN

Clipl8WHN

Clipl9WHN

29.23

42.42

23.27

45.77

35.98

52.2

26.15

19.93

34.73

41.27

A car door opens
from the left and

the driver steps out

A delivery worker
steps into the road
from behind the white

van on the left

A pedestrian steps out
from the left at the

crossing

A van pulls out into
the road from the side

road on the left

A police car pulls out
into the road from the
side road on the left

A delivery  worker
steps into the road
from behind the white
van on the left

An oncoming van
comes round the

corner in your lane

The car in the right
lane pulls sharply

across into your lane

A pedestrian steps out
from the left at the
bus stop

A car jumps the lights
and pulls across you

from the right

A car pulls out from
the road on the right

The pedestrian on the
right runs across the

road

A car pulls out from
the road on the left

A pedestrian steps out
from behind the car

parked on your left

A pedestrian walks
across the road
from the right

Oncoming cyclists
encroach on your
lane

A car pulls out into
the road from the side
road on the left

A pedestrian at the
bus on the left top
steps out into the road

The silver car parked
on the left pulls off in

front of you

Pedestrians step
out into the road
from the left at the

crossing

The blue car parked
on the left pulls off in
front of you

The car in front
brakes to allow a
parked car to pull
off

The oncoming car
pulls across the

road in front of you

The grey car on the
left pulls off in front of

you

The white car on the
left pulls off in front of

you

A pedestrian steps out
from behind the car
parked on the right

The pedestrians in the
bus stop step into the
road from the left

The white van on the
left pulls off in front of

you

The black van
ahead brakes in the
road, forcing you
to slow down to

avoid it

A cyclist swerves into
the road from the left

A delivery van re-
verses into the road

from the right

A carpet tube falls
into the road from the
delivery van on the
left

The red parked car
pulls off and performs
a u-turn in front of

you

The car ahead
brakes in the road,
forcing you to slow
down to avoid it

A group of school chil-
dren run across the
road from the left

The door of the white
car parked on the
right opens and the
driver steps out

A pedestrian steps out
from between cars in

the oncoming lane

A delivery worker
steps into the road
from behind the
white van on the
left

A delivery van re-
verses into the road

from the right

The white car parked
on the left pulls off in

front of you

Centre
Left
(930,810)

Centre
(1045,790)

Centre
(1020,785)

Centre
(950,780)

Centre
Right
(1110,750)

Centre
Right
(1065,765)

Centre
Right
(1284,775)

Centre
(940,765)

Centre
(1115,740)

Centre
(950,770)
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Clip Length Corr Answerl Answer2 Answer3 Answer4 Location
(%)
Clip20WHN 29.65 3 A pedestrian steps out A car pulls out of the The white car on A pedestrian steps out Centre
from behind the car side road on the left the right reverses from behind the car Right
parked on the left into the road parked on the right (1225,770)
Clip21 WHN 14.95 4 The white van on the Pedestrians step out The silver van on the The white car Centre
left starts to reverse from the left right pulls out in front ahead brakes, (930,730)
into the road of you forcing you to go
around it
Clip22WHN 21.48 2 The blue car on the The white car on The car ahead brakes A pedestrian steps Centre
garage forecourt pulls the left pulls into sharply onto the road from Left
out in front of you your lane the central reservation (830,810)
on the right
Clip23WHN 26.63 3 The white car on the A worker steps into A white van pulls The blue car ahead Centre
left pulls off in front of the road from the left out from the road brake suddenly for Right
you on the right congestion (1280,775)
Clip24WHN 39.5 2 The oncoming car A van stopped in The black car pulls The jogger runs across Centre
pulls across your lane the road ahead out from the side road the road in front of (970,720)
blocks your path on the left you from the left
Clip25WHN 41.15 1 A lorry stopped The silver car on the A lorry pulls out from The black car ahead Centre
in the road ahead left pulls off in front of the recycling centre starts reversing Right
blocks your path you ahead on the left towards you (1340,725)
Clip26 WHN 36.08 3 The red car on the left The white van on the The blue car on the A car pulls out from Centre
starts to pull out in right pulls across into right pulls across in front of the cars Right
front of you your lane into your lane parked on the left (1155,790)
Clip27WHN 55.08 1 A car pulls out Pedestrians step into The red car parked The cyclist on the Centre
from in front of the the road from the left across the street per- right sets off into the (910,775)
cars parked on the forms a u-turn in front road in front of you
left of you
Clip28WHN 38.82 4 The oncoming car The grey car on the A car pulls out from A pedestrian steps Centre
pulls across your lane left starts to pull out in front of the cars out from behind (1010,765)
in front of you parked on the left the car parked on
the left
Clip29WHN 40.85 4 A pedestrian steps out A pedestrian steps out The red car on the left The black car ahead Centre
from behind the car from the right pulls off in front of you starts reversing to- (940,780)
parked on the left wards you
Clip30WHN 27.4 1 A car pulls out The blue car on the A cyclist pulls out A pedestrian steps out Centre
from the road on left pulls off in front of from the side road on from the right Right

the right

you

the left

(1125,785)
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Clip Length Corr Answerl Answer2 Answer3 Answer4 Location
(€3]
Clip31WHN 39.68 2 The taxi on the left Pedestrians step The van ahead brakes A pedestrian steps out Centre
pulls off in front of you into the road from suddenly from the left (1010,740)
the right
Clip32WHN 19.82 1 A car pulls out The police van on the The bus pulls out into A pedestrian steps out Centre
from the right be- left turns it’s sirens on your lane to go around into the road from the (1020,745)
hind the oncoming and pulls off in front the stationary bus right behind the bus
bus of you
Clip33WHN 31.33 2 The red car on the left The oncoming car A pedestrian steps out A car reverses out of Centre
starts to pull out in encroaches on your into the road from the the driveway on the (990,765)
front of you lane right behind the bus left
Clip34WHN 60.36 3 A car pulls out from The white car on the A cyclist pulls out A car door opens from Centre
the side road on the left pulls into your from the from the the parked car on the (1000,735)
left lane central reservation left
on the right
Clip35WHN 59.22 4 The car ahead indicat- The yellow car on the The car ahead brakes A pedestrian runs Centre
ing to turn left sud- left starts reversing sharply to stop for the across the road Right
denly swings back out into the road bus from the right (1120,740)
infront of you
Clip36WHN 31.47 1 A car reverses A pedestrian steps out A pedestrian steps The black car parked Centre
backwards into the from the right out from behind the on the left pulls off in (995,850)
road ahead of you parked cars on the front of you
left
Clip37WHN 40.73 3 A car pulls out from A pedestrian steps out A group of school The silver car parked Centre
the side road on the from the left children run into on the left pulls off in (1070,800)
left the road from the front of you
right
Clip38WHN 33.88 4 The white van pulls The oncoming car en- A pedestrian steps The white car pulls Centre
out of the side road on croaches on your lane into the road from the out of the road on Right
the left bus stop on the left the right (1150,855)
Clip39WHN 41.77 2 The red car on the left A car from the cen- The oncoming van en- A pedestrian steps Centre
starts to pull out in tre lane pulls into croaches on your lane out from between the (1090,805)
front of you your lane parked cars on the
left
Clip4OWHN 33.75 1 The oncoming van The cyclist on the left The white car parked The red car parked on Centre

encroaches on your

lane

pull out into the road

ahead on the left pulls

out in front of you

the right performs a u
turn and pulls out in

front of you

(1100,850)
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Clip Number Experienced Novice Difference Prediction
Score Score in Score Coeflicient
Clip40 0.98 0.82 0.16 0.0659
Clip18 0.98 0.92 0.07 0.0582
Clip38 0.52 0.16 0.36 0.0515
Clip02 0.98 0.85 0.13 0.046
Clip20 0.72 0.46 0.26 0.0446
Clip24 0.52 0.2 0.33 0.0441
Clip39 0.89 0.62 0.26 0.0415
Clip12 0.98 0.85 0.13 0.0404
Clip33 0.79 0.49 0.3 0.0399
Clip31 0.85 0.62 0.23 0.0388
Clip26 0.95 0.79 0.16 0.038
Clip13 0.95 0.79 0.16 0.037
Clip21 0.59 0.3 0.3 0.0366
Clip06 0.92 0.72 0.2 0.0357
Clip23 0.85 0.66 0.2 0.0355
Clip3b 0.66 0.39 0.26 0.0322
Clip37 0.95 0.82 0.13 0.0316
Clip17 0.75 0.52 0.23 0.0281
Clip28 0.69 0.46 0.23 0.0257
Clip16 0.75 0.52 0.23 0.0251
Clip07 0.82 0.69 0.13 0.0246
Clip04 0.89 0.72 0.16 0.0214
Clip03 0.66 0.43 0.23 0.0203
Clip27 0.89 0.72 0.16 0.02
Clip32 0.56 0.43 0.13 0.0194
Clip29 0.92 0.79 0.13 0.0166
Clip01 0.82 0.69 0.13 0.0147
Clipls 0.79 0.69 0.1 0.0127
Clip11 0.72 0.62 0.1 0.0123
Clip08 0.59 0.49 0.1 0.0115
Clip19 0.95 0.89 0.07 0.0115
Clip14 0.92 0.82 0.1 0.0102
Clip10 0.85 0.75 0.1 0.0092
Clip25 0.72 0.62 0.1 0.0007
Clip05 0.82 0.75 0.07 -0.0008
Clip09 0.69 0.62 0.07 -0.0015
Clip22 0.69 0.62 0.07 -0.0074
Clip36 0.66 0.66 0 -0.0142
Clip34 0.33 0.49 -0.16 -0.0266
Clip30 0.89 0.92 -0.03 -0.0455

Table B.1: Clip Ratings: List of each Hazard Clip, the probability of each driver group of getting the

answer correct and the prediction coefficients that describe the discriminatory power of each clip.
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Appendix C

Experiment 3: Analysis Tables

Experiment 3 NASA TLX Ratings Analysis Table

NASA TLX Scale Condition Score Comparison
Mean SD AR HUD Cue AR HUD AR HDD Tablet HDD

Baseline 78.08333 34.48871 p=.26 p = .51 p< .001***
Total AR HUD 106.5 41.21102 \ p = .51 p = .061
(F(2.91, 64.02) =20.59, p < .001, n* = 0.31) Cue AR HUD 87 34.10597 \ p = .002**

AR HDD 140.25 37.8547 \

Tablet HDD 131.79167 37.57194

Baseline 38.20833 21.71151 p=.22 p=.7 p = .001%* = .001**
Mental Demand AR HUD 54.04167 24.53477 \ p=2.9 p=.22 p=.22
(F(2.9, 63.83) =16.91, p< .001, * = 0.22) Cue AR HUD 46.375 22.45539 ! p = .054 = .054

AR HDD 68.58333 21.86702 \ p=29

Tablet HDD 65.95833 21.94554 \

Baseline 5.764706 7.258869 p=.29 p=.29 p = .016* p = .001%*
Physical Demand AR HUD 15 14.990906 p=.87 p=.3 p=.3
(F(4, 56) = 7.32, p < .001, 712 = 0.21) Cue AR HUD  13.285714  10.555297 \ p=.29 p=.29

AR HDD 28.5 25.761447 p=.87

Tablet HDD 23.291667 19.501347

Baseline 21.3913 13.93406 p = .02% p=.3 p = .018* p=.12
Temporal Demand AR HUD 41.17391 23.24113 \ p = .52 p = .52 p=.6
(F(2.77, 58.22) = 11.28, p < .001, n* = 0.2) Cue AR HUD 32 18.60108 ! p=.21 p=.52

AR HDD 50.20833 27.15972 p=.6

Tablet HDD 45.34783 27.01449 \

Baseline 39.875 23.10903 p=.37 p=.99 p < .001*** p = .014%
Overall Performance AR HUD 52.45833 20.78666 p=.22 p = .02% p=.22
(F(2.57, 56.43) = 13.31, p < .001, * = 0.28) Cue AR HUD 40.625 15.85755 \ p< .001%** p = .004**

AR HDD 71.66667 21.07062 \ p= .97

Tablet HDD 65.83333 24.83628

Baseline 36 24.0163 p=.16 p =42 p = .002%* p=.09
Effort AR HUD 53.125 27.30554 \ = .42 p=.42
(F(4, 88) = 13.71, p < .001, »* = 0.19) Cue AR HUD 42.45833 20.08023 p = .02%

AR HDD 66.41667 25.02506 \

Tablet HDD 55.41667 23.72289

Baseline 22.18182 23.64748 p=.44 = .45 p = .003** = .11

AR HUD 39.43478 29.63233 \ p = .45 p=.35 p = .44
Frustration Cue AR HUD 31.3913 26.96587 \ p = .048%* p= .44
(F(2.79, 53.07) = 14.49, p < .001, * = 0.23) AR HDD 58.41667 33.23947 p=.45

Tablet HDD 50.81818 35.03146

Table C.1: A table showing the full list of repeated measures ANOVA and pairwise comparisons for the
NASA TLX ratings in Experiment 3.
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Experiment 3 Simulator Sickness Tables

Timepoint Mean Total SSQ Score SD Min Max
Baseline 7.324167 9.644823 0 37.4

T1 7.0125 10.59627 0 48.62
T2 7.791667 9.221744 0 37.4

T3 9.038333 11.07909 0 44.88
T4 12.310833 13.88381 0 48.62
T5 13.401667 18.64844 0 86.02

Table C.2: A table showing a summary of Total SSQ Scores in Experiment 3

Model Intercept Baseline T1 T2 T3 T4 T5

Est SE Sig Est SE Sig Est SE Sig Est SE Sig Est SE Sig Est SE Sig
Baseline 7.32 2.5 -0.312 1.942 p = .872 0.292 2.248 p = .897 1.198 2.279 p = .6426 4.377 2.28 p = .06 5.617 2.323 p = .017*
T1 7.013 2.498 0.604 2.248 p = .789 1.51 2.279 p = .509 4.688 2.28 p = .042% 5.929 2.323 p = .012*
T2 7.617 2.743 0.906 1.947 p = .643 4.084 1.952 p = .039% 5.325 1.972 p = .008%*
T3 8.522 2.768 3.178 1.943 p = .105 4.419 1.957 p = .026*
T4 11.701 2.77 1.241 1.96 p = .528

Table C.3: A table showing the Model Estimates, Standard Error (SE) and p values obtained through Wald’s approximation for each of the LME models of
Total SSQ scores at each timepoint of Experiment 3.




Appendix D

Experiment 4: Analysis Tables

Experiment 4 NASA TLX Ratings Analysis Table

NASA TLX Scale Condition Score Comparison
Mean SD AR HUD Cue AR HUD AR HDD
Total TLX Score Control 65.13 41.09 p < .001%** p < .001%** p < .001%**
(F(3,69) =39.74, p < .001, % = 0.28) AR HUD 127.38  44.05 p— 46 p=1
Cue AR HUD 115.17 45.74 \ p = .26
AR HDD 129.21 41.14 \
Mental Demand Control 35.71 24.02 p < .001%** p < .001%** p < .001%**
(F(3,69) =20.21, p < .001, 7* = 0.2) AR HUD 64.04 23.17 p=25 p=1
Cue AR HUD 56.25 23.49 \ p=2.5
AR HDD 63.75 22.92 \
Physical Demand Control 29.42 21.78 p = .001** p = .005** p < .001%%*
(F(2.42,55.58) —11.33, p < .001, 7% — .14) AR HUD 63.33 24.96 p=1 p=1
Cue AR HUD 58.92 25.99 \ p=.7
AR HDD 65.46 22.07
Temporal Demand Control 21.25 18.79 p < .001%%* p < .001%%* p < .001%%*
(F(2.25,51.76) =22.00, p < .001 712 = 0.28) AR HUD 53.67 25.94 p— 52 p—1
Cue AR HUD 46.00 24.23 \ p = .65
AR HDD 54.00 26.83
Overall Performance Control 34.83 23.70 p < .001%** p = .003** p < .001%**
(F(2.36,54.36) =14.4, p < .001, n* = 0.18) AR HUD 64.46 26.56 p=.38 p=1
Cue AR HUD 58.04 28.51 \ p=1
AR HDD 63.29 26.74 \
Effort Control 16.54 19.87 p = .005** p = .003** p < .001%**
(F(3,69) =12.84, p < .001, 7% = 0.18) AR HUD 43.67 34.19 p=1 p=.35
Cue AR HUD 34.75 29.06 p = .023*
AR HDD 53.13 32.10 \
Frustration Control 29.42 21.78 p < .001*%* p < .001*** p < .001%%*
(F(2.18,50.17) =38.82, p < .001, > = 0.28) AR HUD 63.33 24.96 \ p=.95 p=1
Cue AR HUD 58.92 25.99 p=.32
AR HDD 65.46 22.07 \

Table D.1: A table showing the full list of repeated measures ANOVA and pairwise comparisons for the
NASA TLX ratings in Experiment 4.
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Experiment 4 Simulator Sickness Model Tables

Timepoint Mean Total SSQ Score SD Min Max
Baseline 5.691304 11.15576 0 52.36
1 6.389167 9.453765 0 33.66
2 8.570833 13.0716 0 44.88
3 9.973333 12.41235 0 41.14
4 13.24583 20.15498 0 74.8

Table D.2: A table showing a summary of Total SSQ Scores in Experiment 4

€ee

Model Intercept Baseline T1 T2 T3 T4

Est SE Sig Est SE Sig Est SE Sig Est SE Sig Est SE Sig
Baseline 5.33 2.77 1.06 2.33 = .95 7.92 2.33 p=.17 4.65 2.33 p = .49* 7.92 2.33 p < .001%**
T1 6.39 2.75 2.18 2.3 p=.35 3.58 2.3 p=.12 6.86 2.3 p = .004%**
T2 8.57 2.75 1.4 2.3 p=.54 4.68 2.3 p = .045*
T3 9.97 2.75 3.27 2.3 p=".16
T4 13.27 2.75

Table D.3: A table showing the Model Estimates, Standard Error (SE) and p values obtained through Wald’s approximation for each of the LME models of
Total SSQ scores at each timepoint for Experiment 4.




Appendix E

Experiment 5: Analysis Tables

Experiment 5 NASA TLX Ratings Analysis Table

NASA TLX Scale Condition Score Comparison
Mean SD Visual Agent Social
Control 87 45.5326 p < .001%*** p = .021% p < .001%**
Total Visual 127.67 39.38 \ p=1 p=1
(F(3,69) = 10.5, p < .001, n* = 0.15) Agent 120.21 36.82 p=1
NDRT only 123.33 33.85
Control 43.13 25.45 p < .001%*** p = .042* p < .001%**
Mental Demand Visual 65.63 20.81 \ p=.98 p=1
(F(2.34,53.75) = 10.54, p < .00, n* = 0.16) Agent 59.75 20.04 p=
NDRT only 63.58 16.75 \
Control 43.88 27.47 p = .052 p=.122 p = .236
Physical Demand Visual 62.04 20.81 \ p=1 p=
(F(3,63) = 3.36, p = .024, ? = 0.03) Agent 60.46 21.85 \ p=1
NDRT only 59.75 21.19 \
Control 33.09 23.15 p = .002** p = .043* p = .004**
Temporal Demand Visual 51.79 23.17 \ p=1 p=1
(F(3,66) = 7.71, p < .001, n* = 0.1) Agent 48.46 23.22 \ p=1
NDRT only 48.13 27.10 \
Control 32.21 25.06 p = .014* p=.131 p = .004**
Overall Performance Visual 51.38 21.37 p=1 p=1
(F(3,69) = 6.84, p < .001, n* = 0.1) Agent 45.54 23.97 \ p=1
NDRT only 50.50 21.35
Control 27.00 26.95 p= .548 p = .756 p = .016*
Effort Visual 36.71 22.15 \ p=1 p = .089
(F(3,63) =5.98, p = .001, * = 0.09) Agent 33.92 25.20 \ p = .085
NDRT only 46.09 26.43
Control 43.88 27.47 p = .028* p = .041% p = .023*
Frustration Visual 62.04 20.81 \ p=1 p=1
(F(3,69) =5.98, p = .001, n* = 0.1) Agent 60.46 21.85 \ p=
NDRT only 59.75 21.19

Table E.1: A table showing the full list of repeated measures ANOVA and pairwise comparisons for the
NASA TLX ratings in Experiment 5.

234



Experiment 5 RoSAS Ratings Analysis Table

Factor Grouping Rating Sig
Warmth (Overall) (F(1,23) = 9.69, p = .005%*, 5 = 0.15) p = .005**
Happy (F(1,23) = 9.24, p = .005%*, > = 0.17) p = .005**
Feeling (F(1,23) =2.74, p = .011, % = 0.05) p— 011
Warmth Social (F(1,23) = 5.18, p = .032*, > = 0.06) p = .032*
Organic (F(1,23) = 0.54, p = .47, n* = 0.006) p = .47
Compassionate (F(1,23) = 4.86, p = .038*, 1> = 0.06) p = .038*
Emotional (F(1,23) = 4.67, p = .041*, > = 0.07) p = .041*
Competence (Overall) (F(1,23) = 1.77, p = .2, n* = 0.03) p=.
Capable (F(1,23) =3.04, p = .094, n* = 0.05) p=.94
Responsive (F(1,23) =4.92, p = .037*, > = 0.08) p = .037*
Competence Interactive (F(1,23) = 1.61, p = .22, n* = 0.02) p=.22
Reliable (F(1,23) = 2.69, p = .12, n? = 0.03) p=.12
Competent (F(1,23) = 1.73, p = .2, %> = 0.02) p=2
Knowledgeable (F(1,23) = 0.58, p = .45, n* = 0.007) p=.45
Discomfort (Overall) (F(1,23) =0.91, p = .35, n* = 001) p=.35
Scary (F(1,23) =1.48, p = .24, n* = 0.02) p=.24
Strange (F(1,23) =1.87, p = .18, n? = 0.04) p=.18
Discomfort Awkward (F(1,23) = 0.82, p = .37, n? = 0.008) p=.37
Dangerous (F(1,23) = 0.18, p = .68, n*> = 0.002) p = .68
Awful (F(1,23) = 3.96, p = .059, % = 0.07) p = .059
Aggressive (F(1,23) = 0.06, p = .8, n* = 0.001) p=2.23

Table E.2: Full Table showing all the repeated measures ANOVA statistical comparisons of the RoSAS
scale for Experiment 5 between the Visual and Agent Conditions.
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Appendix F

Experiment 6: Analysis Tables

Experiment 6 NASA TLX Ratings Analysis Table

NASA TLX Scale Condition Score Comparison
Mean SD Visual Agent Social
Control 99.22 39.95 p=.55 p < .001%** p=1
Total Visual 111.78 36.42 \ p = .188 p=1
(F(3,66) = 5.81, p = .001, ? = 0.06) Agent 125.17 35.03 p=.07
Social 108.74 37.93 \
Control 51.91 23.51 p = .071 p = .004%* p=1
Mental Demand Visual 60.48 21.52 \ p = .834 p—
(F(3,66) = 4.99, p = .004, n* = 0.07) Agent 66.87 17.44 p = .046*
Social 57.13 18.50
Control 47.30 20.33 p = .058 p = .768 p=1
Physical Demand Visual 51.30 20.01 \ p = .636 p = .726
(F(2.21,46.42) = 2.51, p = .087, n* = 0.02) Agent 58.30 19.11 p-1
Social 51.61 21.90
Control 31.36 22.58 p = .033* p = .009%* p = 672
Temporal Demand Visual 45.39 24.47 \ p = .978 1
(F(3,63) = 6.35 p < .001, * = 0.1) Agent 50.83 26.45 p = .107
Social 40.61 24.64 \
Control 27.91 14.90 p = .006** p < .001%** p = .005%*
Overall Performance Visual 43.13 14.82 \ p=1 p=1
(F(3,66) = 9.25, p < .001, * = 0.18) Agent 48.96 18.86 \ p=1
Social 43.87 18.49 \
Control 19.52 19.16 p = .016* p = .01** p = .464
Effort Visual 37.78 26.73 \ p=1 p=1
(F(3,66) =5.01, p = .003, 5? = 0.09) Agent 37.96 27.20 p = .828
Social 30.70 26.55
Control 47.30 20.33 =1 p = .003** p=1
Frustration Visual 51.30 20.01 \ p=.131 p=1
(F(3,66) =3.73, p = .015, n* = 0.04) Agent 58.30 19.11 p=.397
Social 51.61 21.90 \

\

Table F.1: A table showing the full list of repeated measures ANOVA and pairwise comparisons for the
NASA TLX ratings in Experiment 6.
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Experiment 6 RoSAS Ratings Analysis Table

Factor Grouping Rating Comparison Agent Cue Social Cue
Warmth (Overall) (F(2,46) = 14.07,p < .001%**, 5?2 = 0.15) Visual Cue p = .004** p < .001%**
Agent Cue p = .756
Happy (F(2,46) = 4.17, p = .022, n*2 = 0.04) Visual Cue p = .077 p = .141
Agent Cue p=1
Feeling (F(2,46) =5.72, p = .007*, n’2 = 0.09) Visual Cue p = .068 p = .016*
Agent Cue p=1
Social (F(2,46) =11.23, p < .001***, 2 = 0.13) Visual Cue p = .007** p = .002**
Warmth Agent Cue p=1
Organic (F(2,46) =1.24, p = .3, n*2 = 0.02) Visual Cue p=.771 p = 468
Agent Cue p=1
Compassionate (F(2,46) = 10.48, p < .001*** 7?2 = 0.1) Visual Cue p = .004%* p = .001%*
Agent Cue p=1
Emotional (F(2,46) =16.21, p < .001*** 1?2 = 0.24) Visual Cue p < .001*** p < .001%**
Agent Cue p=.15
Competence (overall) (F(2,46) = 0.91, p=0.41, n*2 = 0.008) Visual Cue p=1 p=.735
Agent Cue p = .816
Capable (F(2,46) =1.92, p = .16, %2 = 0.02) Visual Cue p=1 p=.33
Agent Cue p = .354
Responsive (F(2,46) =2.27, p = .12, n*2 = 0.03) Visual Cue p = .306 p = .262
Agent Cue p=
Interactive (F(2,46) =0.43, p = .65, 7°2 = 0.006) Visual Cue p=1 p=1
Agent Cue p=
Reliable (F(2,46) =4.06, p = .024%, 722 = 0.04) Visual Cue  p = .017* p = .201
Competence Agent Cue p=1
Competent (F(2,46) =0.09, p = .91, %2 = 0.0009) Visual Cue p=1 p=
Agent Cue p=1
Knowledgeable (F(2,46) =0.05, p = .95, n%2 = 0.0004) Visual Cue p=1 p=1
Agent Cue p=
Discomfort (Overall) (F(2,46)=1.23, p = .3, n*2 = 0.02) Visual Cue p=1 p = .393
Agent Cue p = 498
Scary (F(1.46,33.59) =1, p = .35, n?2 = 0.02) Visual Cue p=1 p = .798
Agent Cue p=1
Strange (F(1.45,33.28) =1.19, p = .3, %2 = 0.02) Visual Cue p=1 p=
Agent Cue p=.184
Awkward (F(1.5,34.5) =3.17, p = .35, n*2 = 0.02) Visual Cue p = .239 p=
Discomfort Agent Cue p=.134
Dangerous (F(1.39,31.93) =0.97, p = .36, n?2 = 0.01) Visual Cue p = .852 p=1
Agent Cue p=
Awful (F(1.38,31.84) = 0.06, p = .89, n?2 = 0.0008) Visual Cue p=1 p=1
Agent Cue p=1
Aggressive (F(1.48,34.02) =0.72, p = .45, n*2 = 0.01) Visual Cue p=1 p = .984
Agent Cue p = .699

Table F.2: Full Table showing all the repeated measures ANOVA statistical comparisons of the RoSAS
scale for Experiment 6 between the Visual Cue, Agent Cue and Social Cue conditions.

237



"What Happens Next?"

238



	Thesis cover sheet
	2025GoodgePhD_edited
	Abstract
	Abbreviations
	Ethics
	Acknowledgements
	Declaration
	General Introduction
	Motivation
	Thesis Statement
	Thesis Research Questions
	Thesis Structure

	Literature Review
	Driver Attention
	Displaying Information to Drivers
	Enhancing Driver Awareness
	Chapter 2 Summary

	Investigating the Effect of Performing a Distracting AR task on Reaction Time
	General Introduction
	Experiment 1: Go/No-Go - AR
	Experiment 1 Results
	Experiment 1 Discussion
	Experiment 2: Hazard Perception - AR
	Experiment 2 Results
	Chapter 3 Discussion
	Conclusions

	Creating a Hazard Prediction test as an Empirical measure of Situational Awareness
	General Introduction
	Hazard Prediction Validation Experiment
	Validation Experiment Results
	Chapter 4 Discussion
	Conclusion

	Evaluating the Effects of Heads-Up versus Heads-Down Displays for Non-Driving Activity on Driver Hazard Prediction
	General Introduction
	Related Work
	Experiment 3: AR HUD vs HDD
	Experiment 3 Results
	Experiment 3 Discussion
	Expert Focus Group
	Experiment 4: Dynamic HUD vs Static HUD
	Experiment 4 Results
	Experiment 4 Discussion
	Chapter 5 Discussion
	Conclusions

	The effects of using a Virtual Agent to Signal Danger on the Hazard Prediction ability in Distracted Drivers
	General Introduction
	Related Work
	Experiment 5: Positional Cues
	Experiment 5 Results
	Experiment 5 Discussion
	Experiment 6: Hazard Warning Cues
	Experiment 6 Results
	Experiment 6 Discussion
	Chapter 6 Discussion
	Conclusion

	General Discussion & Conclusions
	Summary of Main Findings
	Contributions
	Limitations and Future Directions
	Overall Discussion
	Closing Remarks

	List of Hazard Prediction Clips
	Hazard Clip Validation Coefficients
	Experiment 3: Analysis Tables
	Experiment 4: Analysis Tables
	Experiment 5: Analysis Tables
	Experiment 6: Analysis Tables


