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The focus of this thesis is to assess how drivers interact with automated driving systems,
more specifically: how control transitions from automated driving to manual driving and
vice versa are executed and can be improved upon. In doing so, it identifies the key
elements in research into control transitions in automated driving and addresses them.
Whilst automated driving shows great promise in reducing road accident rates and
congestion it is no panacea in driving safety at its current level (SAE Level 2 and Level 3).
Until full autonomy (SAE Level 4) can be realised drivers will still have to be prepared to
resume control when the automated driving system can no longer handle a situation.
Research has shown that when drivers are exposed to automation, their reaction time
slows, and the sudden change of task creates a sudden spike in workload. Such events
could lead to incidents. To investigate this problem, the thesis utilise a multi-method using
driving simulators as well as on road trials. Ultimately, the thesis aims to provide insights
into how drivers handle the transition of control and whether this transition can be
assisted by different levels of information support. Recommendations regarding the
design of control transitions in highly automated driving are valuable for policy makers
and vehicle manufacturers alike when designing and deploying automated vehicles of the
future.
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Definitions and Abbreviations
ODD – Operational Design Domain
ACC – Adaptive Cruise Control
ADAS – Advanced Driver Assistance Systems
ADS – Automated Driving System
AOA – Angle of Attack
ARM – altitude pre-select
BASt – Bundesanstalt für straβwesen
BEA – Bureau d’Enquêtes et d’Analyses pour la sécurité de l’aviation civile
CG – Common Ground
CWP – control wheel position
DA – Driving automation
FDR – Flight Data Recorder
DDT – Dynamic Driving task
HMI – Human-machine interfaces
LWD – Left wing down
MSL – mean sea level
NHTSA – National Highway Traffic Safety Administration
NTSB – National Transportation Safety Board
ODI – Office of Defects Investigations
OEDR – Object and Event Detection and Response
PF – Pilot flying
PNF – Pilot not flying

RWD – Right wing down
SAE – Society of Automotive Engineers
TORlt – Take-over request lead-time
TOrt – Take-over request reaction time

1 Introduction
1.1 Background
Humans have used wheeled modes of transport to shuttle people and goods ever since the
invention of the wheel in the late Neolithic era (4500-3300 BCE). The modes of transport
were limited to carriages drawn by large, strong animals until the invention of the
lightweight, high pressure, steam engine in 1797 by Richard Trevithick (Nokes, 1899).
This enabled large volumes of goods to be shipped on ‘railed’ carriages. Less than one
hundred years later (1886), Carl Benz showcased his ‘Motor Car’ (Figure 1), thereby
introducing the first ever automobile (Benz, 1886), replacing the horse and carriage as a
daily mode of transport.

Figure 1. The patent for the first ever automobile.
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Following the invention of the first motor vehicle, development of vehicle technologies
moved quickly, from the introduction of comfort systems through the invention of the
automatic transmission (Figure 2) by Alfred Horner in 1921 (Alfred, 1923), to safety
features such as the energy-absorbing steering column developed by Daimler in 1967
(Skeels, 1966). In 1972 the first ‘computer’ made it into a car in the form of the Buick Max
Trac traction control system for the Riviera Silver Arrow III (Nattrass, 2015).

Figure 2. The patent drawing for the first automatic transmission
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However, the notion of autonomous cars was born more than 30 years earlier at the 1939
World Fair, where GM showcased a concept of the Automated Roadway of the Future
(Urmson et al., 2008). Not much later, in 1956, Central Power and Light Company posted
an advert (Figure 3) stating “One day your car may speed along an electric super-highway,
its speed and steering automatically controlled by electronic devices embedded in the road.”
It is evident, therefore, that the notion of cars that drive themselves predates the
introduction of computing technology in vehicles.

Figure 3. An America's Power Companies' advertisement from 1956, featuring futuristic
self-driving cars.
As computing technology evolved in the coming years, fuelled by Moore’s law (Moore,
1965), the vision of the self-driving car came closer to reality. An early
proof-of-concept of intelligent transport systems was requested by the US government in
1991 to reduce fatal road accidents which at the time, in the USA, amounted to 40,000
fatalities and a cost of $150 billion on a yearly basis. The proof-of-concept did not receive
funding until 1995 and was anticipated to be presented by 1997 (Thorpe et al., 1997). In
1997 researchers from a Carnegie Mellon University (CMU) research group demonstrated
their Free Agent Scenario, which could be described as a first generation SAE Level 3
vehicle demonstrator. The demonstrator consisted of two ‘fully automated’ Pontiac
Bonneville sedans, a partially automated Oldsmobile Silhouette minivan, and two fully
automated New Flyer city buses (Thorpe et al., 1997).
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All vehicles were running the CMU developed Rapid Adapting Lateral Position Handler
(RALPH) vision system as well as radars from Delco and Eaton Vorad, and Light Detection
and Ranging devices (LIDAR’s) from Rigel (Thorpe et al., 1997). Each vehicle drove
approximately 64-68 drives on a proving ground in San Diego during the course of five
weeks demonstrating features such as platooning, obstacle avoidance, intelligent lane
changes and overtaking manoeuvres (Thorpe et al., 1997). However, this was not the
earliest large demonstration of ‘self-driving’ technologies. Two years earlier, in 1995 two
researchers from CMU drove hands-free for 2797 miles from Washington to San Diego in
their prototype vehicle using the RALPH vision system (Jochem et al., 1995; Port, 1995).
This is a particularly impressive feat given that Delphi made a similar (3400 mile) trip
from San Francisco to New York completely hands and feet free in 2015. The difference
between these endeavours was that the Delphi vehicle was equipped with “six long-range
radars, four short-range radars, three vision-based cameras, six LIDAR’s, a localization
system, intelligent software algorithms and a full suite of Advanced Drive Assistance
Systems” - (Delphi, 2017) whereas RALPH merely had one camera (440x525 tv-lines)
facing the roadway, and about 1/10th of the computing power and just over 1/20th of the
RAM in the first generation Apple Watch. The Delphi coast-to-coast drive is not the only
recent effort in demonstrating long journeys driven by automated driving systems. In
2010 four fully automated vehicles drove 13000 kilometres from Italy to Shanghai as part
of the VisLab Intercontinental Autonomous Challenge (Broggi et al., 2012), using vehicles
based on the BRAin-drIVE (BRAiVE) platform, equipped with “10 cameras, 4 laserscanners,
16 laser beams, 1 radar, a GPS and an Inertial Measurement Unit” - Broggi et al. (2012, p.
148) as well as an additional laser scanner. In 2012 Google reported that their fully
autonomous vehicle fleet had reached the 500,000 kilometre mark (Urmson, 2012).
At first glance, it may seem as if progress has been stagnant since the 90s. Contemporary
automated driving technologies encountered some of the same challenges faced by the
CMU designers of RALPH, namely that the driver is still expected to resume control when
the automated driving system is no longer able to handle a situation. This is currently
defined by the Society of Automotive Engineers (SAE) in Table 1 as ‘Level 2/3’ automation
(SAE J3016, 2016). Indeed, much like contemporary systems by manufacturers such as
Tesla, Google, BMW, Volvo and Audi (to name a few) rely on having the driver act as a fallback, so did RALPH; “When the system can't find regular lane markings, such as painted
stripes or reflecting studs, it can key in on other features: the edge of the road, dark lines left
by tires, even the trail of oil spots down the center of most lanes. When all such signs vanish,
Ralph shakes the wheel and beeps, alerting the human driver to take over.” - Port (1995).
4|Page

Regardless of the technological advances in the automotive industry allowing drivers to be
hands, and feet free through the use of automation, it has until recently been a legal
requirement that drivers must remain in overall control of their vehicle at all times, as
stipulated in the Vienna convention of road traffic Article 8 (United Nations, 1968). This
requirement has since been amended in the convention, now stating that drivers can be
hands- and feet-free as long as the system can be shut off or overridden by the driver.

Table 1. A description of the SAE J3016 (2016) levels of automated driving.
Level of
Automation

Narrative description as defined in SAE J3016

0 No driving
automation

The performance by the driver of the entire DDT*, even when enhanced
by active safety systems.

1 Driver
assistance

The sustained and ODD*-specific execution by a driving automation
system of either the lateral or the longitudinal vehicle motion control
subtask of the DDT (but not both simultaneously) with the expectation
that the driver performs the remainder of the DDT.

2 Partial
driving
automation

The sustained and ODD-specific execution by a driving automation system
of both the lateral and longitudinal vehicle motion control subtasks of the
DDT with the expectation that the driver completes the OEDR* subtask
and supervises the driving automation system

3 Conditional
driving
automation

The sustained and ODD-specific performance by an ADS* of the entire
DDT with the expectation that the DDT fallback-ready user is receptive to
ADS-issued requests to intervene, as well as to DDT performance-relevant
system failures in other vehicle systems, and will respond appropriately.

4 High driving The sustained and ODD-specific performance by an ADS of the entire DDT
automation and DDT fallback without any expectation that a user will respond to a
request to intervene.
5 Full driving
automation

The sustained and unconditional (i.e., not ODD-specific) performance by
an ADS of the entire DDT and DDT fallback without any expectation that a
user will respond to a request to intervene.

* Note 1. ODD = Operational Design Domain, DDT = Dynamic Driving task, ADS =
Automated Driving System, OEDR = Object and Event Detection and Response
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Consequentially, drivers of contemporary vehicles equipped with basic autopilot features
(e.g. Mercedes S-Class, Tesla) are now able to legally relinquish control of the driving task
to manufacturer proprietary algorithms, transitioning from a driver monitoring, to a
driver not driving (Banks et al., Submitted; Banks & Stanton, In press), from human-in-theloop to human-on-the-loop (Nothwang et al., 2016), or from a Tactical (attended) to a
Tactical (unattended) level of control (as further described in Chapter 6 and, Hollnagel &
Woods, 2005). This becomes quite problematic, as some of the marketing for SAE Level 2
systems implies functionality to that of SAE level 3 (Phys.Org, 2016), indicating that these
vehicles will be able to notify the driver when the vehicle decides it can no longer handle a
situation. This ‘dissonance’ was recently demonstrated by the fatal crash of a Tesla
Model S (Office of Defects Investigation, 2017) where on the 7th May 2015, a Tesla Model S
collided with a tractor’s trailer crossing an intersection on a highway west of Williston,
Florida, causing fatal harm to the driver of the Tesla. Data from Tesla indicates that, at the
time of the incident, the vehicle in question was being operated in Autopilot mode. Based
on this, it is evident that the limitations of such Level 2 / 3 systems must be conveyed to
the drivers as to avoid disuse and misuse of the technology (Eriksson & Stanton, 2017a;
Parasuraman & Riley, 1997), and that ways of facilitating the transition between manual,
and automated vehicle control must be explored at this level of automation to allow this
technology to save rather than take lives.

1.2 Research motivation
In 2015, the World Health Organization reported that 1.2 million people lost their lives in
vehicular accidents (World Health Organisation, 2015). This is about 2150 times more
than in aviation during the same time-period. Claims made by Elon Musk CEO of Tesla
Motors, one of the manufacturers that were early to market with semi-automated vehicles,
state that “The probability of having an accident is 50% lower if you have Autopilot on. Even
with our first version.” - Musk (2016)
If this claim is correct, and driver assistance systems such as this becomes a standard
feature of next-generation vehicles, it would not only save millions of lives worldwide, but
also help the European Commission reach the goal of reducing road traffic deaths by 50%
by 2020 (European Commission, 2010). It has been estimated that over 90% of crashes
are caused by the driver (Singh, 2015; Thorpe et al., 1997). It must be noted that consumer
adoption of automated vehicles will not happen overnight. Consequentially, a transition
period is to be expected where automated and manually driven vehicles share the same
infrastructure (Ioannou, 1998).
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This has raised some safety concerns, as automated vehicles will have to be able to predict
the behaviour of a somewhat unpredictable human driver, whilst drivers of manual
vehicles must anticipate and adapt to the driving style of automated vehicles seeking to
optimise performance (van Loon & Martens, 2015). Whilst an immediate uptake, and
substantial reduction in accident rates may not be feasible at low uptake rates of
automated vehicles, there are still significant benefits to be reaped from uptake rates as
low as 2-5%. Such benefits include improved traffic flow and a reduction in phantom
traffic jams (Fountoulakis et al., 2017; Ioannou, 1998). However, as uptake rates increase,
it is anticipated that vehicle accidents will decline, consequentially, this technology would
not only save human lives, but it could also contribute to significant reductions in medical
and emergency services costs through the reduction in accident rates, allowing for funds
allocated to such services to be allocated elsewhere.
Not only do automated vehicles offer a reduction in road accidents, but they also offer
significant reductions in congestion due to shorter inter-vehicular spacing as well as
reduced pollution and fuel consumption (Fagnant & Kockelman, 2015; Kyriakidis et al.,
2017; Willemsen et al., 2015). If these gains outweigh the potential cost of developing the
technology and acquiring vehicles equipped with this technology, then automation may be
found beneficial in economic, societal and environmental terms (Stanton & Marsden,
1996; Young et al., 2011). However, recent estimates state that automated vehicles need to
be driven between 1.6 million and 11 billion miles (depending on the safety thresholds),
taking up to 500 years for a fleet of 100 vehicles, to statistically assess the safety of
automated driving technology (Kalra & Paddock, 2016).
Despite the recent evolution of automated vehicles, concerns have been expressed that
just because something can be automated, doesn’t mean it should be (Fitts, 1951; Hancock,
2014). Whilst contemporary automated (SAE level 2) driving allows hands-free and feetfree driving for short periods of time, it still relies on the driver to act as a fall back when
the automated driving system can no longer handle a situation. This is despite wellestablished knowledge that humans are poor monitors (Parasuraman, 1987), and are
prone to misuse, disuse or even abuse of automation technology (Parasuraman & Riley,
1997). This means that Human Factors researchers must work to ensure safe usage of this
technology, and to ensure efficient communication of the limitations of automated driving
systems (Eriksson & Stanton, 2017a), until such systems reach a level of performance
(SAE Level 4 and above) where the driver is no longer a critical part of the driving task
(SAE J3016, 2016).
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1.3 Research Aims
Whilst automated vehicles are portrayed as a panacea in road safety and environmental
gains, there is a concern amongst the Human Factors community that automated vehicle
systems on the SAE intermediary level (Level 1-3) are likely to be the cause for some
issues. In 1983 Elisabeth Bainbridge (1983) published a seminal paper detailing the
‘ironies of automation’. Such ironies included poor monitoring. It is well established that it
is impossible for a human to maintain visual attention to a source of information where
very little happens for more than half an hour (Mackworth, 1948), and in automated
vehicles, drivers seem to lose interest in vehicle performance after a very short time
(Banks et al., Submitted). This is problematic as contemporary systems rely on the driver
acting as a fall-back when system boundaries are approached. Whilst contemporary
research has focussed on transitions from automated to manual vehicle control based on
‘system-limits’ such as sensor failures or unexpected conditions, there is a paucity of
research into driver-paced transitions of control. Driver-paced transitions of control are of
utmost importance, as the self-regulation of a process often results in a higher net
performance on said task (Eriksson et al., 2014; Hollnagel & Woods, 2005). Indeed,
Bainbridge states that:
“Non-time-stressed operators, if they find they have the wrong type of display, might
themselves request a different level of information. This would add to the work load of
someone making decisions which are paced by a dynamic system” (Bainbridge, 1983,
pp. 778)
This research attempts to address concerns ascertaining to the control transition process
in automated vehicles in four ways.
1. Proposing a framework for reasoning about human-automation interaction, based
on linguistic theories into human-human communication.
It is important to have a framework to reason about the interaction between driver and
vehicle, as appropriate communication is deemed to be of utmost importance for safety in
automated systems. Basing such a framework on the principles used when humans
interact amongst each other could help facilitate the interaction between humans and
automated agents in the intermediary stages of automated driving where the driver is
expected to be available for manual control.
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2. Designing Open Source software algorithms that will allow a generic driving
simulator to drive automated, in a way that enables dynamic driver interaction
with the system.
Supplying a set of Open Source algorithms for automated driving working out-of-the-box
on the STISIM driving simulation platform, as well as being easily implemented on other
driving simulation platforms, allows the Human Factors community to assess dynamic
driver behaviour without risking driver safety on the road as the algorithms have been
validated against on road conditions for research on control transition. Moreover, a
consistent set of ‘publicly-available’ algorithms will enable consistency in the approach to
study automated driving in the simulator, thus enabling generalizability across results
from different simulators and researchers.
3. Validate the Southampton University Driving Simulator and the algorithms in
Chapter 3 against driver behaviour during real world driving conditions.

Validating the Southampton University Driving Simulator’s capabilities for automated
driving research against on road driving conditions is a requirement to ensure that the
results presented in this thesis are comparable to that of real driving conditions and that
the data generated by the simulator holds any value in assessing driver behaviour. Indeed,
according to Rolfe et. al., "The value of a simulator depends on its ability to elicit from the
operator the same sort of response that he would make in the real situation" - Rolfe et al.
(1970, p. 761). Moreover, establishing validity of the Southampton University Driving
Simulator for automated driving research will be of great value for forthcoming projects
utilising the simulator for automated driving research.
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4. Provide design guidance for vehicle manufacturers, and guidelines for policymakers on the transition process between automated and manual driving based on
experimental evidence.
The provision of design guidance for vehicle manufacturers is important as it strives to
ensure that the driver-vehicle interaction is facilitated to its furthest extent. Moreover,
providing guidelines and information based on scientific findings to policy-makers is of
utmost importance as policy will dictate the overall functional requirements of automated
vehicles in terms of facilitating driver interaction in the intermediary levels of automation
(e.g. ascertaining to the control transition process in urgent and non-urgent transitions of
control).

1.4 Outline of thesis
Chapter One: Introduction to the thesis
This initial chapter provides a short history of automated vehicles and introduces the area
of Human Factors in highly automated vehicles. This chapter outlines the taxonomy of
levels of automation used throughout this thesis as defined by Society of Automotive
Engineers as well as the objectives of the research conducted as part of this thesis, along
with a chapter-by-chapter summary and the overall contribution to knowledge.
Chapter Two: A linguistics approach for assessing human-automation interaction
This chapter examines previous research regarding human-automation interaction and
the challenges caused by the introduction of automation in complex systems. One of the
challenges identified is the increased effort to interpret the plethora of additional
information supplied by introducing automation into the driving task. In an effort to
decrease the effort to interpret systems states, this chapter draws on theories from
human-human communication to highlight the requirement to make such systems
transparent, and to bridge the gap between determining system states and how the system
behaviour corresponds to expectations.
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To achieve this, the chapter posits a novel application of linguistics and more specifically
the Gricean theories of human-human communication to the domain of humanautomation interaction, treating the automated driving system as an intelligent agent, or a
co-driver whose task is to ensure that the driver does not have an incorrect model of the
vehicle state, is aware of changes to the driving dynamics, and has the necessary
knowledge to perform the driving task. The proposed application of linguistic theory to
human-automation interaction is then exemplified through the application of the
framework to two incidents in aviation where automation played a significant role in the
events that unfolded.
Chapter Three: A toolbox for automated driving research in the simulator
Driving simulators is a common and important tool used to conduct research in the
automotive domain. This chapter details the value of using simulators as an alternative to
on road testing as it provides a safe, fast, and cheap way of researching human behaviour
in vehicles, and with automated driving systems. Moreover, this chapter describes the
design and implementation of a set of generic automated driving algorithms and the
performance of said algorithms in terms of car-following, and lane-keeping performance.
This chapter also describe the algorithms as implemented on the STISIM v3 driving
simulation platform as part of the experimental set-up used in chapters 6 and 8.
Chapter Four: Take-over time in highly automated vehicles
This chapter found that automating the driving task has a detrimental effect on driver
reaction time. Adequate reaction times are crucial for the feasibility of the lower levels of
automation (SAE Level 2-3) as drivers are expected to be able to intervene at a moment’s
notice, meaning that the process of resuming control is of utmost importance to study.
Through a review of the contemporary literature into control transitions describing
response times ranging from 2-3.5 seconds in critical situations with varying lead times, a
knowledge vacuum pertaining to the control transition process in higher levels of
automation (SAE Level 4) was identified. Thus, this chapter examines how long drivers
take to resume control in non-critical situations from a highly automated vehicle in two
conditions, with and without a secondary task, when prompted to resume control in a
driving simulator. These results are then contrasted with the results described in the 25
papers included in the review of the literature.
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Moreover, a further knowledge gap was identified as there are no reports in the
contemporary literature regarding how long it takes drivers to transition from manual, to
automated driving modes, something that is crucial when designing vehicle platooning.
Thus, the chapter addresses this by determining a range of times that drivers took to make
the transition from manual to automated driving.
Chapter Five: Contrasting simulator with on-road transitions of control.
During the research conducted for Chapter 4 it was found that no research into control
transition had taken place on public roads, and that contemporary on-road research in
automation either focussed on sub-systems such as Adaptive Cruise Control or on other
automated features on test tracks. Consequentially, there is very little research being done
on the open road that can serve as a validation of the findings from research carried out in
simulators worldwide. In an effort to establish validity for research on control transitions
in the simulator, the Southampton University Driving Simulator, and the algorithms in
Chapter 3, this chapter examines whether the findings from Chapter four could be
transferred to open road driving conditions. A between group comparison between the
data collected for Chapter four in the simulator using the algorithms from Chapter three
and a group of drivers driving A Tesla Model S with the Autopilot feature was carried out.
The driving task in the on road element of the study was replicated to the furthest extent
to match the passive monitoring condition used in Chapter four. The results showed
strong correlations between the distributions of control transition times from manual to
automated, as well as automated to manual control. Consequentially, it can be concluded
that the driving simulator is a valid research tool for studying Human Factors of
automated vehicles and lends validity to research into control transitions carried out in
the simulator already disseminated in the scientific literature. Moreover, the findings in
this chapter lends validity to the algorithms presented in Chapter three as well as the
Southampton University Driving Simulator.
Chapter Six: After-effects of driver paced transitions of control.
As relative validity between the driving simulator, and on road driving could be
established for the control transition task, further analysis of the after effects of driving
performance data was carried out. This was motivated as contemporary literature into
control transitions (reported on in Chapter 4, Table X) report that detrimental effects on
driving performance could be seen in all but one study observing close to normal driving
performance when a lead time of 8 seconds was used (Damböck et al., 2012a).
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This lead to the hypothesis that drivers should exhibit little detrimental effects on their
driving performance after resuming control from an automated vehicle, and that their
driving performance should not change after resuming control from the vehicle after being
engaged in a secondary task as the drivers were able to moderate the transition process
through the time they took to resume control. The findings show that there are no large
effects of self-paced control transitions, contrary to what has been reported in the
literature when a Take-Over Request (TOR) was issued and control was transferred under
time pressure, or without pre-emptive warnings of the need for driver intervention. This
further strengthens the case made in Chapter 5 that transitions of control should be
driver-paced when possible.
Chapter Seven: Augmented reality guidance for control transitions in automated vehicles.
This chapter explores how drivers can be supported through transitions of control by
means of feedback through the in-vehicle Human-Machine Interface when a situation
requires the driver to make a tactical choice (i.e. slowing down, or changing lane to adapt
to changing road conditions). Based on the findings in Chapter 2 a number of interfaces
were assessed, categorised into three of the four levels of automation proposed by
Parasuraman et al. (2000). In the experiment, the driver was given a request to resume
control in four conditions, where four levels of information were presented as in a headsup display as augmented reality. The effect of the interfaces was assessed from a
performance perspective, i.e. whether optimal actions are implemented and how different
levels of information acquisition affect gaze-scanning behaviour, which is directly related
to the safe manual handling of a road vehicle. That the user interfaces assessed in this
chapter would help with the initial driver response to the take-over request was neither
expected nor found. However, significant improvements appeared when assessing the
effect of the user interface in the cognitive processing and action selection phase, lending
support to the findings of Chapter 2 stating that information should be succinctly
presented in a salient, and relevant location as to not presenting oversaturated
information to the driver causing a decline in driving and task performance.
Chapter Eight: Conclusions and Future Work
The final chapter summarises the objectives set out in Chapter 1 in light of the
experimental findings presented in this thesis and reflects on the contributions made to
knowledge. An assessment of the approach taken in this thesis, by evaluating driver-paced
tasks, rather than focussing on system-paced transitions of control as in contemporary
literature, showcases the importance of considering human variability and flexibility.
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This insight may be of use as it provides researchers with an alternate method to fully
controlled research studies, where behaviour is highly influenced by the experimental
design, to be complemented with a semi-controlled approach that captures more
naturalistic behaviours. This chapter also reflects on the theoretical framework, validation
of simulators as a tool, and the practical implications of the research conducted as part of
this thesis. Finally, areas of further enquiry are identified.

1.5 Contribution to knowledge
The primary contribution of this thesis is achieved through the increased understanding of
how humans interact with automated systems and the process in which manual control is
resumed from an automated vehicle. The thesis has laid out a theoretical, linguistics-based
framework for reasoning about human-automation interaction. This framework was then
partly assessed in Chapter 7, where a head-up Augmented Reality Human-Machine
Interface was assessed in terms of decision support, lending evidence to the theoretical
arguments laid out in Chapter 2 regarding using Paul Grice (1975) maxims as a means of
assessing communication between entities in human-agent systems.
The thesis then assessed the process in which control is transferred from the vehicle to the
driver. Whilst the topic is well researched - for a review see Eriksson and Stanton (2017c)
and Chapter 4 - a lack of knowledge on transitions of control in non-critical conditions was
identified. This was addressed in Chapters 4-6, more specifically in terms of transition
time variability, validity and whether the after-effects observed in contemporary literature
on the topic of control transitions could be found. These findings provide further support
for Hollnagel and Woods (2005) COCOM model which identified time as a crucial
component in determining the resulting control state and control performance. Higher
levels of control in the self-paced research studies was found compared to those reported
in the contemporary literature. Moreover, it is anticipated that the evidence presented in
this thesis will help serve policy-makers in the design and outlining of policy, ascertaining
to contemporary and future highly automated vehicles, as well as serve as a source of
knowledge and information for vehicle manufacturers to draw upon when designing the
highly automated vehicles of the future.
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This thesis provides a methodological contribution by disseminating the design, and an
Open Source implementation, of a set of algorithms to enable dynamic driver interaction
with automated driving features in simulators. These algorithms will allow users of
STISIM (or other simulators) to conduct research on a platform that can be accessed by
any user of STISIM, thus allowing for the direct comparison of findings between research
groups.
Furthermore, these algorithms have been experimentally validated against on road driving
conditions in a Tesla Model S during the task of transitioning between control modes, not
only lending validity to the algorithms in Chapter 3 as a research tool, but also lending
validity to previous research on the assessment of control transitions in the simulator.
Further to validating the algorithms in Chapter 3, the thesis also provides a validation for
the Southampton University Driving Simulator with regard to task validity. The results
from Chapters 4 and 5 indicates high task validity and thus relative validity for the task of
transferring control between manual driving, and automated driving in the Southampton
University Driving Simulator when correlated to on road driving conditions in a Tesla
Model S equipped with SAE Level 2 automation (r = 0.97 for transitions to manual control
from automated driving, and r = 0.96 for transitions from manual to automated vehicle
control). The validation of the Southampton University Driving Simulator for automated
driving research is of utmost importance as it generates confidence in the results
presented not only in this thesis, but from forthcoming projects utilising the simulator for
automated driving research as well.
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2 The Chatty Co-Driver: A Linguistics Approach
Applying Lessons Learnt from Aviation Incidents
2.1 Introduction
Driving Automation (DA) involves the automation of one, or more, higher level cognitive
driving tasks, such as maintaining longitudinal and/or lateral vehicle position in relation
to traffic and road environments (Young et al., 2007). DA distinguishes itself from vehicle
automation by entailing forms of automation that involve the psychological part of driving,
namely the tactical, operational and strategic levels of driving (Michon, 1985). The higher
levels of control involving complex decisions and planning would qualify as DA (Young et
al., 2007). By using DA in highly automated vehicles, all but the strategic level of driving
could be transferred from the driver to the DA system. Only the highest level of control, i.e.
goal setting on a strategical level, would remain with the driver for the main part of the
journey. According to the SAE International and the Bundesanstalt für Straßenwesen
(BASt), DA functionality is likely to be limited to certain geographical areas, such as
motorways (Gasser et al., 2009; SAE J3016, 2016), until full autonomy (SAE Level 5) can be
achieved. Thus, there is a need for a human driver whose task is to resume control of the
vehicle when the operational limits of DA are approached (Hollnagel & Woods, 2005;
Stanton et al., 1997). This use of DA fundamentally alters the driving task (Hollnagel &
Woods, 1983; Parasuraman et al., 2000; Woods, 1996), and will likely give rise to
automation surprises (Sarter et al., 1997) and ironies (Bainbridge, 1983) such as unevenly
distributed workload (Hollnagel & Woods, 1983, 2005; Kaber & Endsley, 1997; Kaber et
al., 2001; Norman, 1990; Parasuraman, 2000; Sheridan, 1995; Woods, 1993; Young &
Stanton, 1997, 2002, 2007b), loss of Situation Awareness (SA) and poor vigilance
(Endsley, 1996; Endsley et al., 1997; Kaber & Endsley, 1997; Kaber & Endsley, 2004; Kaber
et al., 2001; Sheridan, 1995; Woods, 1993), with the risk of ending up Out-Of-the-Loop
(Endsley, 1996; Endsley et al., 1997; Kaber & Endsley, 1997; Kaber & Endsley, 2004; Kaber
et al., 2001; Norman, 1990) as well as the possibility of mode errors (Andre & Degani,
1997; Degani et al., 1995; Leveson, 2004; Norman, 1983; Rushby et al., 1999; Sarter &
Woods, 1995; Sheridan, 1995).
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These problems manifest when the driver is required to return to the driving control loop,
either due to mechanical malfunctions, sensor failure, or when the vehicle approaches a
context where automation is no longer supported, such as adverse weather conditions, the
adverse behaviour of other road users or unforeseen events in the road environment. An
example of a contextual restriction in contemporary DA is Adaptive Cruise Control (ACC).
Using ACC for prolonged periods of time may cause drivers to forget that the ACC system is
still engaged when it is time to leave the motorway, which, in busy traffic where vehicle
speed is limited by other road users, could result in an increase of vehicle velocity when
taking an off ramp as there are no vehicles in front of the car (Norman, 2009). It is,
therefore, important to ensure that the driver receives the support and guidance
necessary to safely get back into the vehicle control loop (Cranor, 2008).
Failure-induced transfer of control has been extensively studied (see Chapter 4, Desmond
et al., 1998; Molloy & Parasuraman, 1996; Stanton et al., 1997; Strand et al., 2014b; Young
& Stanton, 2007a). It takes approximately 1 second for a driver to respond to a sudden
braking event in traffic (Summala, 2000; Swaroop & Rajagopal, 2001; Wolterink et al.,
2011). A technical failure leading to an unplanned and immediate transfer of vehicle
control back to the driver will likely give rise to an incident as the 0.3 second timeheadway (the time between the leading and host vehicle as a function of velocity and
distance) is shorter than driver response-times (Willemsen et al., 2015). Given that drivers
are unlikely to be able to intervene in situations where a response-time of less than one
second is required, it is arguable that the likelihood of failure-induced transfer of control
must be made negligible. The feasibility of DA rests on the systems’ ability to cope with all
but the most severe technical failures without loss of control on public roads.
Routine transfers of control under ‘normal’ circumstances have not been studied as
extensively as failure-induced transfers of control (see Chapter 4 and Eriksson & Stanton,
2017c). Therefore, many factors still need to be explored, such as: what method and time
is used to transfer control, how will the Human-Machine Interface convey necessary
information, and how will the transfer of control be managed by the driver (Beiker, 2012;
Hoc et al., 2009; Merat et al., 2014). Christoffersen and Woods (2002) stated that in order
to ensure coordination between human and machine, the system state must be
transparent enough for the agents to understand problems and activities, as well as the
plans of other agents and how they cope with external events such as traffic and sensor
disturbances (Beller et al., 2013; Inagaki, 2003; Kaber et al., 2001; Klein et al., 2004;
Rankin et al., 2013; Weick et al., 2005).
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This decreases the size of what Norman (2013) refers to as the gulf of evaluation, which is
the effort required to interpret the state of the system and determine how well the
behaviour corresponds to expectations. This puts a requirement on designers and
engineers of automation to make the operational limits transparent (Seppelt & Lee, 2007).
A crucial part of ensuring system transparency is to ensure that Common Ground (CG) has
been established. Common Ground is defined as the sum of two or more peoples (or
agents) mutual beliefs, knowledge and suppositions (Clark, 1996; Heath et al., 2002; Hoc,
2001; Huber & Lewis, 2010; Keysar et al., 1998; Stalnaker, 2002; Vanderhaegen et al.,
2006). CG may be achieved by ensuring that the driver receives feedback that either;
acknowledges that inputs have been registered, or that an error in the input transmission
has occurred. According to Brennan (1998), feedback of this type is of utmost importance
in achieving CG. Ensuring that CG is achieved is crucial in a highly automated vehicle as the
driving task is distributed between driver and automation, and to succeed both entities
need to be aware of the other entities actions (Hollan et al., 2000b; Hutchins, 1995a,
1995b; Wilson et al., 2007). An example of how this is applied in human-human
communication is the use of acknowledging phrases such as “roger” when acknowledging
statements in nuclear power plant control rooms and on the flight deck (Min et al., 2004).
Furthermore, if the system provides continuous, timely, and task-relevant feedback to the
driver during, for example, highly automated driving, it is possible to reduce the cognitive
effort of understanding the system state and whether user inputs are registered or not
when it is time to resume manual control (Brennan, 1998; Clark & Wilkes-Gibbs, 1986;
Sperber & Wilson, 1986). According to Patterson and Woods (2001) the purpose of the
handover is to make sure that the incoming entity does not have an incorrect model of the
process state, is aware of significant changes to the process, is prepared to deal with
effects from previous events, is able to anticipate future events, and has the necessary
knowledge to perform their duties. This is supported by research from Beller et al. (2013)
who found that drivers who received automation reliability feedback were on average 1.1
seconds faster to respond to a failure, which, according to Summala (2000), is
approximately the time it takes to respond to an unexpected braking event during manual
driving.
Evidently, appropriate feedback may reduce the time needed for a successful takeover as
it could allow the driver to anticipate the need to intervene. Research by Kircher et al.
(2014) has shown that drivers adapt their usage of automation by disengaging DA systems
before operational limits are reached.
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These insights indicate that drivers are able to anticipate when to disengage automation in
contemporary systems to ensure safe transfers of control. This does not necessarily mean
that drivers will be able to adapt in such a way using systems in the future, as the majority
of the driving task will be automated and the driver will be less involved in the driving
task.

2.2 Principles of communication
In order to demonstrate the importance of communication and feedback, Norman (1990)
posited a thought experiment. In the first part of the experiment, an airline pilot handed
over control to the aircraft autopilot. In the second part of the thought experiment control
was handed to a co-pilot instead of the autopilot. Norman argued that the task is
“automated” from the captain’s point of view in both examples. If an event were to occur
mid-flight to create an imbalance in the aircraft, both autopilot and co-pilot have the
ability to successfully compensate for the imbalance. However, there is a large difference
in the way the information about compensatory actions would be communicated to the
captain. In the case of the autopilot, the compensatory behaviour would only be
communicated through the changes of controller settings in the cockpit and could easily
be missed by the crew, as they are out-of-the-loop. In the case of the co-pilot,
compensatory actions would be executed by means of the physical movements of the copilot that is required to change controller settings and to move control yokes as well as
verbal communication such as “the aircraft started to bank to the left so I have had to
increase the right wing down setting of the control wheel”. Thus, in the case of the co-pilot,
the compensatory actions taken would be significantly more obvious to the captain.
Examples of such situations are given in Section 2.3.
In a DA context, a similar, but strictly theoretical scenario could be that the DA system
compensates for an imbalance in the steering system caused, for example, by a partially
deflated tire, by countersteering. If the vehicle utilised steer-by-wire technology, with
which the physical connection between the wheels and the steering wheel is replaced by
sensors, torque motors, and servos (e.g. Nexteer, 2017), it would be possible for the DA
system to compensate for this imbalance by adjusting the position of the wheels to
produce a countersteering effect without moving the steering wheel. If this was the case,
and the driver was prompted to resume control, it is very unlikely that the transient
manoeuvre would be carried out in a safe manner as the vehicle would suddenly turn as
the countersteering ceased at the moment of transfer of control.
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If the DA system was to mimic the countersteering effect on the wheels on the steering
wheel, thus quite clearly communicating that compensatory action is being taken the
transfer of control may be successful. The driver is then able to continue applying
counterforce by maintaining the same steering wheel angle as the DA system when the
compensatory action was carried out. Contemporary research has found similar results
whereby the steering torque has changed from when drivers relinquish control to when
they resume control from the automation; such a change in torque is experienced when
vehicle velocity changes during transit (Russell et al., 2016).
Norman concluded that when automated systems work in silence, not communicating its
actions and state, with the crew being out-of-the-loop, a sudden automation failure or
shutdown due to reaching the operational limits of the systems might take the crew by
surprise, leading to an unrecoverable situation. Furthermore, he stated that feedback is
essential in updating operators’ mental models of the system (thus achieving Common
Ground) and that feedback is essential for the appropriate monitoring and error detection
and correction (Norman, 1990). In an effort to reduce the gulf of evaluation (Norman,
2013) and to increase behavioural transparency of automation to a similar level to that of
a human co-pilot, the author would like to introduce a “Chatty Co-Driver paradigm”
(Eriksson & Stanton, 2016; Hoc et al., 2009; Stanton, 2015). It is argued that humanautomation interaction may be facilitated through the application of the cooperative
principle (Grice, 1975) as a heuristic in designing the automation Human-Machine
Interface and feedback.
To ensure that system feedback is communicated in an effective manner it has to adhere to
certain principles. As part of the cooperative principle, Grice (1975) posited four maxims
for successful conversation: Quantity, Quality, Relation and Manner detailed below.
1. The Maxim of Quantity states that contributions should be made as informative as
required without contributing more information than required to do so.
2. The Maxim of Quality states that information provided should not be false and that
it should be supported by adequate evidence.
3. The Maxim of Relation states that the information contributed should be relevant
to the task/activity, context, and the need in the current situation.
4. The Maxim of Manner relates to how the information is provided rather than what
information is provided. The maxim states that obscurity and ambiguity should be
avoided, and that information should be conveyed briefly and orderly.
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The Gricean maxims were chosen as the underlying framework for assessing humanautomation interaction as the Gricean maxims have been considered seminal in the
development of pragmatics and are very influential in the areas of linguistic semantics,
philosophy of language, philosophy of mind and psychology (Clark, 2013, pp. 63-34).
Moreover, the Gricean maxims have been used to assess human-human interaction
(Attardo, 1993; Rundquist, 1992; Surian, 1996) and one study used the Gricean maxims to
design automated system etiquette in aviation resulting in an increase in operator
performance when automation etiquette was optimal and vice versa (Sheridan &
Parasuraman, 2005). It is therefore argued that it is fitting to apply the fundamental ideas
of human-human communication in this novel way which examines human-automation
communication allowing a concept for human-automation communication to naturally
arise rather than applying more refined models targeted at specific fields.
The potential use of the Gricean maxims in assessing information quality and its effects on
coordination in human machine/automation interaction has yet to be explored. In DA the
crucial part of the coordinative act is the transfer of vehicle control between man and
machine. A successful control transition necessitates a meaningful exchange of
information between driver and automation. Through applying the chatty co-driver
paradigm, feedback could be designed in a similar fashion to the feedback provided by a
human co-pilot in aviation, for example by verbally announcing decisions and actions, and
changes to controller inputs are salient through physical movements of controllers by the
human pilot. Through the application of the Gricean maxims in this way, it could be
possible to determine when and how to display information in a contextually and
temporally relevant way.

2.3 Case Studies
As contemporary Driving Automation is still in its infancy and therefore of limited
availability for study, or is restricted to test tracks, pre-determined test-beds, and
manufacturer prototypes. Therefore, the perspectives from Section 2.2 will be applied to
the aviation domain in which autopilots are commonplace and where human-automation
interaction is prevalent.
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2.3.1

Method

To illustrate the explanatory ability of the maxims they will be applied to two case studies,
the Air France 447 crash (Bureau d’Enquêtes et d’Analyses pour la sécurité de l’aviation
civile, 2012, BEA), and the ComAir Flight 3272 crash (National Transportation Safety
Board, 1997, NTSB), as aviation is a domain where communication breakdowns are
regarded as a serious threat to safety (Molesworth & Estival, 2015). The analysis of the
case studies is based on data from the official investigations by BEA (2012) and NTSB
(1997) as well as previous analysis by Eriksson and Stanton (2015). These incidents were
chosen as the official investigations deemed poor feedback and communication being
amongst the primary contributing causes of the accidents.
2.3.2
2.3.2.1

Air France 447
Synopsis

On May 31, 2009, an Airbus A330-200 operated by Air France was scheduled to carry 216
passengers and twelve crew-members on flight AF447 between Rio de Janeiro Galeão and
Paris Charles de Gaulle. The captain was assigned Pilot Not Flying (PNF) and one of the copilots was assigned Pilot Flying (PF). AF447 was in cruise at Flight Level 350 (FL350) in
calm conditions at the start of the Cockpit Voice Recorder (CVR) recording, just after
midnight. At 01:52 the captain woke the resting co-pilot and requested that he was to take
his place as the PNF, 8 minutes later the PF briefed the newly arrived co-pilot. In the
briefing, the PNF mentioned that the recommended maximum altitude (REC MAX) was
limiting their ability to climb above a turbulent area due to a higher than expected
temperature. Following the briefing, the captain left the PF and the replacement PNF to
continue the flight. At 02:08 the PNF suggested a heading alteration of 12 degrees to avoid
the turbulent area, the crew also decided to decrease speed from Mach 0.82 to Mach 0.8
(~529kt) and to turn on engine de-icing. At 02:10:05 the autopilot and the auto-thrust
disconnected, likely due to all of the pitot probes of the Airbus A330-200 freezing over,
resulting in unreliable speed readings. Following the autopilot disconnection, the PF said
“I have the controls” indicating he was in control of the aircraft. The PF simultaneously
gave a nose up and left input as a response to the aircraft rolling to the right at the time of
autopilot disconnecting. The actions of the PF triggered a stall warning as the angle of
attack increased beyond the flight envelope boundaries at Mach 0.8 (Figure 4 . Angle of
Attack, AOA > 4°). This was the start of a series of events of miscommunication between
the flight crew and between the crew and aircraft as demonstrated in Table 2.
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Table 2. Voice Data Recording transcript and Flight Data Recording temporally aligned
between 2h 10m 04s to 2h 10m 17s into the flight coupled with an analysis of
the human-machine and human-human communication from a perspective of
the individual Gricean maxims.
Time

Voice Data Recording

Flight Data
Recording

MoQu MoQa MoR MoM

2h10m PNF

PF

04.6s

Do you us to put Cavalry charge

it on ignition
Autopilot disconnection
start
warning







































CAS is 52kt









Stall warning is
triggered
AOA 1, 2 & 3 is 2.1°,
4.9°, 5.3°









05s

Autopilot disconnects
Roll angle changes from
0° to 8.4°
in 2 seconds, sidestick
neutral
Pitch attitude is 0°

06s

Flight control law
changes to alternate

06.4s

I have the
controls

07s

07.5s

PF sidestick positioned
at 75% nose up
Pitch attitude increases
to 11°
Vertical speed increase
to 5200ft/min
Alright

08s

Flight Director 1 & 2
becomes unavailable
Auto thrust is
disengaged
CAS changes from 274
to 156kt

09s
09.3s

Ignition start

10s

11.3s

What is
that?
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12s

CAS is 55kt









13.5s

Stall warning seizes

































14s

We haven’t got
a good..

15.1s

We haven’t got
a good display…

15.9s

We’ve lost … of speed
the the
speeds
so…
engine
thrust A T
HR
engine
level
thrust

17s

Flight director 1 & 2
becomes available
again; active mode is
HDG/ALT CRZ
CAS is 80kt

During the remaining 4 minutes and 23.8 seconds, the aircraft continued to climb, leaving
the lift envelope, trading kinetic energy for potential energy, until it unavoidably started to
descend. The PF, unaware of the situation, continued to apply nose up inputs which
further increased the AOA which, from 02:12 to the end of the flight were on average
around 40°. The last recorded vertical speed value was -10,912ft/min as it crashed into
the Atlantic Ocean.
2.3.2.2

Analysis

At 02:10:04 a Cavalry charge sounded in the cockpit of AF447, indicating that the autopilot
had disengaged. An immediate change in roll angle from 0°–8.4° without any sidestick
input followed the autopilot disengagement (Table 2). The PF responded appropriately by
acknowledging the event by stating he had the controls, thereby making the PNF aware
that manual control was resumed. At this point the PF’s task was to maintain control of the
aircraft and the PNF’s task was to identify the fault and ensure that the designated flight
path was followed. The PNF does this by checking the instruments and the Electronic
Centralised Aircraft Monitor (ECAM) display (Figure 4).
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The ECAM is designed to provide pilots with information in a quick and effective manner as
well as displaying the necessary corrective actions needed to resolve any errors. As the PNF
tried to identify the reason for the unexpected disconnection of the autopilot by checking
the ECAM messages (see Figure 3) there was nothing to indicate that the autopilot
disconnect had anything to do with the pitot probes freezing over, causing inaccurate speed
readings. The only ECAM indication of a speed-related error was a message that indicated
that the max speed was Mach 0.82, which, according to the BEA investigation, could be
misinterpreted as the aircraft being in an over-speeding situation.

Figure 4. AOA threshold for stall warning at different speeds. Source: BEA www.bea.aero
Fig. 1. A) Information readily available for PNF at the time of autopilot disconnect. B)
At the time of the transition of control of the aircraft from autopilot to pilot there was
nothing to indicate why the transfer of control had occurred, and what future actions
needed to be taken to ensure continued safe operation of the flight.
According to Patterson and Woods (2001), the main purpose of a transfer of control, or
handover is to ensure that the agent taking over control has a correct mental model of the
current process state and is aware of any changes to the process. The agent resuming
control must also be prepared to deal with the effects from previous events and needs to be
able to anticipate future events. These requirements failed to be fulfilled at the time of the
transfer of control, as neither the PF nor the PNF, succeeded in identifying the underlying
cause of the autopilot disengagement in the initial period after control was transferred. As
the PF and PNF failed to create an accurate mental model of the current system state due to
lacking system feedback, their action responses to the events unfolding were inappropriate
for the situation, and thus resulted in worsening, rather than improving the situation.
It was possible to identify several violations of the Gricean maxims in the moments where
control was transferred from autopilot to PF. The absence of any information related to the
pitot readings being inaccurate is a clear violation of the Maxim of Quantity as information
clearly was not sufficient to provide the PF/PNF with the necessary information to assess
the situation.
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The Maxim of Quality was also violated as the MAX SPEED information was of no help in
resolving the situation as at the time of the incident, the aircraft was nowhere near an overspeeding situation, thus information indicating an over-speeding risk was provided of
which no underlying evidence of such a risk was present. Furthermore, the Maxim of
Relation was violated as the MAX SPEED information was irrelevant to the context at hand
and did not assist in creating an accurate mental model. The Maxim of Manner was also
violated as the ambiguous nature of the speed warning, giving an indication of the risk of
over-speeding rather than the erroneous readings of the pitot probes.
2.3.3
2.3.3.1

ComAir 3272
Synopsis

Comair flight 3272, an Embraer EMB 120 Brasilia, departed Covington, Kentucky on its
way to the Detroit Metropolitan/Wayne Country Airport, on January 9th 1997 about 15:08,
with 2 crew members, 1 flight attendant, and 26 passengers on board. The flight was
routine with some intermittent, light chop. At 15:52.13 the ATC cleared the pilots to
descend to 4,000 ft mean sea level (msl). The pilots acknowledged and complied with the
clearance. At 15:54.05 the pilot initiated a left turn to heading 090° by changing the
heading setting for the autopilot. According to Flight Data Recorder (FDR) data at 15:54.08
the aircraft was in a shallow left bank remaining at 4000ft msl. As the aircraft reached its
assigned altitude of 4000ft msl the autopilot switched mode from “Altitude Pre-Select
(arm)” to “Altitude Hold”. At 15:54.10, the aircraft was flying at an airspeed of 156kt and
the roll attitude of the aircraft had steepened to an approximate 23° left wing down bank,
causing the autopilot to turn the control wheel position (CWP, the control wheel that
control aircraft roll angle) in a right wing down direction. Unfortunately, this corrective
action had no effect as the left wing down angle continued to steepen.
At 15:54.15 the left bank continued to steepen whilst the autopilot continued to apply
compensatory measures by turning the CWP to apply right wing down commands.
Approximately 15 seconds later the bank angle was steepening beyond 45° at which point
the autopilot disconnected and the stick shaker-engaged. In less than two seconds after
the disconnection of the autopilot the CWP moved from 18° right wing down command to
19° left wing down command, the roll increased from 45° left to 140° and pitch attitude
decreased from 2° nose up to 17° nose down. At 15:54.25 the sound of the stick-shaker
ceased, followed by an utterance of “Oh” from both the Captain and the First Officer.
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Approximately 30 seconds after the autopilot disengagement the aircraft's left roll attitude
increased beyond 140° and the pitch attitude approached 50° nose down. According to the
CVR data, the ground proximity warning system triggered the “bank angle” aural warning
follow by three chimes and the autopilot aural warning repeatedly until the end of the
recording.
2.3.3.2

Analysis

As Comair 3272 descended to 4000ft msl the pilots were instructed to carry out a heading
change to 090° by entering the new heading into the autopilot. The autopilot responded by
banking to the left to achieve the desired heading by adjusting the ailerons and thus, the
CWP in the cockpit. During the descent the aircraft had accumulated ice on the aerofoil
and as the aircraft entered the left bank. NTSB theorise that the change in bank angle
caused asymmetrical ice self-shedding which combined with aileron deflection effects
caused the left bank angle to steepen. As the bank angle steepened beyond the instructed
bank angle the autopilot’s design logic responded by instructing the aileron servos to
move the ailerons, and the CWP, in a RWD fashion to counter the increasing roll rate.
When the autopilot was working in the heading mode the maximum commanded bank
angle was 25°, which was exceeded as the bank angle increased, this limitation reduced
the compensatory behaviour that the autopilot could carry out. When the maximum
autopilot bank angle of 25° is exceeded, no alarm nor any other cues are issued in the
cockpit, the first indication occurs when the bank angle exceeds 45° and the autopilot
automatically disengage. As the bank angle steepened beyond 45°, the autopilot
disengaged and the following events occurred simultaneously: the stick shaker activated.
A repeated “ding, ding, ding, autopilot” aural alert sounded, red autopilot fail/disengage
lights illuminated on the autopilot, flight control, and master warning panels, the aircraft
went from 45° left bank to 140° left bank, the CWP changed from 18° RWD to 19° LWD
and the pitch attitude changed from 2° nose up to 19° nose down.
This particular accident is similar to the one described in Section 2.3.2. The official
investigation suggested that if one of the pilots had been gripping the control wheel to
monitor automation performance the error would likely have been detected. However, as
humans are notoriously bad at maintaining sustained attention for longer periods of time
(Mackworth, 1948) it is arguable that such behaviours are unlikely and should not be
expected (Heikoop et al., 2016; Molloy & Parasuraman, 1996).
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From a Gricean perspective, the control wheel was designed in such a fashion that any
changes in CWP were not salient enough. The control wheel design does provide
information that is both correct, relevant to the task, and the design carries enough
information to understand what is going on, thus fulfilling the requirements of the Maxim
of Quantity, Maxim of Quality and Maxim of Relation. However, the control wheel does not
provide unambiguous and salient information, thereby violating the Maxim of Manner.
The autopilot feedback was also found insufficient. As the aircraft passed the 25°
command limit of the autopilot no alarm sounded and no feedback was shown on the
cockpit displays. No feedback was issued at all until the bank angle exceeded 45° and the
autopilot disconnected along with the autopilot warning. As there was no indication of the
aircraft approaching and exceeding the autopilots performance boundaries the pilots were
unaware of the severity of the aerodynamic degradation. Thus, the compensatory actions
that were taken by the aircraft until the autopilot reached its bank-limit and disengaged.
From a Gricean perspective, the lack of warning violates the Maxim of Quantity, as there is
no information presented to the pilots regarding the bank angle exceeding 25°.
Furthermore the lack of information implies that the systems were working normally, thus
violating the Maxim of Quality, and the Maxim of Relation, as the system was past its
interaction boundary (the bank angle envelope of 25° in which the autopilot could apply
RWD/LWD commands) and had feedback been presented, the pilots would have had a
chance to compensate manually. Due to the lack of any feedback, The Maxim of Manner
was violated in the sense that there is no information/feedback that could be assessed
using the maxim.
The FDR data indicated that the pilots responded by applying RWD commands on the
control wheel within one second after the autopilot disconnected to counter the sudden
increase in left bank. If changes to the CWP had been more salient, clearly indicating both
the corrective actions that were taken by the autopilot in terms of bank angle but also the
force that was applied to the control wheel the pilots would have had a clear indication of
the actions taken by the autopilot. Furthermore, had there been a warning or a notice on
one of the cockpit displays when the autopilot exceeded its interaction boundary they
might have been made aware of the autopilot struggling to maintain the bank angle
required for the heading change due to the degrading aerodynamic characteristics of the
aerofoil.
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Such an indication would have been in accordance with the Maxim of Relation, through
providing temporally and contextually relevant information. This would have allowed the
pilots to resume manual control earlier and have allowed them to increase airspeed and
abort the heading change, thus reducing the bank angle, before the autopilot reached its
45° performance boundary and disconnected.
2.3.4

Summary of Case studies

To summarise the results of the case studies from a Gricean perspective it is clear that
there were several Maxim violations that contributed to the crash of Air France AF447 and
Comair 3272. The maxims highlighted issues relating to lack of, or non-salient, feedback to
mode changes and system actions. Furthermore, the use of the maxims allowed for the
identification of an issue related to the non-salient feedback of a piece of equipment that
otherwise functioned according to specification, namely the autopilot controlled changes
to CWP as shown in Table 3.
Table 3. A summary of the maxim violations in each part of the case studies. Key:  =
maxim fulfilled,  = maxim violated
AF447
speed readings

Comair
control wheel

Comair
Autopilot warning

Maxim of Quantity







Maxim of Quality







Maxim of Relation







Maxim of Manner







The Maxims show promise in identifying flawed communication in the human-cockpit
system, therefore they have potential as a tool to inform the design of similar systems.
Such a system could be highly automated driving systems in which interaction could be
designed in such a way that events similar to the case studies above may be avoided in
future automated vehicles.
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2.4 Lessons Learnt
The case studies in Section 2.3 have illustrated how operator mental models deteriorate as
they are removed from the control loop. In the case studies, this resulted in the loss of life
due to crashes when the operator suddenly had to resume control with an inaccurate
mental model after prolonged exposure to automated systems with no, or poor feedback.
The motor industry has until recently been spared of such issues, but with the
introduction of new technology, drivers have been able to relinquish control of certain
sub-tasks of the driving task resulting in the fatal crash of a Tesla Model S in Florida in
2016 (Office of Defects Investigation, 2017). These systems have allowed drivers to take
their feet off the pedals, and more recently, have their lane position controlled
automatically as well. Although drivers have yet to be able to fully relinquish control to the
vehicle, recent amendments to the Vienna Convention on Road Traffic now enables drivers
to be fully hands and feet free as long as the system can be overridden or switched off by
the driver (Miles, 2014).
This amendment will allow autonomous vehicles owned by the public to be driven hands
and feet free, on public roads. The change in legislation implies significant changes to the
driving task. Whilst contemporary DA systems require intermittent driver feedback, by,
for example, touching the steering wheel or the indicator stalk thus maintaining some
level of driver engagement (Naujoks et al., 2015), the amended section of the Vienna
Convention of Road Traffic will allow the driver to be completely out-of-the-loop. As
drivers are given more freedom to relinquish the driving task to the automated systems
their role in the DA system is altered, approaching that of a pilot flying by means of the
autopilot (Hollnagel & Woods, 1983; Parasuraman et al., 2000; Woods, 1996). The driver
will, much like a pilot, have to monitor the DA system for errors or deviant behaviours and
will be expected to resume control when something goes wrong or when operational
limits are reached (Hollnagel & Woods, 2005; SAE J3016, 2016; Stanton et al., 1997).
As shown in Section 2.3 pilots may fail to successfully recover their aircraft when the
automated systems failed to cope despite being subjected to extensive training before
receiving their pilot's license as well as regular training sessions of fringe scenarios in
simulators. This training is supposed to prepare pilots for rare occurrences such as
degraded aerodynamic properties of the aerofoil due to icing, autopilot operational limits,
or the safety envelope of an Airbus A380 in different laws, which allows them to adapt to
ever-changing conditions.
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The fact that highly trained, professional pilots sometimes struggle to cope with such highcomplexity situations are particularly worrying as drivers soon will be able to purchase
vehicles equipped with DA that enables similar features in the vehicle which will allow
hands and feet free driving without any additional training.
Section 2.3 showed that breakdowns in human-machine communication could be
attributed to the cause of the accidents. In the aviation domain, communication
breakdowns are considered a serious threat to safety (Molesworth & Estival, 2015), and
the same should be considered for the driving domain. Especially since there is a differing
degree of complexity in the DA domain caused by a large fleet of vehicles occupying a
relatively small space where non-connected road users such as pedestrians, cyclists as
well as wild animals co-exist. This puts even higher demands on Engineers responsible for
designing the driver interface for the DA systems.
The case studies in Section 2.3 clearly identify, by means of the Gricean Maxims, nonsalient feedback, non-existing feedback, and erroneous feedback to be a contributing
factor in the accidents that transpired. Humans are known to be poor monitors in
situations where passive monitoring is required (Heikoop et al., 2016; Mackworth, 1948;
Molloy & Parasuraman, 1996), and as they are removed from the driving loop, measures
must be taken to ensure that DA systems do not succumb to similar issues as described in
the case studies. Aviation accidents may be rare, but the consequences of similar
communication issues being present in DA systems, coupled with the exposure of
untrained operators to such systems, has the potential to be dire.
To ensure that incidents caused by poor communication between man and machine are
reduced Human Factors Engineers must aim to reduce the gulf of evaluation, thereby
retaining driver Common Ground and thus a representative mental model of the DA
system (Klein et al., 2004; Norman, 1990). This could potentially be done using a “Chatty
Co-Driver paradigm” (Eriksson & Stanton, 2016; Hoc et al., 2009; Stanton, 2015). The
Chatty Co-Driver paradigm tries to reduce the gulf of evaluation by providing feedback in a
similar manner to what a co-pilot would do, why, and what its next action is (Wiener,
1989) thus increasing system transparency (Christoffersen & Woods, 2002). Such
feedback could entail information regarding what the vehicle sensors are able to register,
thus providing an indication of the limitations of the vehicle radars as well as whether the
vehicle has picked up objects entering the trajectory of the automated vehicle (Jenkins et
al., 2007; Stanton et al., 2011).
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Furthermore, as shown by Beller et al. (2013), contextually relevant information could
reduce the time to transfer of control as it brings the driver back into the control loop by
restoring driver mental models and thus reduces the likelihood of an escalation of
cognitive activities (Woods & Patterson, 2000). Furthermore, research by Eriksson and
Stanton (2015) indicate that information needs change depending on contextual and
temporal factors. Based on the aforementioned maxims of successful conversation (Grice,
1975), the author proposes that by adhering to the Maxim of Quantity, Quality, Relation,
and Manner in designing automated system the gulf of evaluation could be reduced, and
system transparency could be increased.

2.5 Concluding remarks
This chapter highlighted some of the problems drivers will face when encountering DA
systems, such as automation surprises, and ending up out of the loop. When drivers are
out-of-the-loop and a change in operational conditions occur, requiring a control
transition from DA to manual control, the driver must have access to sufficient
information to safely complete the transition. Due to the lack of DA systems available to
the public, two case studies were presented from the aviation domain. It was
demonstrated that highly trained professionals failed to safely resume control after a
control transition due to poor, or lacking feedback, from the automated system.
By applying the Gricean maxims of successful conversation to the case studies from a
human-automation interaction perspective, the author was able to identify lacking
feedback in different components of the pilot interface. In addition, it is argued that the
maxims could be used as a means to bridge the gulf of evaluation in contemporary DA
systems, by allowing the DA system to act like a Chatty Co-driver, thereby increasing
system transparency and reducing the effects of being out of the loop. Some high-level
proposals for design based on the maxims are provided in Table 4 below.
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Table 4. Design proposals for information presentation based on the Gricean Maxims
Design proposal
Maxim of Quantity



Avoid oversaturating the information presentation
modality by limiting the information presented to the bare
necessity.

Maxim of Quality



Ensure that the information presented is based on reliable
data



If the information is based on unreliable data, ensure that
it is made clear in the Human-Machine Interface

Maxim of Relation



Ensure that the presented information is contextually
relevant, for example, based on Michon’s (1985)
operational, tactical and strategical levels of information.



Do not present information that is non-relevant to
accomplish the task.

Maxim of Manner



Avoid ambiguity by for example reducing similarities of
auditory tones or, increasing contrast between similar
modes in the visual Human-Machine Interface.



Ensure that the right information is presented in the right
modality, for example, urgent signals could be presented
both haptically, auditory and visually whereas non-urgent
information could be presented visually in the HumanMachine Interface (Meng & Spence, 2015).
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2.6 Future Directions
It is evident that the appropriate design of system feedback seems to be a key component
in the deployment of safe automated vehicle systems. Whilst the Gricean maxims show
promise in shedding light on the design of such feedback our current understanding of
designing interfaces based on human-human communication is limited. Chapter 4 tries to
identify the time span drivers require to safely resume control from an automated vehicle
with the level of feedback available in contemporary vehicles. Establishing a baseline time
span for the required time to resume control is crucial as these findings can be further
contrasted through the introduction of Human-Machine Interface elements to facilitate the
transition (Chapter 7) in accordance with the Gricean Maxims. Indeed Beller et al. (2013)
found that drivers who received automation reliability feedback were on average 1.1
seconds faster to respond to a failure, indicating that the right type of feedback can reduce
the required time to intervene.
In order to facilitate research into the control transition process in the Southampton
University Driving Simulator, bespoke software algorithms had to be developed to enable
the assessment of dynamic dis- and re-engagement of the automated driving system, these
algorithms are detailed in Chapter 3
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3 A toolbox for automated driving
The topic of automated driving is receiving an increasing level of attention from Human
Factors researchers (Eriksson & Stanton, 2017c; Kyriakidis et al., 2017). Until recently,
automated driving technology required intermittent driver feedback, for example by
touching the steering wheel thus maintaining a level of driver engagement similar to manual
driving (Naujoks et al., 2015). However, recent amendments to the Vienna Convention on
Road Traffic now enable drivers to be fully hands and feet free as long as the system can be
overridden or switched off by the driver (Miles, 2014). This amendment allows drivers to
be ‘out-of-the-loop’ for prolonged periods of time, yet drivers are still expected to resume
control when the operational limits of the automated driving system are approached (SAE
J3016, 2016).
The availability of these highly automated driving systems may fundamentally alter the
driving task (Hollnagel & Woods, 1983), and could give rise to ‘ironies’ and ‘surprises’ of
automation similar to those proposed by Bainbridge (1983) and Sarter et al. (1997) in the
context of process control and aviation. Indeed, several empirical studies have shown that
drivers of highly automated cars often respond slowly when manual intervention is
necessary (De Winter et al., 2014; Jamson et al., 2013; Stanton & Young, 1998; Stanton et al.,
1997; Young & Stanton, 2007a). In light of this, intermediate forms of automation have been
deemed hazardous as drivers are required to be able to regain control at all times (Casner
et al., 2016; Seppelt & Victor, 2016; Stanton, 2015). In order to study these psychological
phenomena and develop effective Human-Machine Interfaces for supporting drivers of
future automated cars, the driving simulator is seen as a viable option (Boer et al., 2015;
Eriksson et al., 2017).

3.1 Simulators
Driving simulators have been used since the beginning of the 1930s (Greenshields, 1936)
and Human Factors research into automated driving has been ongoing since the mid-90s
(Nilsson, 1995; Stanton & Marsden, 1996). As the motor industry advances toward highly
automated driving, research conducted in driving simulators becomes increasingly
important (Boer et al., 2015). Compared to on-road testing, driving simulators allow
driver’s reactions to new technology to be measured in a virtual environment, without
physical risk (Carsten & Jamson, 2011; De Winter et al., 2012; Flach et al., 2008; Nilsson,
1993; Stanton et al., 2001b; Underwood et al., 2011).
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Furthermore, driving simulators offer a high degree of controllability and reproducibility,
and provide access to variables that are difficult to accurately determine in the real world
(Godley et al., 2002), such as lane position and distance to roadway objects (Santos et al.,
2005; Van Winsum et al., 2000). Most driving simulators offer flexibility in designing
bespoke plug-ins through Application Programming Interfaces (APIs). With Open Source
software efforts in driving simulation, such as OpenDS (OpenDS, 2017), it is likely that the
use of driving simulators will come to grow in the coming years.
3.1.1

STISIM

STISIM is a popular driving simulator that is used for research purposes (Large et al.,
2017; Large et al., 2016; McIlroy et al., 2016; Neubauer et al., 2012b; Neubauer et al., 2014;
Park et al., 2015). The STISIM driving simulator software comes with an ‘Automated
Driving’ feature accessible through their Scenario Definition Language (SDL) (Allen et al.,
1999a; Allen et al., 1999b; Allen et al., 2003; Allen et al., 2001). The SDL based automation
allows the researcher to enable or disable automated lateral and/or longitudinal control
through the ‘Control Vehicle’ (CV) event by specifying a distance down the road at which
point the event should trigger, and what mode change should occur (e.g., the script ‘2000,
CV, speed, 2’ initiates automated control of both steering and speed when the participant
has travelled 2,000 m along the road). The STISIM documentation states that their
automated driving feature is intended for driver training (Allen et al., 1999b), an approach
also taken by other driving simulator manufacturers (e.g., De Winter et al., 2007). Indeed,
by enabling automated control of speed, the driver can fully concentrate on learning how
to steer, or vice versa, by enabling automated control of steering the learner driver can
concentrate on how to accelerate and stop the car. This type of automation is sufficient
when it comes to research where the researcher does not want the driver to be able to
(dis)engage the automation or change the automation modes. The CV event has been
successfully used in this manner (Funke, 2007; Funke et al., 2005; Neubauer, 2011;
Neubauer et al., 2012a; Neubauer et al., 2012b; Saxby et al., 2007; Saxby et al., 2008).
However, if the aim of the research is to understand how drivers interact with automated
driving systems, as for example in Kircher et al. (2014), Eriksson and Stanton (2017c) and
Eriksson et al. (2017) this type of hard-coded automation is not sufficient. The ability to
study interactive behaviour is of prime importance, as it allows researchers to capture
tactical behaviours such as when, where and how a task if carried out (Kircher et al.,
2016).
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With the goal of enabling human-automation interaction, I developed bespoke software
using the STISIM V3 Build 3.07.04 Open Module in Visual Basic 6 (VB6). Although this
implementation of automated driving is platform-specific, the toolbox can be easily
implemented on other platforms that offer an API or SDK by translating the subroutines
into the programming language supported by the simulator in question, with the
requirement that the lead-vehicle can be identified, and queried for information such as
speed.
Open Module is a plugin feature of the STISIM platform that allows researchers to
implement their own modules using unmanaged code (e.g., VB6 or C++). One of the
functions of Open Module is the ’Update‘-function which is called once every simulation
frame, just before the graphics display updates. The ‘Update’-function allows the
researcher to directly control the behaviour of a vehicle via pedal and steering input, a
functionality that was utilised in developing my toolbox. My algorithm toolbox consists of
several subroutines, each responsible for a part of the vehicle control, allowing lateral and
longitudinal automation to be used separately or in conjunction. The functionality of the
toolbox algorithms is detailed below.

3.2 Algorithms
In this section, I describe my algorithms consisting of two parts: (1) longitudinal control
and (2) lateral control. This structure enables the simulation of different levels of
automated driving, ranging from manual driving and ACC (i.e. automated longitudinal
control) to highly automated driving (i.e. automated longitudinal and lateral control) as
shown in Figure 5. The manual mode is void of any automated features, meaning that the
operation of the vehicle is dependent on the human driver only.
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Figure 5. A functional block diagram of the automated driving toolbox. Figure 6 illustrates
the functionality of the ACC sub-routines.

The ACC mode controls the vehicle’s velocity by providing control signals to the throttle
and brake inceptors in order to drive the vehicle at a target velocity (Figure 6). The target
velocity is set by the driver or is dictated by the velocity of a slower vehicle within sensor
range. ACC is an integral part of achieving highly automated driving and is now commonly
available in production vehicles. ACC on production vehicles utilises a radar unit attached
to the front of the vehicle that keeps track of any leading vehicles, feeding the cruise
control algorithm with the distance to the lead-vehicle which is used to compute the
desired velocity to maintain the selected time-headway. The behaviour and rapidity of the
manoeuvres varies with the control states, which are determined by the subroutine in
Section 3.2
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Figure 6. Functional block diagram of the longitudinal (ACC) control algorithm.
The highly automated driving mode incorporates the functionality of the ACC feature, with
the addition of automated lateral control. In addition to the longitudinal control afforded
by the ACC, the vehicle automatically follows the road curvature. In addition to that, lane
changes may be performed in response to driver commands, by for example flicking the
indicator stalk in the direction of the lane-change when in highly automated driving mode,
much like a function of the most recent addition of automation on the market, the Tesla
Motors (2016a) Autopilot Lane change functionality (however, in its current state the
automation does not assess the traffic in the adjacent lane before changing lane). The
longitudinal and lateral automation subroutines are further explained in the sections
below.
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3.2.1

Longitudinal Automation

The primary function and fundamental requirement of a longitudinal control system is to
control and adapt speed to leading vehicles and/or driver settings (this is referred to as
target velocity, vtarget). Further requirements and assumptions for a longitudinal (I.e., ACCbased) control system are that:
1. the system cannot be engaged while the vehicle is driving in reverse (Vakili, 2015).
2. the driver has the ability to override the system.
3. the system must ensure that the velocity set by the driver is maintained in the
absence of a slow leading vehicle.
4. the system uses acceleration thresholds to ensure comfortable driving during
normal operating conditions.
5. the system must ensure that the vehicle is slowed down to the velocity of a slower
moving lead-vehicle and that the desired headway is maintained.
6. the system ignores deceleration thresholds when such a threshold hinders
bringing the vehicle to a safe system state through slowing down or stopping
completely.
7. the system hands back control to the driver when the operational limits are
approached. These limits include sensor failure, geographical constraints, or
external factors leading to degraded system performance (this can be simulated
through a shutdown event specified in an event file of the automation toolbox).
In the algorithm, the leading vehicle is considered to be a vehicle driving in the host
vehicle’s lane within the range of the simulated radar. The algorithm to access vehicle data
for the lead-vehicle is described in (Eriksson & Stanton, 2017b). Parameters related to the
lead-vehicle are denoted with the subscript lead. The longitudinal control algorithm is
designed as a Finite State Machine (FSM), containing three states (cruise, follow and
adapt), each with its own controller characteristics. There are several conditions that need
to be fulfilled before the FSM can transition from one state to another, the process of
determining controller states are shown in Pseudocode 1.
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If 𝐷𝑒𝑡𝑒𝑐𝑡𝑒𝑑(𝑙𝑒𝑎𝑑𝑉𝑒ℎ𝑖𝑐𝑙𝑒) Then
If 𝑑𝑙𝑒𝑎𝑑 < 100𝑚 ∧ 𝑑𝑙𝑒𝑎𝑑 > 0 Then
If 𝑉𝑙𝑒𝑎𝑑 < 𝑉𝑡𝑎𝑟𝑔𝑒𝑡 ∧ 𝑉ℎ𝑜𝑠𝑡 > 0 Then
If 𝑑𝑙𝑒𝑎𝑑 ⁄𝑉ℎ𝑜𝑠𝑡 < 𝑡ℎ𝑤𝑑𝑒𝑠𝑖𝑟𝑒𝑑 × 1.15 Then
Vehicle detected - in range - Following
Else If |𝑉𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑉ℎ𝑜𝑠𝑡 | < 3.5𝑚/𝑠 Then
Vehicle detected - in range - Cruising
Else
Vehicle detected - in range - Adapting speed
End If
Else
If |𝑉𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑉ℎ𝑜𝑠𝑡 | > 3.5𝑚/𝑠 Then
Vehicle detected - too fast - Adapting speed
Else
Vehicle detected - too fast - Cruising
End If
End If
Else
If |𝑉𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑉ℎ𝑜𝑠𝑡 | > 3.5𝑚/𝑠 Then
Vehicle detected - out of range- Adapting speed
Else
Vehicle detected - out of range - Cruising
End If
End If
Else
If |𝑉𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑉ℎ𝑜𝑠𝑡 | > 3.5𝑚/𝑠 Then
No vehicle detected - Adapting speed
Else
No vehicle detected - Cruising
End If
End If
Pseudocode 1: the algorithm to determine the control mode of the longitudinal control
subroutine.
Note: ∧ is the logical ‘AND’ operator.
Each state has a Proportional-Integral-Derivative (PID) controller and depending on the
state, different gains for the different parameters are used. The transfer function of a PID
controller is the sum of the outputs of three sub-controllers: a proportional, an integral,
and a derivative controller. The error signal undergoes processing in each controller, the
resulting signals are added and they constitute the total output from the PID controller.
In the case of the automation, one of the inputs to the control system is the target velocity
and the output is a number representing the “counts” of the virtual pedal position. Positive
output values are signals sent to the virtual throttle pedal.
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For negative signals, their absolute values represent the virtual brake pedal position. The
feedback signal is the current vehicle’s velocity (the outcome of the process).
Because the environment is inherently digital, discrete mathematics applies in the
computations. Hence, the time differential resolution (Δt) is limited to a single simulation
frame, i.e., 1/30 for a frequency of 30Hz. The controller’s output (the number of counts) is
governed by Equation 1, where 𝑒𝑖 = ∆𝑣𝑖 = 𝑣𝑡𝑎𝑟𝑔𝑒𝑡,𝑖 − 𝑣𝑖 is the error term representing the
difference between the set velocity and vehicles current velocity at the current instant of
time, i.
𝑖

𝑛𝑝𝑒𝑑𝑎𝑙 = 𝐾𝑃 𝑒𝑖 + 𝐾𝐼 ∆𝑡 ∑ 𝑒𝑗 + 𝐾𝐷 ∙
𝑗=0

𝑒𝑖 − 𝑒𝑖−1
∆𝑡

Equation 1. The PID controller for car automation in a discrete simulation environment.
The K-coefficients of the sub-controllers represent their gains and have a significant
impact on the behaviour of the system, as their relative and absolute values determine the
lead time, overshoot or damping characteristics. Therefore, different control states require
different controllers.
3.2.2
3.2.2.1

Control states
Follow

The Follow state aims to maintain a constant time-headway to the lead-vehicle. This is a
more challenging task than maintaining velocity, as the distance is controlled by the host
vehicle velocity relative to the lead-vehicle. The time-headway is set by the driver and is
defined as 𝑡 = 𝑑𝑙𝑒𝑎𝑑 /𝑉ℎ𝑜𝑠𝑡
3.2.2.2

Adapt

The Adapt state is used for smooth velocity adjustments to meet the desired target
velocity. The velocity error signal in the Adapt state is defined differently than in other
states. The ultimate target velocity is still being either the velocity set by the driver or the
externally limited velocity (i.e. coming from a slower leading vehicle). However, in order
to attain a smooth manoeuvre and velocity adjustment, the error signals refer to
instantaneous target velocity, which comes from linear interpolation from the vehicle
current velocity and the target velocity.
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The interpolated velocity is calculated by the utilisation of Bezier curves. Bezier curves are
frequently used in computer graphics to render animations or vector graphics. The Bezier
curves are used to draw smooth curves that can be scaled dynamically and indefinitely. In
animation Bezier curves can be used to control velocity over time of animated objects.
These characteristics make Bezier functions well suited for use in trajectory planning and
interpolation. Bezier functions have been proposed as a way of planning and traversing
trajectories in a two-dimensional space by Choi et al. (2009). Such an algorithm would be
divided into two parts, trajectory planning and trajectory interpolation (Choi et al., 2009).
In the current implementation of the control algorithm for longitudinal control the Bezier
functions are used to interpolate the velocity of the host vehicle to a set velocity or a
leading vehicles velocity to ensure smooth acceleration and deceleration by using a firstorder Bezier (see Equation 2)
𝐹𝑖𝑟𝑠𝑡 𝑜𝑟𝑑𝑒𝑟 𝐵𝑒𝑧𝑖𝑒𝑟: (1 − 𝑡)𝑃0 + 𝑡 × 𝑃1 , 𝑡 ∈ [0,1]
Equation 2. The equation for a first order Bezier curve. Where P0 is the host vehicle
velocity at the start of interpolation, and P1 is the target velocity.

To plan the velocity trajectory a manoeuvre duration must be computed to match the host
vehicle velocity with the target velocity taking a “comfortable acceleration” threshold as
shown in Equation 3. Following the computation of the manoeuvre duration, the time
interval needed is rescaled to a value range between 0 and 1 taking the simulator frame
rate into account through Equation 4.

𝑇𝑚𝑎𝑛𝑜𝑢𝑣𝑟𝑒 =

∆𝑣𝑖
𝑎𝑐𝑜𝑚𝑓𝑜𝑟𝑡𝑎𝑏𝑙𝑒

Equation 3. The formula used for finding manoeuvre duration used for interpolation.

𝑡=

𝑇𝑐𝑢𝑟𝑟 − 𝑇𝑖𝑛𝑡𝑒𝑟𝑝.,𝑠𝑡𝑎𝑟𝑡
(𝑇𝑚𝑎𝑛𝑜𝑢𝑣𝑟𝑒 × 𝐻𝑧𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛 )

Equation 4. Rescaling of TManouvre to a scale of 0-1 based on the frequency of the simulator.
Tcurr refers to the current time, Tinterp., start refers to the start of the interpolation
time, Tmanouvre refers to the manouvre time calculated in Equation 3.
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When the manoeuvre duration has been determined and scaled to the appropriate range
the current velocity, target velocity and time is introduced to Equation 2 to create the
trajectory. Following the creation of the trajectory, the controller set point interpolates
along the trajectory until the target velocity is reached. This ensures that the acceleration
threshold is never exceeded. An example of an interpolation between two points is shown
in Figure 7.

Figure 7. A first order Bezier curve interpolating between P0 and P1 as specified in Equation 3.
(Source: Wikimedia Commons)
As the velocity is computed at each discrete step of the simulation, the error signals for the
PID is significantly smaller, which is more manageable by the PID. The error signal for the
PID is given by: 𝑒𝑖 = ∆𝑣𝑖 = 𝑣𝑖 − 𝑣𝑐𝑢𝑟𝑟 which results in smoother acceleration and
deceleration.
3.2.2.3

Cruise

The cruise state is used when the vehicle does not need to adjust its velocity more than 3.5
m/s (i.e., when small adjustments to the throttle output is required to maintain the set
speed, when passing through hilly areas, or curves) and when there is no lead-vehicle, or a
lead-vehicle faster than the set speed. The cruise state controls the velocity in accordance
with Equation 1. The error term used for the PID controller is calculated as: 𝑒𝑖 = 𝑣𝑡𝑎𝑟𝑔𝑒𝑡 −
𝑣𝑐𝑢𝑟𝑟 .
3.2.3

Lateral Automation

The lateral control is responsible for steering the car and controlling its position in the
desired lane. This is achieved by controlling the vehicle's lateral position with respect to
the roads centreline, and the centre of the desired lane. The target position is typically the
exact coordinate of the centre of the lane.As steering is a non-linear problem due to the
effect of vehicle velocity on steering efficiency (the STISIM vehicle dynamics model has got
some understeer at higher velocities), a stronger signal must be produced at higher
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velocities to follow road’s curvature. Therefore, the PID was modified to vary the
proportional gain of the control signal as a function of current vehicle velocity.
𝑖

𝑛𝑠𝑡𝑒𝑒𝑟𝑖𝑛𝑔 = (𝐾1𝑃 + 𝐾2𝑃 ∙ 𝑣𝑖

𝐾3𝑃

) × 𝑒𝑖 + 𝐾𝐼 ∆𝑡 ∑ 𝑒𝑗 + 𝐾𝐷 ×
𝑗=0

𝑒𝑖 − 𝑒𝑖−1
∆𝑡

Equation 5. PID controller for the lateral controller. K1p is the main proportional scaling
factor, K2p is the second scaling factor for the effect of vehicle velocity on
steering output, Vi is the current velocity of the host vehicle, ei is the error
term (the difference between current lane position and the lane centre). KI is
the integral scaling factor, ej is the integrated error term, and KD is the
derivative scaling factor

3.3 Algorithm performance
A number of tests were carried out in order to demonstrate the effectiveness of the
automated driving toolbox. These tests are detailed in the sections below.
3.3.1

Car following

In order to assess longitudinal driving performance, the algorithms were run through a
motorway driving scenario where a number of cars moved into the host vehicle’s lane, as
well as cut-ins as part of double lane changes. Figure 8 shows the velocity profile of the
host vehicle in relation to the set speed whereas Figure 9 shows the time-headway of any
vehicles in front, in relation to the set time-headway (1.5 seconds).
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Figure 8. Velocity profile of motorway drive with car-following.

Figure 9. Time-headway profile of the car-following behaviour during motorway driving.
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As shown in Figure 9 the host vehicle closes the gap between the lead and host vehicle
down to the desired time-headway and then maintains the desired time-headway
consistently. When the lead-vehicle is no longer detected the vehicle then returns to the
original set speed. As Figure 8 shows, the host vehicle slows down below the lead-vehicle
speed to accommodate the large need for sudden deceleration to achieve the desired timeheadway when there is a large difference in velocity between the host and the leadvehicle.
3.3.2

Lane keeping

The same motorway scenario was used to assess the automated lateral control of the
algorithm. Figure 10 shows the lateral deviation from the lane centre. It is possible to
identify where the vehicle encountered a turn based on the deviation data, however, the
lateral deviation is at most ~15 centimetres from vehicle centre to lane centre indicating
good lateral vehicle control.

Figure 10. Lane keeping performance (12ft lane width) during a motorway drive.
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3.3.3

Behavioural validity

The software toolbox presented in this chapter has been used in research conducted as
part of Chapter 4 (in the same scenario as presented in sections 3.3.1-3.3.2) which indicate
relative behavioural validity when contrasted with on-road driving behaviour in a vehicle
offering contemporary automated driving in Chapter 5. Consequentially, it lends validity to
the use of the algorithms presented as part of this chapter for use in research into
automated vehicles being conducted in simulators.

3.4 Summary
This chapter introduced driving simulators as a safe way of testing driving tasks without
putting drivers and other road users in harm’s way. It then made the case for the use of
driving simulators in automated driving research, whilst identifying a lack of easily
implementable algorithms to enable such research in a dynamic way. This chapter sought
to address this lack of software enabling research into the Human Factors of automated
driving by disseminating a software toolbox used to enable automated driving in the
Southampton University Driving Simulator. The general functionality of the software
toolbox was described (i.e., longitudinal controllers, and a finite state machine for different
longitudinal control modes, as well as the longitudinal controller for lateral control) after
which the performance of the algorithm was described. The algorithms’ lane-keeping and
car following performance were shown relative to set speeds, time headways and
longitudinal offset. Moreover, it was shown that relative behavioural validity of the
algorithm used in this chapter could be established through the findings presented in
Chapter 4 utilising the toolbox, and the findings of Chapter 5 showing behavioural validity
for the control transition process of automated driving.
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4 Take-over time in highly automated vehicles
When using a driver assistance system that is able to automate the driving task to such an
extent that hands- and feet-free driving is possible (SAE Level 3, SAE J3016, 2016), the
driver becomes decoupled from the operational and tactical levels of control (Michon,
1985; Stanton & Young, 2005), leaving the high level strategic goals to be dealt with by the
driver (until the point of resuming manual control). This is a form of “driver-initiated
automation”, where the driver is in control of when the system becomes engaged or
disengaged (Banks & Stanton, 2015, 2016; Lu & de Winter, 2015). Indeed, according to
Bainbridge (1983), two of the most important tasks for humans in automated systems are
monitoring the system to make sure it performs according to expectations, and to be ready
to resume control when the automation deviates from expectation (Stanton & Marsden,
1996). Research has shown that vehicle automation has a negative effect on mental
workload and situation awareness (Endsley & Kaber, 1999; Kaber & Endsley, 1997;
Stanton & Young, 2005; Stanton et al., 1997; Young & Stanton, 2002), and that reaction
times increase as the level of automation increases (Young & Stanton, 2007a). This
becomes problematic when the driver is expected to regain control when system limits are
exceeded, as a result of a sudden automation failure. Failure-induced transfer of control
has been extensively studied (see Desmond et al., 1998; Molloy & Parasuraman, 1996;
Stanton et al., 1997; Stanton et al., 2001b; Strand et al., 2014a; Young & Stanton, 2007a). In
one failure-induced control-transition-scenario, Stanton et al. (1997) found that more than
a third of drivers failed to regain control of the vehicle following an automation failure
whilst using ACC. Other research has shown that it takes approximately one second for a
driver manually driving to respond to an unexpected and sudden braking event in traffic
(Summala, 2000; Swaroop & Rajagopal, 2001; Wolterink et al., 2011). Young and Stanton
(2007a) report brake reaction times of 2.13±0.55 seconds for drivers using ACC (SAE
Level 1), and brake reaction times of 2.48±0.66 seconds for drivers with ACC and Assistive
Steering (SAE Level 2). By contrasting the results from Young and Stanton (2007a) where
drivers experienced an automation failure whilst a lead-vehicle suddenly braked, with
Summala (2000) it seems like it takes an additional 1.1-1.5 seconds to react to sudden
events requiring braking whilst driving with Driver Assistance Automation (SAE Level 1)
and Partial Driving Automation (SAE Level 2). This increase, in combination with
headways as short as 0.3 seconds (Willemsen et al., 2015) coupled with evidence that
drivers are poor monitors (Molloy & Parasuraman, 1996), could actually cause accidents.
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Evidently, automating the driving task seems to have a detrimental effect on driver
reaction time (Young & Stanton, 2007a). Therefore, as Cranor (2008), Chapter 2, and
Eriksson and Stanton (2016) proposed, the driver needs to receive appropriate feedback if
they are to successfully re-enter the driving control loop. Recent research efforts have
been made to determine the optimal Take-Over-Request lead time (TORlt: the lead-time
from a ‘take-over request’ to a critical event, such as a stranded vehicle) and Take Over
reaction time (TOrt: the time is takes the driver to take back control of the vehicle from
the automated system when a take-over request has been issued) with times varying from
0-30 seconds for TORlt and 1.14-15 seconds for TOrt as shown in Table 5. A total of 25
papers reported either TORlt or TOrt and were therefore included in the review (see Table
5).
Table 5. Papers included in the review. Modalities for the take-over request is coded as:
A = Auditory, V = Visual, H = Haptic and B = Brake Jerk.
Paper
1
Gold et al. (2016)
2
Körber et al. (2015)
3
Louw et al. (2015b)
4
Zeeb et al. (2016)
5
Damböck et al. (2012a)
6
Kerschbaum et al. (2015)
7
Belderbos (2015)
8
Walch et al. (2015)
9
Lorenz et al. (2014)
10 Merat et al. (2014)
11 Naujoks et al. (2014)
12 Schömig et al. (2015)
13 Louw et al. (2015a)
14 Zeeb et al. (2015)
15 Mok et al. (2015)
16 Gold et al. (2014)
17 Radlmayr et al. (2014)
18 Dogan et al. (2014)
19 Gold et al. (2013)
20 van den Beukel and van der Voort
(2013)
21 Melcher et al. (2015)
22 Naujoks and Nekum (2014)
23 Feldhütter et al. (2016)
24 Payre et al. (2016)
25 Körber et al. (2016)
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TORlt
7
3
6.5
2.5, 4
4, 6, 8
7
10
4, 6
7
0
12
3
2.5, 3, 3.5, 12
2, 5, 8
5
7
3
5, 7
1.5, 2.2, 2.8

TOrt
2.47-3.61
2.18-2.47
2.22-3.09
5.86-5.87
1.90-2.75
2.86-3.03
10-15
2.29-6.90
1.14
1.67-2.22
1.55-2.92
2.06-3.65
-

Modality
A
A
V
A
VA
VAH
VA
VA
VA
VA
VA
VA
A
VA
VA
VA
VA
A

10
0, 1, 2, 3, 4
6
2, 30
7

3.42-3.77
1.88-2.24
4.30-8.70
2.41-3.66

VAB
VA
A
VA
A

The review showed that the mean TORlt was 6.37±5.36 seconds (Figure 8) with a mean
reaction time of 2.96±1.96 seconds. The most frequently used TORlts tended to be; 3
seconds with a mean TOrt of 1.14±0.45 [studies 2, 13, 14, 18, 22], 4 seconds with a mean
TOrt of 2.05±0.13 [studies 4, 8, 22], 6 seconds with a mean TOrt of 2.69±2.21 [studies 5, 8,
23], and 7 seconds with a mean TOrt of 3.04±1.6 [studies 1, 6, 9, 17, 19, 25] as shown in
Figure 12.
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Figure 11. The TORlt used in the reviewed papers. Several papers used a multitude of takeover request lead times and thus contributed to several points of the graph.
Take Over reaction times stay fairly consistent around 2-3.5 seconds in most control
transitions, with a few outliers, as seen in Figure 12. Belderbos (2015), Merat et al. (2014),
Naujoks et al. (2014) and Payre et al. (2016) show longer TOrt compared to the rest of the
reviewed papers. Merat et al. (2014) and Naujoks et al. (2014) had the control transition
initiated without any lead time whereas Belderbos (2015) and Payre et al. (2016) did.
Merat et al. (2014) showed that there is a 10-15 second time lag between the
disengagement of the automated driving system and resumption of control by the driver.
Notably, the control transition was system initiated and lacked a pre-emptive take-over
request which may have caused the increase in TOrt.
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From a Gricean perspective (Chapter 2) the lack of information available to the driver to
gain an understanding of why a sudden mode shift has occurred in Merat et al. (2014) is a
violation of the Maxims, and could have contributed to the longer reaction time as more
effort was needed to interpret the situation.
Similarly, Naujoks et al. (2014) observed a 6.9-second TOrt from when a take-over request
was issued and the automation disconnected until the driver resumed control in situations
where automation became unavailable due to missing line markings, the beginning of a
work zone or entering a curve. Based on personal communication with the author, the
vehicle would have crossed the lane markings after approximately 13 seconds and would
have reached the faded lane markings approximately 10 seconds after the take-over
request . The velocity in Naujoks et al. (2014) was 50 Kph, which is fairly slow compared
to most other take-over request studies that use speeds over 100 Kph [studies 1, 3, 4, 6, 9,
10, 12, 14, 17, 19, 21, 23, 24, 25] and may have had an effect on the perceived urgency.
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Figure 12. Take Over reaction time averages for all the conditions in the reviewed studies.
Some studies had more than one take over event and is therefore featured
multiple times.
Belderbos (2015) showed TOrt’s of 5.86±1.57 to 5.87±4.01 when drivers were given a
TORlt of 10 seconds during unsupervised automated driving. Payre et al. (2016) utilised
two different TORlt’s, 2, and 30 seconds.
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These TORlt’s produced significant differences in TOrt, the 2-second TORlt produced a
TOrt of 4.3±1.2 seconds and the two scenarios that used the 30-second TORlt produced
TOrt’s of 8.7±2.7 seconds and 6.8±2.5 seconds respectively. The shorter TOrt of the two 30
second take-over request events occurred after the 2-second emergency take-over request
and could have been affected by the urgency caused by the short lead time in the
preceding, shorter take-over request.
Merat et al. (2014) concluded, based on their observed TOrt, that there is a need for a
timely and appropriate notification of an imminent control transition. This observation is
in line with the current SAE-guidelines which state that the driver “Is receptive to a request
to intervene and responds by performing dynamic driving task fallback in a timely manner”
(SAE J3016, 2016, p. 20). In initial efforts to determine how long in advance the driver
needs to be notified before a control transition is initiated, Damböck et al. (2012a) and
Gold et al. (2013) explored a set of take-over request lead times. Damböck et al. (2012a)
utilised three TORlt’s, 4, 6, and 8 seconds and found that given an 8 second lead time,
drivers did not differ significantly from manual driving. This was confirmed by Gold et al.
(2013) who reported that drivers need to be warned at least 7 seconds in advance of a
control transition to safely resume control. These findings seem to have been the
inspiration for the TORlt of some recent work utilising timings around 7 seconds [studies
1, 6, 9, 17].
A caveat of a number of the reviewed studies is that the lead time given in certain
scenarios such as; disappearing lane markings, construction zones, and merging
motorway lanes is surprisingly short, from 0 to 12 seconds (c.f. Table 5), and will likely be
longer in on-road use cases [studies 4, 5, 11, 14, 15, 21]. The reason for this is the
increasing accuracy of contemporary GPS hardware and associated services, such as
Google Maps. Such services are already able to direct lane positioning whilst driving
manually, as well as notifying drivers of construction zones and alternate, faster routes.
Thus, there is no evident gain of having short lead times in such situations.
Several of the studies reviewed have explored the effect of take-over requests in different
critical settings by issuing the take-over request immediately preceding a time critical
event [studies 1, 2, 3, 4, 6, 7, 8, 9, 13, 16, 17, 19, 20, 23, 24, 25]. These studies have
explored how drivers manage critical situations in terms of driving behaviour, workload,
and scanning behaviour.
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Whilst it is of utmost importance to know how quickly a driver can respond to a take-over
request and what the shortest take-over request-times are in emergencies, there is a
paucity of research exploring the time it takes a driver to resume control in normal, noncritical, situations. I argue that if the design of normal, non-critical, control transitions are
designed based on data obtained in studies utilising critical situations, there is a risk of
unwanted consequences such as: drivers not responding optimally due to too short lead
time (suboptimal responses are acceptable in emergencies as drivers are tasked with
avoiding danger), drivers being unable to fully regain situation awareness, and sudden,
dramatic, increases in workload.
Arguably, these consequences should not be present in every transition of control as it
poses a safety risk for the driver, as well as other road users. Therefore, the aim of this
study is to establish driver take-over time in normal traffic situations when, e.g. the vehicle
is leaving its ODD as these will account for most of the situations (Nilsson, 2014; SAE
J3016, 2016). I also explore how take-over request take-over time is affected by a nondriving secondary task, as this was expected to increase the reaction time (Merat et al.,
2012).
Moreover, none of the papers included in the review mentioned the time it takes drivers to
transition from manual to automated driving. Gaining an understanding of the time
required to toggle an automated driving system on is important in situations such as
entering an area dedicated to automated vehicles or engaging the automated driving mode
in preparation for joining a platoon, as proposed by the SARTRE project (Robinson et al.,
2010). Therefore, the aim of this study was to establish the time it takes a driver to switch
to automated driving when automated driving features become available. Ultimately, this
research aims to provide guidance about the lead-time required to get the driver back into,
and out of, the manual vehicle control loop.
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4.1 Method
4.1.1

Participants

Twenty-six participants (10 females, 16 males) between 20 and 52 years of age (M = 30.27
SD = 8.52) with a minimum one year and an average 10.57 years (SD = 8.61) of driving
experience were asked to take part in the trial. Upon recruiting participants, their
informed consent was obtained. The study complied with the American Psychological
Association Code of Ethics and had been approved by the University of Southampton
Ethics Research and Governance Office (ERGO number 17771).
4.1.2

Equipment

The experiment was carried out in a fixed based driving simulator located at the
University of Southampton. The simulator was a Jaguar XJ 350 with pedal and steering
sensors provided by Systems Technology Inc. as part of STISIM Drive® M500W Version 3
(http://www.stisimdrive.com/m500w) providing a projected 140° field of view. Rear
view- and side-mirrors were provided through additional projectors and video cameras.
The original Jaguar XJ instrument cluster was replaced with a 10.6” Sharp LQ106K1LA01B
Laptop LCD panel connected to the computer via a RTMC1B LCD controller board to
display computer generated graphics components for take-over requests.
Bespoke software had to be created to replace the original instrument cluster with the
digital instrument cluster solution. C# and the Windows Presentation Foundation
framework (WPF) were used as the underlying architecture. An open source gauge
element (WPF Gauge 2013.5.27.1000, Phillips, 2013) for the WPF framework was
acquired from Codeplex and integrated into a WPF application. Upon connecting the
digital instrument cluster to STISIM severe latencies were discovered when rendering the
changing values of the dials. This could be traced back to the frequency of the calls to the
rendering engine, and the fact that the entirety of each gauge was rendered whenever new
data was sent. To mitigate these issues, the gauges were modified by importing them into
Photoshop to extract the dial and the gauge separately. These elements were then
imported into Microsoft Expression Blend to create a custom WPF controller. The
controller accepted a value as an input and rotated the dial with a gain factor to
correspond to the correct value on the gauge.
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This reduced the amount of rendering needed, but caused a jagged transformation when
the dial rotated, this was mitigated through applying an animation to the rotation of the
dial. The end result was a smoothly updating gauge that was incorporated in the full
cluster set-up. The default configuration of the instrument cluster is shown in Figure 13.

Figure 13. The instrument cluster in its default configuration
When a take-over request was issued the engine speed dial was hidden and the request
was shown in its place. The symbol asking for control resumption is shown in Figure 15
and the symbol used to prompt the driver to re-engage the automation is shown in Figure
14.

Figure 14. The icon is shown when the automation becomes available. The icon was
coupled with a computer generated voice message stating “automation available”.
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Figure 15. The take-over request icon shown on the instrument cluster. The icon was
coupled with a computer generated voice message stating "please resume control”.
The mode-switching Human-Machine Interface was located on a Windows tablet in the
centre console, consisting of two buttons, used either to engage or to disengage the
automation. To enable dynamic disengagement and re-engagement of the automation,
bespoke algorithms were developed and are reported in Chapter 3.
4.1.3

Experiment Design

The experiment had a repeated-measures, within-subject design with three conditions;
Manual, Highly Automated Driving and Highly Automated Driving with a secondary task.
The conditions were counterbalanced to counteract order effects. For the automated
conditions, participants drove at 70 mph on a 30 kilometre, three lane highway with some
curves, with oncoming traffic in the opposing three lanes separated by a barrier and
moderate traffic conditions. The route was mirrored between the two automated
conditions to reduce familiarity effects whilst keeping the roadway layout consistent.
In the secondary task condition, drivers were asked to read (in their head) an issue of
National Geographic whilst the automated driving system was engaged in order to remove
them from the driving (and monitoring) task. During both conditions, drivers were
prompted to either resume control from, or relinquish control to, the automated driving
system.
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The control transition requests were presented as both a visual cue (c.f. Figure 14 and
Figure 15) and an auditory message, in line with previous research [studies
6,7,8,9,11,12,13,14,16,17,18,19,22,24], in the form of a computer generated, female voice
stating “please resume control” or “automation available”. No haptic feedback was
included in this study, despite the findings from Petermeijer et al. (2016) and Scott and
Gray (2008) showing shorter reaction times when vibrotactile feedback was used. The
motivation for excluding the haptic modality was that it was under-represented in the
review, with only 1 paper in the review utilising a form of haptic feedback. Furthermore,
Petermeijer et al. (2016) concluded that haptic feedback is best suited for warnings, and as
the current experimental design explored non-critical warnings, no motivation for
including haptics could be found. The interval in which these requests were issued ranged
from 30-45 seconds, thus allowing for approximately 24 control transitions of which half
were to manual control.
4.1.4

Procedure

Upon arrival, participants were asked to read an information sheet, containing
information regarding the study, the right to at any point abort their trial without any
questions asked. After reading the information sheet the participants were asked to sign
an informed consent form. They were also told that they were able to override any system
inputs via the steering wheel, throttle or brake pedals.
Drivers were reminded that they were responsible for the safe operation of the vehicle
regardless of its mode (manual or automated) and thus needed to be able to safely resume
control in case of failure. This is in accordance with current legislation (United Nations,
1968) and recent amendments to the Vienna Convention of Road Traffic. They were
informed that the system may prompt them to either resume or relinquish control of the
vehicle and that when such a prompt was issued they were required to adhere to the
instruction, but only when they felt safe doing so. This instruction was intended to reduce
the pressure on drivers to respond immediately and to reinforce the idea that they were
ultimately responsible for safe vehicle operation. At the end of each driving condition,
participants were asked to fill out the NASA-RTLX (Byers et al., 1989). They were also
offered a short break before continuing the study. Reaction time data were logged for each
transition to and from manual control.
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4.1.5

Dependent variables

The following metrics were collected for each condition per participant.


Reaction time to the control transition request was recorded from the onset of the
take-over request. The control transition request was presented in the instrument
cluster coupled with a computer generated voice to initiate a change in mode to
and from manual control and was recorded in milliseconds.



Subjective workload scores were collected via the NASA-TLX sub-scales at the end
of each driving condition. Overall workload score was calculated through the
summation of sub-scales (Byers et al., 1989; Hart & Staveland, 1988).

4.2 Analysis
The dependent measures were tested for normal distribution using the KolmogorovSmirnov test, which revealed that the data was non-normally distributed. Furthermore, as
the TOrt data is reaction time data, the median TOrt values for each participant was
calculated after which Wilcoxon signed-rank test was used to analyse the time and
workload data. The box plots in Figure 16 and Figure 18 had their outlier thresholds
adjusted to accommodate the log-normal distribution of the TOrt data by using the LIBRA
library for MatLab (Verboven & Hubert, 2005) and its method for robust boxplots for nonnormally distributed data by Hubert and Vandervieren (2008). Effect sizes were calculated
as: r = |Z/√N|.
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4.3 Results
The results showed that it took approximately 4.2-4.4±1.96-1.80 seconds (median) to
switch to automated driving, see Table 6. No significant differences between the two
conditions could be found when drivers transitioned from manual to automated driving (Z
= -0.673, p = 0.5, r = 0.13). Control transition times from manual to automated driving in
the two conditions is shown in Figure 16 and Figure 17.

Figure 16. Adjusted box-plot of control transition times from manual driving to Automated
Driving. The dashed horizontal line indicates the max/min values assuming a
normal distribution.
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Figure 17. A distribution plot of TOrt when drivers were prompted to engage the
automation. The asterisk* marks the median value, the X axis contains 160
bins.

The results showed a significant increase in control transition time of ~1.5 seconds when
drivers were prompted to resume control whilst engaged in a secondary task (Z = -4.43, p
< 0.01, r = 0.86) see Figure 18 and Figure 19. It took drivers approximately 4.46±1.63
seconds to resume control when not occupied by a secondary task, and 6.06±2.39 seconds
to resume control when engaged in a secondary task as shown in Table 6.
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Table 6. Descriptive statistics of the control transition times (in milliseconds) from
Automated Driving to manual control, and from manual control to Automated
Driving as well as descriptive statistics from the presented TOrt’s from the
reviewed articles.
Meta-review
Median
IQR
Min
Max

2470
1415
1140
15000

From Automated to Manual
No secondary task Secondary task
4567
6061
1632
2393
1975
3179
25750
20994

From Manual to Automated
No secondary task Secondary task
4408
4200
1964
1800
2822
2926
23884
23221

Figure 18. Adjusted boxplot of the Take Over reaction time when switching from
automated to manual control in the two experimental conditions contrasted
with the TOrt of the reviewed papers.
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Figure 19 A distribution plot of TOrt when drivers were prompted to resume manual
control. The asterisk* marks the median value, the X axis contains 160 bins.
The amplitude of the reviewed papers is caused by the low number of values
provided by the reviewed papers.
The analysis of the subjective ratings for driver mental workload showed that the
secondary task condition has marginally higher scores overall, as shown in Table 7. Only
temporal demand had a statistically significant difference (Z= -3.11, p < 0.05, r = 0.61),
with higher rated demand in the secondary task condition as shown in Figure 20.
Table 7. Overall workload scores as well as individual workload ratings for the two
conditions. ** = Significant at the 0.01 level.

Variable
Overall
Workload
Mental demand
Physical demand
Temporal
demand
Performance
Effort
Frustration

Without
secondary task
Median (IQR)

With secondary
task
Median (IQR)

Z

p

r

5 (7.33)

6.2 (6.5)

-1.953 0.051

0.38

7.5 (10)
4 (5)

10.5 (9)
5.5 (6)

-1.41 0.16
-1.93 0.054

0.28
0.38

3 (6)

8.5 (8)

-3.11 0.00**

0.61

6 (7)
5 (9)
4 (9)

4.5 (5)
7 (8)
6.5 (7)

-0.47 0.63
-0.23 0.82
-1.04 0.3

0.09
0.05
0.2
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Figure 20. Boxplot of Subjective estimations of the workload in the two conditions.

4.4 Discussion
4.4.1

Relinquishing control to automation

In this chapter, drivers were subjected to multiple control transitions between manual and
automated vehicle control in a highway scenario. Upon reviewing the literature, no
mention of how long the driver takes to engage an automated driving system was found,
making this study a first-of-a-kind. It was found that drivers take between 2.82-23.8
seconds (Median = 4.2-4.4) to engage automated driving when the system indicated that
the feature is available. No significant differences between the two conditions were found,
but as Figure 16 shows, there was a large range in the time it takes to relinquish control. It
is clear from Figure 17 that designing for the median, or average driver effectively
excludes a large part of the user group, which could have severe implications for drivers
who fall outside of the mean or median. It has been common practice in Human Factors
and Anthropometrics to design for 90% of the population, normally through
accommodating the range between the 5th percentile female and the 95th percentile male
(Porter et al., 2004).
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Thus, it is important that vehicle manufacturers are made aware of the intra-individual
differences, as such differences have a large effect on the larger traffic system if drivers are
expected to toggle Automated Driving systems within a certain time frame. An example of
potential situations where the driver would need to toggle the automated driving system
could be in highly automated driving-dedicated areas. Moreover, it may be that the time it
takes to engage the automated driving system depends on external factors such as
perceived safety, weather conditions, traffic flow rates, the presence of vulnerable road
users, roadworks, and so on. If the driver deems a situation unsafe or has doubts as to how
well the automation would perform in a situation, the driver may hold off on completing a
transition until the driver feels that the system can comfortably handle the situation.
4.4.2

Resuming control from automation

Previous research was reviewed and it was found that most studies utilised system paced
transitions, where the automated driving system warns in advance of failure or reduced
automation support with relatively short lead times, from 3 seconds [studies 2, 13, 14, 18,
22] to 7 seconds [studies 1, 6, 9, 17, 19, 25]. It has previously been shown that whilst it
takes approximately 2.47±1.42 seconds on average, it can take up to 15 seconds to
respond to such an event (Merat et al., 2014).
I argue that this use case, albeit important, does not reflect the primary use case for
control transitions in highly automated driving. When comparing the range of TOrt in the
literature to the user-paced (no secondary task) condition in this study, a great deal of
overlap can be seen. The observed values in the current study are closer to the higher
values observed by Merat et al. (2014) whilst the median range of 4.56-6.06s is closer to
the range of times suggested by Gold et al. (2013) and Damböck et al. (2012a). It is evident
that there is a large spread in the TOrt, which when designing driving automation should
be considered, as the range of performance is more important than the median or mean, as
these exclude a large portion of drivers.
When subjecting drivers to take-over request’s without time restrictions it was found that
drivers take between 1.97-25.75 seconds (Median = 4.56) to resume control from
automated driving in normal conditions, and between 3.17-20.99 seconds (Median = 6.06)
to do so whilst engaged in a secondary task preceding the control transition (Figure 19).
This shows that there is a median 2-second difference in control transition times in the
reviewed manuscripts compared to the user-paced control transitions. There was a large
effect of secondary task engagement on TOrt, showing an increase in driver control
resumption times when engaged in a secondary task.
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This might be explained in part by the nature of the secondary task, as the driver had to
allocate time to put down the magazine they were asked to read whilst the automated
driving feature was activated. It could also be partly attributed to driver task adaptation,
by holding off transferring control until they have had time to switch between the reading
task and driving task. This is supported by research indicating that drivers tend to adapt
to external factors such as traffic complexity to allow for more time to make decisions
(Eriksson et al., 2014), by for example slowing down when engaged in secondary tasks
(Cooper et al., 2009) or the expectation of resuming control (Young & Stanton, 2007a).
Eriksson et al. (2014) also found that drivers’ information needs changed when TORlt, and
traffic situations were simulated in an online environment. In light of these results, there is
a case for “adaptive automation” that modulates TORlt by, for example, detecting whether
the driver gaze is off the road for a certain time-period, providing the driver with a few
additional seconds before resuming control. Further adaptions by the automated driving
system could be to tailor the information presented to the driver to the available TORlt,
and traffic situation in accordance to the Maxims presented in Chapter Two as providing
appropriate information (i.e. contextually relevant) have been shown to decrease TOrt
(Beller et al., 2013).
Furthermore, the 1.5-second increase of control resumption time found when the driver
were engaged in a reading task is similar to the reaction time increase caused by the
introduction of automated driving features observed by Young and Stanton (2007a)
compared to reaction time in manual driving (Summala, 2000). Therefore, a further
increase of reaction times when drivers are engaged in other tasks will have to be
expected, but measures must be taken to reduce the increase in reaction time, for example
through the addition of informative displays, to reduce the risk of accidents as suggested
in Chapter 2 (Cranor, 2008; Eriksson & Stanton, 2016).
There was a significant increase in perceived temporal demand when drivers were tasked
with reading whilst the automation was engaged. This increase in perceived temporal
demand may have been caused by the take-over request, and the driver not being fully
sure as to how long the vehicle could manage before a forced transition would occur (this
was not a possibility in the current experiment).
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This increase in perceived temporal demand could also be attributed to the pace of the
experiment, and that the drivers were required to pick up, and put down the magazine
whenever a control transition was issued. Overall there are little differences in workload,
and the median workload in both conditions was approximately at the halfway point on
the scale, implying optimal loading (Stanton et al., 2011). These results indicate that the
drivers were able to self-regulate the control transition process by adapting the time
needed to resume control (Eriksson et al., 2014; Kircher et al., 2014) and therefore
maintaining optimal levels of workload.

4.5 Conclusions
4.5.1

Relinquishing control to automation

The literature on control transitions in highly automated driving is absent in research
reports on transitions from manual to automated vehicle control. In a first-of-a-kind study,
it was found that it takes drivers between 2.8 and 23.8 seconds to switch from manual to
automated control. This finding has some implications for the safety of drivers merging
into automated driving dedicated lanes, or other infrastructure whilst in manual mode.
Such an event may require certain adaptations for traffic already occupying such a lane.
Adaptations may include increasing time-headway or reducing speed to accommodate the
natural variance in human behaviour to avoid collisions or discomfort for road users in
such a lane. Moreover, it may be that part of the variance could be reduced by designing
merging zones on straight, uncomplicated road sections as drivers may otherwise hold off
transferring control to the automated driving system until the driver feels it safe to hand
control to the automated driving system.
4.5.2

Resuming control from automation

A review of the literature found that most papers tend to report the mean Take Over
reaction time and often fail to report standard deviation and range (c.f. Figure 12), thus
the variance in control transition times remain unknown. Additionally, the reviewed
papers tended to give drivers a lead time of between 0 and 30 seconds between the
presentation of a take-over request and a critical event with the main part of the reviewed
papers using a 3 or 7 second lead time. In this study, it was found that the range of time in
which drivers resume control from the automated driving system was between 1.9 and
25.7 seconds depending on task engagement.

69 | P a g e

Take-over time in highly automated vehicles

The spread of TOrt in the two conditions in this study indicates that mean, or median
values do not tell the entire story when it comes to control transitions. Notably, the
distribution of TOrt approaches platykurtic (c.f. Figure 19) when drivers are engaged in a
secondary task. This implies that vehicle manufacturers must adapt to the circumstances,
providing more time to drivers who are engaged in secondary tasks, whilst in the highly
automated driving mode to avoid excluding drivers at the tail of the distribution. In light of
this, designers of automated vehicles should not focus on the mean, or median, driver
when it comes to control transition times.
Rather, they should strive to include the larger range of control transitions times so they
do not exclude users that fall outside the mean or median. Moreover, policy-makers should
strive to accommodate these inter- and intra-individual differences in their guidelines for
“sufficiently comfortable transition times”. When drivers were allowed to self-regulate the
control transition process, little differences could be found in workload between the two
conditions. This lends further support to the argument for designing for the range of
transition times rather than the mean or median in non-critical situations.
Lastly, based on the large decrease in TOrt kurtosis when drivers were engaged in a
secondary task, it may also be the case that future automated vehicles need to adapt the
TORlt to account for drivers engaged in other, non-driving tasks and even adapt TORlt to
accommodate external factors such as traffic density and weather.

4.6 Future Directions
Chapter Five builds on the work of Chapter Four by continuing to investigate self-paced
transitions of control. Chapter Five focus on validating the findings generated in the
simulator in Chapter Four to ensure that the disseminated research is applicable to realworld driving scenarios. Moreover, it is hoped that the findings in Chapter Five lends
validity to the algorithms presented in Chapter Three and used in Chapter Four. It is also
hoped that these findings validate contemporary research into control transitions
previously disseminated in the scientific literature.
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5 Contrasting simulator with on-road transition of
control
Human Factors research into automated driving has been ongoing since the mid-90s
(Nilsson, 1995; Stanton & Marsden, 1996). As the motor industry advances toward highly
automated driving, research conducted in driving simulators will become ever more
important (Boer et al., 2015). As mentioned in Chapter 3, driving simulators have the
advantage of allowing the evaluation of driver reactions to new technology within a virtual
environment without the physical risk found on roads (Carsten & Jamson, 2011; De Winter
et al., 2012; Flach et al., 2008; Nilsson, 1993; Stanton et al., 2001b; Underwood et al.,
2011). It is widely accepted that driving simulation offers a high degree of controllability
and reproducibility as well as providing access to variables that are difficult to accurately
determine in the real world (Godley et al., 2002), such as lane position and distance to
roadway objects (Van Winsum et al., 2000).
When evaluating the validity of a simulator, Blaauw (1982); and Santos et al. (2005)
distinguished between two types of simulator validity; physical and behavioural validity.
Physical validity refers to the level of correspondence between the physical layout, the
configuration of the driver cabin, components and vehicle dynamics in the simulator and
its real world counterpart. Behavioural fidelity, or the correspondence in driver behaviour
between the simulator and its on-road counterpart, is arguably the most important form of
validity when it comes to the evaluation of a specific task (Blaauw, 1982). Behavioural
fidelity can be further extended into absolute validity and relative validity. Absolute
validity is obtained when the absolute size of an effect measured in a simulator is the same
as the absolute effect measured in its on-road counterpart. Relative validity, on the other
hand, describes how well the relative size or direction of an effect measured in the
simulator corresponds to real driving (Blaauw, 1982; Kaptein et al., 1996).
Whilst there is plenty of research on the design of Human-Machine Interfaces, driver
errors and task load, very little of the research has demonstrated transfer from the
simulated environment to the open road (Mayhew et al., 2011; Santos et al., 2005;
Shechtman et al., 2009; Stanton et al., 2011; Stanton & Salmon, 2009; Stanton et al., 2001b;
Wang et al., 2010).
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Most of the research showing how drivers interact with highly automated vehicles outside
of simulators have taken place on closed test tracks (Albert et al., 2015; Llaneras et al.,
2013; Stanton et al., 2011). Only a minority of studies on highly automated driving being
performed on the road (Banks & Stanton, 2016; Endsley, 2017; Eriksson et al., 2017).
Those remaining studies have investigated sub-systems such as ACC (Beggiato et al., 2015;
Morando et al., 2016; Varotto et al., 2015) and Lane Keeping Assistance systems (euroFOT,
2012; Ishida & Gayko, 2004; Stanton et al., 2001b). This means that there is a paucity of
research into the relative validity of driver behaviour in simulated highly automated
vehicles. This lack of studies could be attributed to the costs and risks associated with nonprofessional drivers driving prototype vehicles (such as the Mercedes S/E-class and Tesla
vehicles equipped with these features, for road testing (Mercedes-Benz, 2015;
safecarnews.com, 2015; Tesla Motors, 2016a)) Consequentially, most research into
human-automation interaction has been limited to simulators (for a review on control
transitions in the simulator see Chapter 4) or closed test tracks (e.g. Albert et al., 2015;
Llaneras et al., 2013; Stanton et al., 2011). A disadvantage of testing on closed test track
compared to on-road testing is the reduced complexity and dissonance between driver
behaviour on the track and normal on-road driving as well as the lack of other road users.
The purpose of the research reported in this chapter was to explore whether control
transitions between automated driving and manual driving observed in a driving
simulator study are similar to real-world driving. Chapter 4 found that drivers of manual
vehicles (SAE Level 0) take approximately 1 second to respond to sudden events in traffic
(Eriksson & Stanton, 2016). It was also found that drivers of “function-specific
automation” (ACC and assistive steering, SAE Level 1 and 2) took an additional 1.1-1.5
seconds to respond to a sudden automation failure and that drivers of highly automated
vehicles (SAE level 3) took on average 2.96±1.96 seconds to respond to a control
transition request leading up to a critical event, such as a stranded vehicle (Eriksson &
Stanton, 2017c). In contrast, Google (2015) reported that it takes their professional test
drivers 0.84 seconds to respond to automation failures of their autonomous (SAE Level
4/5) prototypes whilst driving on public roads based on 272 discrete events. Moreover,
the meta-analysis in Chapter 4 showed that the response-time varies with the lead-time
between the control transition request and a critical event. The reported lead times to the
critical event at the point the request from manual control was issued varied between 2
and 30 seconds and was 6.37 seconds on average.
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This is somewhat problematic as the SAE guidelines for level 3 automation states that the
driver: “Is receptive to a request to intervene and responds by performing dynamic driving
task fallback in a timely manner” (SAE J3016, 2016, p. 20). A decision to explore control
transitions in non-urgent situations was made due to the lack of research into driverpaced transitions of control, which arguably is one of the more common use-cases for
control transitions in highly automated driving when for example leaving a highway.

5.1 Method
This chapter is based on the results of a two-phase between-participant research project.
The first phase involved collecting times for control transitions within a simulated driving
environment and the second phase collected the same data from the open road. The
experimental design and procedure for each study are discussed in turn.
5.1.1

Phase 1

The experimental set-up for the first phase of this chapter is identical to the set up in
Chapter 4 and is detailed in full in Sections 4.1.1-4.1.3.
5.1.2

Phase 2

5.1.2.1

Participants

The second phase of the study comprised of 12 participants (6 males, 6 females) between
20 and 49 years of age (Mean = 32.33 SD = 10.98) with a minimum one-year driving
experience (Mean = 14.58, SD = 11.13). All participants in the on-road trial had
undertaken extended driver training as a legal requirement for insurance purposes for the
execution of phase 2; and therefore had previous experience with Advanced Driver
Assistance Systems (ADAS), such as ACC or Lane Keeping Assist. Nevertheless, none of the
drivers had previous experience with the Tesla Autopilot system. The second phase of the
study was approved by the Southampton University ERGO ethics committee (RGO number
19151).
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5.1.2.2

Equipment

Phase 2 of the study was conducted using a Tesla Model S P90 equipped with the Autopilot
software feature which enables short periods of hands- and feet-free driving on
motorways as longitudinal and lateral control becomes automated. Drivers were
reminded that they were ultimately responsible for safe vehicle operation and were not
actively encouraged to remove their hands from the wheel at any point during the study.
To ensure consistency between the two experiments, an iPad was mounted next to the
instrument cluster running the application “Duet Display”. This enables the iPad to act as a
secondary monitor, displaying the same type of take-over request visual feedback and
auditory messages as in the simulator trial. The take-over requests were reset by the
experimenter, sat in the rear of the vehicle, in a Wizard-of-Oz fashion (Dahlbäck et al.,
1993). To capture the control transitions a Video VBox Pro from Racelogic was used.
Participants were invited to drive along public roads and highways within Warwickshire,
United Kingdom (B4100, M40 and M42). They were asked to adhere to national speed
limits at all times and to keep lane changes to a minimum. Data recording of take-over
request response-times took place on the M40 and M42 where speed was limited to 70
mph.

5.2 Procedure
Upon providing informed consent, participants in both phases of the study were provided
with additional information about the highly automated driving feature they would be
driving with. They were told that the Tesla system could be overridden via the steering
wheel, throttle or brake pedals, and through a touch screen interface in the simulator.
Participants were reminded that they were responsible for the safe operation of the
vehicle at all times, regardless of its mode (manual or automated) in accordance with
recent amendments to the Vienna Convention of Road Traffic (United Nations, 1968).
Participants were told that the system may prompt them to either resume or relinquish
control of the vehicle during the drive and that they should adhere to the instruction only
when they felt it was safe to do so. This was intended to reduce the pressure on
participants to respond immediately and to reinforce the idea that they were ultimately
responsible for safe vehicle operation. For the 12 participants involved in the on-road
study, additional instructions were given to ensure they remained aware of the vehicle’s
internal Human-Machine Interface (specifically about the state of the Autopilot) in an
effort to maintain the safety of the vehicle driver and passengers in case of Autopilot
malfunction, or failure to engage the Autopilot due to, for example, missing lane markings.
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To support them in doing this, a qualified safety driver was present in the passenger seat
at all times, ready to prompt the drivers to take back control if the need to regain control
arose, or to press the emergency stop button in the Tesla centre display should the driver
be unresponsive to prompts by the safety driver.
In both phases of the study, control transition requests were presented as both a visual
cue (Figure 21) and an auditory message in the form of a computer-generated, female,
voice stating “please resume control” or “automation available”. The interval in which these
requests were issued ranged from 30-45 seconds, thus allowing for approximately 24
control transitions half of which were to manual during the approximately 20-minute
drive on the M40 and M42.

Figure 21. The left-hand side, the instrument cluster showing a take-over request. The
visual take-over request was coupled with a computer-generated voice
message stating "please resume control". On the right-hand side is a control
transitions request to automated vehicle control presented in the instrument
cluster, coupled with a computer-generated voice message stating
“automation available”.
In the simulated driving condition, the Human-Machine Interface used to switch mode was
located in the centre display, running on a windows tablet, consisting of two buttons used
to engage or disengage the automated driving feature. The automated driving system in
the simulator was set to disengage only when the mode-switching buttons were pressed to
allow for consistent control transitions.
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In the on-road driving condition, the automated driving feature was engaged by a ‘double
pull’ on a control stork on the left side of the steering wheel, below the indicator stork. To
disengage the automated driving feature the driver could either; depress the brake, to
disengage both the ACC and Lateral control, apply a steering input to disengage the lateral
control only, or press the control stork forwards to disengage the ACC and lateral control.
Reaction times to the control transition request were recorded for each participant. In
phase 1, reaction time was recorded from the onset of stimuli until the driver completed
the requested action.
In phase 2, reaction times to control transition requests were captured through a
Racelogic video VBOX Pro and manually coded based upon the mode-indicator in the Tesla
Instrument Cluster switching mode after the control transition request was displayed on
the iPad display. At the end of each drive, participants were asked to fill out the NASA-TLX
(Hart & Staveland, 1988) and Technology acceptance Scale (Van Der Laan et al., 1997)
with respect to the control transition process.

5.3 Analysis
The median Take Over Reaction Time values for each participant were calculated (Baayen
& Milin, 2010) after which Wilcoxon rank sum tests were computed to analyse responsetime and TLX data. The box plots in Figure 22 were adjusted to accommodate the lognormal distribution of the Take Over Response-time data (Hubert & Vandervieren, 2008).
To enable correlation analysis of take-over response-times between the two groups of
participants, drivers from the simulated drive were matched with drivers from the onroad driving scenario on gender, age and driving experience as shown in Table 8. An
uneven sample size was still present after participant matching, with fewer transitions
recorded in the on-road condition. Therefore, a randomised removal of observations on a
participant-by-participant basis was conducted to ensure an equal number of
observations for each participant pair. After data reduction, the take-over response-times
for each task condition were added to a single vector and sorted in ascending order which,
according to Ryan and Joiner (1976), enables a comparison of the two distributions to be
made.
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Table 8. Participants matched on age and gender from the on-road and simulator
experiments. The participants are ordered based on participant number for
the on-road trial.

Participant
1
2
3
4
5
6
7
8
9
10
11
12
Mean
SD

Gender
Male
Male
Female
Male
Female
Male
Male
Female
Female
Female
Female
Male

On road
Driving
experience
Age
(Yrs)
20
3
24
3
29
12
59
43
32
15
26
9
28
11
30
12
32
14
49
28
26
8
33
17
32.33 14.58
10.98 11.13

Simulator
Driving
experience
Age
(Yrs)
20
1
24
7
29
6
52
35
28
10
24
6
28
6
28
10
40
22
50
33
27
10
34
17
32
13.58
10.20 10.99

5.4 Results
The results showed significant differences between on-road, and simulated driving when
relinquishing control to the vehicle automation (Z = -6.120, p < 0.01). On average, a one
second increase in response-time was found (see Table 9, Figure 22) when relinquishing
control to the vehicle automation in the simulated road condition. It took drivers
approximately 3.18±2.83 seconds to relinquish control in the on-road condition, whilst it
took 4.20±1.96 seconds to relinquish control in the simulated driving condition.
Table 9. Control transition times (seconds) between manual and automated and
automated and manual control in the on-road, and simulator condition.
To Automated
Median
IQR
Min
Max

Simulator
4.20
1.96
2.82
23.88

On road
3.18
2.83
1.33
25.16

To Manual
Simulator
4.56
1.63
1.97
25.75

On road
3.08
1.16
1.21
15.41
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Figure 22. Control transition times from manual to automated control and from automated
to manual control in the on-road and simulated driving condition

Moreover, a significant decrease in take-over request reaction time of approximately 1.5
seconds was found in the on-road driving condition, in comparison to the simulated
driving condition when resuming control from the automation (Z = -10.403, p < 0.01). It
took drivers approximately 3.08±1.16 seconds to resume control from the automation in
the on-road driving condition and 4.56±1.63 seconds to resume control in the simulated
driving condition. The results from the correlation analysis of the sorted response-time
data for the transition to automated driving from manual driving showed a strong positive
correlation (Pearson’s r=0.96, p<0.0001, calculated power = 1.0), as illustrated in Figure
23.
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Figure 23. Scatter plot of control transitions from manual to automated vehicle control.
The X axis shows the driver response-time in the simulator, the Y-axis shows
the driver response-time in the on-road condition.

The correlation analysis of the control transition time from automated to manual control
showed a significant positive relationship (Pearson’s r=0.97, p<0.0001, calculated power =
1.0) between the two distributions as shown in Figure 24.
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Figure 24. Scatter plot of control transitions from automated to manual vehicle control.
The X axis shows the driver response-time in the simulator, the Y-axis shows
the driver response-time in the on-road condition.

Subjective workload scores collected through the NASA-TLX sub-scales (Byers et al., 1989;
Hart & Staveland, 1988) at the end of each driving condition showed no significant
correlations on the workload sub-scales nor overall workload for the matched sample. A
comparison of the two conditions showed no significant differences on any of the
subscales or overall workload (Table 10). Overall there was little difference in workload,
and the median workload in both conditions was approaching the halfway point on the
scale (Figure 25), implying relatively low workload.
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Table 10. NASA-TLX and Technology acceptance scores of the on-road and simulated
driving conditions. The effect size was calculated as r=|Z|/√(N1+N2)

Mental Demand
Physical Demand
Temporal Demand
Performance
Effort
Frustration
Overall workload
Usefulness
Satisfaction

On road
Median (SD)
8 (7)
2.5 (4.5)
4.5 (5)
5 (2.5)
5.5 (5)
4.5 (4)
4.75 (4.2)
1.1 (0.6)
1 (0.87)

Simulator
Median (SD)
7.5 (10)
4 (5)
3 (6)
6 (7)
5 (9)
4 (9)
5.16 (7.33)
1 (1)
0.5 (1.69)

Z
-0.603
1.395
-0.415
0.872
0.206
0.269
0.755
0.491
1.316

Rank sum test
r
P
0.09
0.53
0.23
0.16
0.06
0.68
0.14
0.38
0.03
0.84
0.04
0.79
0.12
0.45
0.07
0.62
0.21
0.18

Pearson’s
Correlation
p
r
0.60
-0.16
0.71
-0.12
0.81
-0.08
0.81
-0.08
0.66
0.14
0.25
-0.35
0.92
-0.03
0.64
-0.14
0.43
-0.25

Figure 25. Self-reported workload scores for the simulated drive and the on-road drive.
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The Van Der Laan Technology Acceptance Scale yielded no significant correlations on the
matched samples as shown in Table 10. Moreover, no significant differences in automation
usefulness (Z= 0.491 p > 0.05, r = 0.07) and automation satisfaction (Z = 1.316 p > 0.05, r =
0.21) between the on-road and simulated driving conditions could be found.

5.5 Discussion
As shown in Chapter 4 most research into control transitions in Highly Automated Driving
has been undertaken in driving simulators. The studies outside of simulators tend to be
limited to closed test tracks (Albert et al., 2015; Llaneras et al., 2013), or to sub-systems of
highly automated driving (Beggiato et al., 2015; euroFOT, 2012; Ishida & Gayko, 2004;
Morando et al., 2016; Varotto et al., 2015). One study by Banks and Stanton (2016) has
explored the interaction with automated vehicles on the open road, but links to
performance on similar tasks in simulated environments were not made. Another study by
Endsley (2017) explored the experience and behaviour after longitudinal use of a Tesla
Model S (with 1 participant). To further the understanding of the validity of driving
simulators in Highly Automated Driving multiple control transitions; from manual driving
to automated driving and vice versa, for both simulated, and on-road driving
environments was compared. The reason for the unusually high frequency of transitions of
control compared to contemporary literature was to reduce the impact of novelty effects,
to enable the capturing of inter- and intra-individual differences to get an appreciation for
the wide range of transition times, and to compress experience with the system as
previously done by Stanton et al. (2001b). Moreover, it was argued in Chapter 4 that the
type of control transition utilised in this chapter is ‘non-urgent’ and such transitions are
likely to be commonplace on public roads when SAE level 3 systems are limited to certain
operational constraints (SAE J3016, 2016).
The results show that drivers in the on-road driving condition took on average 3.08
seconds. This is marginally longer compared to the average 2.96 control resumption time
for drivers who are required to resume control within a limited time-frame (e.g. 7 seconds
as in Gold et al. (2013)). It has previously been shown that permitting drivers to selfregulate the use of in-vehicle technologies on a tactical level tend to maintain optimal
workload and safer driving performance (Cooper et al., 2009; Eriksson et al., 2014;
Eriksson & Stanton, 2017c; Kircher et al., 2016; Young & Stanton, 2007a). Moreover, the
results show that there is a long tail in the resumption-time distribution indicating that
some drivers take up to 15 seconds to resume control.
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This shows that the design of the take-over process should not focus on average
resumption times, but rather use the 5th – 95th percentile user, as argued in Chapter 4 and
is common practice in anthropometrics (Eriksson & Stanton, 2017c; Porter et al., 2004).
The results also show that drivers were generally faster in the execution of control
transitions in the on-road driving scenario for transitions to both automated, and manual,
control compared to the simulated driving scenario. Similar effects have been observed by
Wang et al. (2010) and Kurokawa and Wierwille (1990) where drivers produced faster
responses in on-road conditions than in the simulator for in-vehicle interaction tasks.
This difference could be partially explained by the perception of greater risk in the onroad condition (Carsten & Jamson, 2011; De Winter et al., 2012; Flach et al., 2008;
Underwood et al., 2011). Moreover, the differences between mode-switching HumanMachine Interface in the Tesla (control stork next to the steering wheel) and the simulator
(touch screen in centre console) could account for the increased response-time in the
simulator part of this study. Drivers have been found to have significantly higher eyes-offroad time when engaged with in-vehicle systems with high visual demands, and as driving
is a visually demanding task this can have large effects on driving performance (Jæger et
al., 2008). This increase in eyes-off-road could be further amplified by the virtue of using a
touch screen which lacks the haptic nature of standard vehicle interface elements, such as
the control stork in the Tesla, that enables blind interaction whilst driving (Rümelin &
Butz, 2013). It could be that drivers had to divert visual resources to identify which of the
two buttons to press to reach the desired state and to plan a motor-path to execute the
action to press the button. For experienced drivers, this is a well-practiced behaviour,
executed whenever a driver needs to change the radio station, confirm a rerouting on their
sat-nav, or change the heating settings of their vehicle. It can, therefore, be argued that this
type of interaction should have a negligible effect on the transition times compared to the
magnitude of effects observed in the literature of driver reaction time on the road, and in
the simulator (Kurokawa & Wierwille, 1990; Wang et al., 2010).
Another factor that could have influenced take-over request response-time could be the
different levels of experience with ADAS between the two samples, where drivers in the
experienced (Tesla) group produced faster reaction times due to their familiarity with
such systems. It is important to acknowledge these factors as they may have contributed
to the faster response-times in the on-road condition.
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However, as effects of a similar magnitude have been found previously (Kurokawa &
Wierwille, 1990; Wang et al., 2010) it stands to reason that the main part of the observed
difference can be accounted for by the nature of the driving environment, and to a lesser
extent, the mode-switching Human-Machine Interface and the differences in ADAS
experience. The consistent difference in response-times between the two conditions
suggests that absolute validity could not be found. Nevertheless, evidence for relative
validity between the on-road and simulated environments is strong as the correlation
analysis showed a strong positive similarity of the distributions for both types of control
transitions. The lack of correlations in workload and technology acceptance scores could
be explained by the subjective nature of the questionnaire, combined with a relatively
small sample in a between-group study-design. It is worth noting that the workload and
technology acceptance scores are not absolute scores, and therefore need to be looked
upon with some caution due to the relatively small sample of two independent groups.
Despite the lack of correlation between the on-road and simulated drive on the subjective
questionnaires, the lack of differences in workload and Technology acceptance scores,
indicate that the driving conditions had no measurable effect on perceived workload,
usefulness and satisfaction. It is therefore argued that relative fidelity of the simulator can
be established with regard to human-automation interaction and, in particular, control
transitions (Blaauw, 1982; Godley et al., 2002). These results support Stanton et al.
(2001b) who found that driver performance on secondary tasks was highly correlated
when performed on the road and in the simulator during manual driving.
Consequentially, the results obtained in this study lends validity to previous research into
control transitions in automated vehicles carried out in simulated environments. In light
of these results, researchers may have more confidence when using simulators as a
primary tool for research on human-automation interaction (Stanton et al., 2001b). This
observation permits the exploration of phenomena related to automated vehicles in a
reproducible, deterministic, and completely observable environment (Russel & Norvig,
2009), and facilitates the collection of data that would otherwise be difficult to obtain in
road vehicles (Godley et al., 2002; Santos et al., 2005; Van Winsum et al., 2000). These
findings show that driving simulators are legitimate tools for researching vehicle
automation (Boer et al., 2015).
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5.6 Conclusions
In this chapter, the validity of human-automation interaction in highly automated vehicles
in driving simulators was assessed. Absolute validity could not be established due to the
shorter transition times observed in the on-road driving condition. It was found that, on
average, drivers take an additional second to transfer control to the automation in the
simulated drive, and an additional 1.4 seconds to resume control in the simulated drive
compared to on-road. Moreover, it was found that drivers in the on-road driving condition
were marginally faster than what has been found in previous literature when drivers have
resumed control under time-pressure. Despite these similarities, it was also shown that
there is a long tail of the distribution of control resumption-times and that these drivers
will have to be accommodated to ensure the safe use of automation. Nevertheless, the
results also showed that there was a strong positive correlation for transition time in the
on-road and simulated driving conditions. In light of these results, it is argued that there is
a strong indication of relative validity for research conducted in simulators. Despite the
lack of significant correlations it is argued that relative validity is further supported by the
similarities in workload, and technology acceptance scores of the drivers in the simulated,
and on-road driving conditions.
Consequentially, in this study, it is argued that the driving simulator is a valid research
tool for the exploration human-automation interaction and in particular the transfer of
control between driver and automation. In conclusion, medium-fidelity, fixed based,
driving simulation is a safe and cost-effective method for assessing human-automation
interaction, and in particular control transitions in highly automated driving.

5.7 Future Directions
As Chapter 5 established the validity of the algorithms described in Chapter 3 and used in
Chapter 4 in the Southampton University Driving Simulator an in-depth analysis of the
effects of automated driving on driving performance after resuming manual control from
the automated vehicle in the driving simulator will be analysed. It is anticipated that any
after-effects will be negligible when drivers are able to self-pace the transition process
contrary to contemporary literature utilising system-paced control transitions.
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6 After-effects of driver-paced transitions of
control
Whilst automated vehicles show promise in reducing road accidents (Eriksson et al., 2017;
World Health Organisation, 2015), they are in their current form no panacea for road
safety (Eriksson & Stanton, 2017c; Gold et al., 2013; Gold et al., 2016; Kalra & Paddock,
2016). As drivers engage a contemporary automated driving system they are decoupled
from the operational and tactical levels of control, leaving only high level strategic goals to
be dealt with by the driver (Bye et al., 1999; Michon, 1985) whilst still being expected to
resume control when the vehicle reaches the limits of its Operational Design Domain
(ODD, the ODD may include geographic, roadway, environmental, traffic, speed and/or
temporal limitations of automated driving availability; SAE J3016, 2016) or when a system
failure, or sudden, unexpected event forces a transition back to manual control (SAE
J3016, 2016). This intermediate form of automation has been deemed hazardous as
drivers are required to monitor the automation and be able to regain control of the vehicle
at all times (Casner & Schooler, 2015; Seppelt & Victor, 2016; Stanton, 2015). This is a
form of “driver initiated automation”, where the driver is in control regardless of whether
the system is engaged or disengaged (Banks & Stanton, 2015, 2016; Lu et al., 2016; SAE
J3016, 2016) contrary to “system initiated automation” where the controlling agent, be it
driver or the automated driving system is in control, is determined by AI (Gordon et al.,
2017) in a MABA-MABA fashion (Dekker & Woods, 2002). The intermittent transitions of
control, and the sharing of task relevant information between driver, and driving
automation can be described in terms of distributed cognition (DCOG) (Hollan et al.,
2000a; Hutchins, 1995a). DCOG offers a paradigm shift in describing how a human
interacts with other humans, artefacts, and artificial agents, describing it as a ‘system’
where cognition, knowledge and mental models (i.e. Common Ground) are distributed
between agents in the Joint Cognitive System, henceforth referred to as system (Hollnagel
& Woods, 2005). Chapter 2 stated that in such a system coordination and communication
between system entities is of the utmost importance (Christoffersen & Woods, 2002;
Eriksson & Stanton, 2017a; Hutchins, 1995a; Stanton, 2014).
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The functioning of a cognitive system has been described by Hollnagel and Woods (2005)
in the COntextual COntrol Model (COCOM) as a cybernetics inspired tracking loop. The
COCOM model describes how the control of a system can be lost and regained, and how
different levels of control influence performance. As time progresses in a task such as
driving, dynamic shifting between four different control modes can be made, dependent
on the time-horizon, and the predictability of the situation (Figure 26).

Figure 26. The relationship between Hollnagel & Woods (2003) control levels and
available time and predictability of a situation.
Hollnagel and Woods (2005) describes the four control modes in the following way(Figure
27):


In the scrambled control mode, control actions are selected at random in a trialand-error fashion, often urgently.



In the opportunistic control mode, the next action to be carried out is determined
by the salient features of the current context, such as a dominating part of the
Human-Machine Interface, with limited forward planning and anticipation. This
control mode relies on internal heuristics and may be inefficient compared to
higher levels of control.
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The driver dependence on the Human-Machine Interface in this control mode is
important, and it stands to reason that if the information in the human-machine
interface can be tailored to both situational and temporal factors (Eriksson et al.,
2015; Eriksson & Stanton, 2017a) the driver may transfer into a higher mode. For
this to be successful it requires the feedback from the human-machine interface to
be designed in accordance to the Gricean Maxims (presented in Chapter 2) in a
way that is relevant, clearly conveyed, in the right modality without oversaturating
the information channels.


In the tactical control mode, the next action is usually pre-planned, as the operator
has a longer time horizon, thus enabling the use of rules and procedures to carry
out actions. In the tactical control mode, the operator is still heavily influenced by
the immediacy of the situation and will therefore still be influenced by the
interface to some extent (Stanton et al., 2001a). Consequentially, temporally and
contextually relevant feedback may be used to facilitate maintaining, or achieving
higher levels of control even as the driver reaches a tactical level of control. As
shown in Figure 26 the tactical control mode can be divided into two sub-levels,
namely attended and unattended. This division is made as when the level of
familiarity (i.e. predictability) and available time in a situation is high, operators
will go into unattended control which may reduce the thoroughness of a task. An
example would be driving on a familiar route, such as the one going to the office,
but with another destination in mind, causing the driver to turn off towards the
wrong destination (this could be mitigated through the use of a sat-nav). The
distinction between the attended and unattended level of tactical control is
described as the former being meticulously and carefully executed, whereas in the
latter drivers know what to do but does not bother to follow it in detail, thus
increasing the likelihood of failure (Hollnagel & Woods, 2005).



In the highest level control mode, the strategic control mode, the time horizon is
longer (Figure 26, Figure 27) which enables long-term planning and anticipation.
Operators in this control mode have evaluated the relationship between cause and
effect more precisely, and will, therefore, have more overall control of the situation
(Stanton et al., 2001a).
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Figure 27. A finite state model representation of how linear progression through control
levels are carried out.
Driver assistance systems on Level 1/2 (SAE J3016, 2016) have shown detrimental effects
on driver behaviour when drivers were asked to resume control compared to manual
driving. In a meta-analysis, Young and Stanton (2007a) observed an increase in brake
reaction time of approximately 1 second when a leading vehicle suddenly braked
requiring driver intervention when using ACC, which is the approximate time it takes a
driver to respond to a sudden braking event whilst engaged in fully manual driving
(Summala, 2000). An additional 0.3-second increase was found when adaptive steering
was added (SAE J3016, Level 2, 2016). It is evident that the introduction of automated
driving systems on level 1 and 2 have detrimental effects on driver readiness and driving
performance. In a review of the literature of transitions of control in Level 3 automated
driving systems in Chapter 4, it was found that it takes 1.14-15 seconds to respond to a
request to intervene in a system paced transition. It was also found that drivers took
between 1.97 and 25.75 seconds to respond to a request to resume control when they
were able to pace the transitions themselves (Eriksson & Stanton, 2017c). The increase in
response-times may be attributed to the fact that the control activities involved in driving
are normally ‘automatic’ activities that require little, or no conscious effort to be executed
(Norman, 1976, p. 70).
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When these activities are disrupted, by for example the automation requesting manual
control, conscious vehicle control is required to the detriment of ‘manual-driving’
performance.
Russell et al. (2016) showed that drivers who are unaware of changes to vehicle driving
characteristics (the steering torque profile) show declined steering performance which
may lead to over, or undershoot, indicating scrambled control. Merat et al. (2014) showed
that it takes approximately 40 seconds for the driver to regain control stability after a
control transition. Notably, the control transition used in the experiment of Merat et al.
(2014) was system initiated and lacked a Take Over Request (TOR), that is featured in
other recent research into control transitions in automated driving (e.g. Damböck et al.,
2012a; Eriksson & Stanton, 2017c). The lack of Human-Machine Interface to convey the
need to resume control in Merat et al. (2014) may have contributed to scrambled control
behaviour in the first 40 seconds after resuming control. Similarly, Desmond et al. (1998)
found larger heading errors and poorer lateral control in the first 20 seconds after
resuming control from automated driving following a failure compared to compensating
for a wind gust in manual driving, hinting at scrambled control. Moreover, Gold et al.
(2013) showed that drivers that were subjected to short lead times (5 vs 7 seconds) for
the take-over request elicited shorter response-times, but performance post-takeover was
characterised by harsh braking, rapid lane changing and unnecessary full stops, indicating
that drivers were at the scrambled level of control. Damböck et al. (2012a) found that an 8second lead time for TORs produced driving performance at the same level as manual
driving, indicating that drivers experienced a higher, operational or tactical level of control
as, according to Hollnagel and Woods (2005) is the expected level of control
corresponding to normal human performance. Evidently, there may be a relationship
between the available time to resume control from the automated vehicle, and the
resulting level of control performance when control has been handed back to the driver.
Chapter 4 and Chapter 5 argue that ‘driver-paced’ transitions will be a commonly
occurring type of control transition in SAE J3016 (2016) level 3 and 4 systems, where
there is enough foresight when it comes to identifying system limitations (for example
through the fleet learning feature of Tesla Autopilot version 8. Tesla Motors, 2016b),
which in turn will increase the lead time between take-over request and a transition to
manual control (Eriksson & Stanton, 2017c).
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The increase in the time between a take-over request and a transition to manual control
extends the time horizon, which in turn could enable drivers to attain a higher, tactical
level of control compared to the system paced transitions reported in the literature
(Russell et al., 2016; Merat et al., 2014; Gold et. al., 2013; Damböck et al., 2012; Desmond
et al., 1998). Chapter 7 showed that when the reason for a take-over request was
highlighted through an augmented reality overlay, drivers exhibited opportunistic control
by braking to buy time. This was not observed when the augmented reality display
showed higher levels of semantics, such as ‘arrows’ indicating safe paths, indicating a
higher level of control in accordance with the maxims in Chapter 2 showing that
unambiguous and task relevant information may improve performance. Hollnagel (1993)
emphasise that the “essence of control is planning” (p,168) which means that a sudden,
forced transition to manual control likely has detrimental effects on driving performance
unless appropriate support is given (Cranor, 2008; Eriksson & Stanton, 2017a, 2017c;
Stanton & Young, 1998).
In light of this, this study aims to explore whether there are any differences in driving
after-effects following a transition from automated to manual control in two conditions,
one with and one without a secondary task compared to baseline manual driving. This
research aims to provide knowledge on whether the resulting level of control (in terms of
driving performance) is affected by control transitions when the transition is driver
initiated (Banks & Stanton, 2015, 2016; Lu et al., 2016; Stanton, 2015), driver-paced, and
whether the additional time available for self-regulation (Cooper et al., 2009; Eriksson et
al., 2014; Kircher et al., 2016; Wandtner et al., 2016) of the transition process, has a
positive effect on driving performance.

6.1 Method
As this chapter is a further analysis of the data used in Chapter 4, a full description of
participant demographics, the equipment, procedure, and the experimental design is
described in full in Sections 4.1.1-4.1.4.
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6.1.1

Dependent variables

The following metrics were calculated for each condition and participant for the duration
of 20 seconds post-transition to manual control.


Standard Deviation of Steering Wheel Angle (Degrees), this metric is
related to driver workload. In normal driving conditions, drivers tend to do
make continuous small steering corrections to adjust their lane position as
driving conditions change. When workload increase these corrections
decrease in frequency, resulting in the need for larger steering inputs to
correct the lane positioning (Liu et al., 1999). This metric is defined in the
following equation (c.f. Knappe et al., 2007, p. 2)
∑𝑛𝑖=1(𝑆𝐴𝑖 − 𝑆𝐴𝑎𝑣𝑔 )2
√
𝑆𝐷𝑆𝑊𝐴 =
𝑛
Equation 6. The equation to calculate standard deviation of steering wheel
angle.



Mean absolute lateral position (Centimetres), this metric describes lane
keeping accuracy and is calculated in the following way: 𝑀𝐿𝑃 = |

∑𝑛
𝑖=1 𝑑𝑖
𝑛

|

where di is the distance measured from the centre of the vehicle to the lane
centre.
I argue that these metrics could be a good indicator of the level of control exerted by the
driver. For example, higher values of SDSA whilst showing large variability in mean absolute
lane position would indicate scrambled control, whilst large SDSA whilst maintaining low
variability in absolute lane position would indicate opportunistic control, and low variability
in both metrics would indicate a tactical level of control.
In order to determine the after-effects of Automated Driving with and without a secondary
task before a take-over-request was issued the mean absolute lateral position and
standard deviation of absolute steering wheel angle between the two conditions and a
baseline drive was compared. The performance metrics were sampled at 75Hz and was
aggregated into 60 bins (approximately 333.33.. ms of data/bin).
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6.2 Analysis
The performance metrics were tested in a time-series, assessing the difference between
conditions every 333.33 milliseconds for the full 20 second testing period through the use
of T-tests. The tests were corrected using the Bonferroni method, resulting in an alpha of
0.00083 which is represented in the graphs as a red horizontal dashed line in the middle
graph of each figure. An uncorrected alpha-level of 0.01 is shown as a horizontal black line
in the same graph. The level of significance is represented through the negative base-10
logarithms of p, where large values represent small p-values in a similar fashion to the
‘Manhattan’ plot (previously used in: Gibson, 2010; Petermeijer et al., 2017; Tanikawa et
al., 2012). Cohen’s D was calculated to assess effect size between conditions in the
following way:
𝐶𝑜ℎ𝑒𝑛′ 𝑠 𝐷 =

𝑀2 − 𝑀1
𝑆𝐷𝑝𝑜𝑜𝑙𝑒𝑑

((𝑛1 − 1)𝑆𝐷12 + (𝑛2 − 1)𝑆𝐷22 )
𝑆𝐷𝑝𝑜𝑜𝑙𝑒𝑑 = √
𝑛1 + 𝑛2 − 2
Equation 7. The calculation for the Cohen’s D effect size metric.
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6.3 Results
6.3.1

Mean absolute lane position

When comparing the mean absolute lane position between manual driving and after
resuming control from the automation in the passive monitoring condition there are little
differences to be seen (Figure 28). This implies that drivers were able to successfully
control vehicle lane positioning to the same extent as when driving manual post resuming
control from the automated driving system when able to pace the transition process
themselves.

Figure 28. A time series analysis of the difference in the mean absolute lane position after
resuming control from an automated driving system after engaging in passive
monitoring compared to manual driving.
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Moreover, similar results can be found when comparing baseline manual driving with
driving performance post resuming control from the automated driving system after being
engaged in a secondary task (Figure 29). Which again suggest that drivers do not suffer
from detrimental performance when able to pace the transition process themselves.

Figure 29. A time series analysis of the difference in the mean absolute lane position after
resuming control from an automated driving system after engaging in a
secondary task compared to manual driving.
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Figure 30 show little difference in absolute mean lane position in the two automated
driving conditions, from the moment control was resumed to 20 seconds after the moment
of resumption of control, suggesting little differences in driving performance posttakeover when drivers are allowed to pace the transition of control themselves. A slight,
low magnitude (2-3cm), non-significant difference in lane position can be seen
approximately between 1.5-7 seconds after resuming control.

Figure 30. A time series analysis of the difference in absolute mean lane position after
resuming control with a secondary task, and without a secondary task.
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6.3.2

Standard deviation of steering angle

When comparing the standard deviation of steering angle between the passive monitoring
condition after resuming control, with the baseline manual driving condition, there are
significant, strong effect differences for the entire time-period (Figure 31). This suggests
that drivers exerted more effort in maintaining vehicle position through steering
corrections than in the manual drive.

Figure 31. A time series analysis of the difference in the standard deviation of steering
angle after resuming control from an automated driving system after engaging
in passive monitoring compared to manual driving.
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Moreover, similar results can be found when comparing the baseline manual driving
condition with the secondary task condition (Figure 32), again suggesting that drivers had
to exert more effort maintaining vehicle position after resuming control than drivers
driving manually for a continuous, longer time-period.

Figure 32. A time series analysis of the difference in the standard deviation of steering
angle after resuming control from an automated driving system after engaging
in a secondary task compared to manual driving.

99 | P a g e

After-effects of driver-paced transitions of control

Lastly, results from the comparison of the standard deviation of steering angle between
the passive monitoring, and secondary task condition show a slight, but non-significant
increase in SDSA in the passive monitoring condition (Figure 33), indicating little
differences in steering control between the two task conditions when drivers were
permitted to pace the transition process themselves.

Figure 33. A time series analysis of the difference in the standard deviation of steering
angle after resuming control from an automated driving system after engaging
in a secondary task compared to passive monitoring.
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6.4 Discussion
The aim of this chapter was to assess whether drivers exhibit any of the after-effects in
terms of driver control as described by Hollnagel & Woods (2005) through steering
behaviour and lane positioning. This was motivated by research suggesting that drivers
adapt their behaviour pro-actively depending on the situation and time pressure (Cooper
et al., 2009; Eriksson, 2014; Eriksson et al., 2014; Eriksson et al., 2015; Kircher et al., 2016;
Kircher et al., 2014; Wandtner et al., 2016). If drivers are allowed to self-pace the
transition from automated to manual driving I hypothesised that the after-effects, and the
resulting scrambled levels of control, such as harsh braking, sudden lane changes, and poor
lateral control with large heading errors (e.g. Desmond et al., 1998; Gold et al., 2013; Gold
et al., 2016) observed in contemporary research into system-paced transitions of control
would be reduced. Indeed, according to Hollnagel and Woods (2005) levels of control in a
system is dependent on the available time, and predictability of a situation, where larger
temporal resolution is rewarded with higher, safer levels of control and vice versa.
Hollnagel and Woods (2005) also state that the predictability of a situation influences the
control mode, and Stanton et al. (2001a) stated that operators in the opportunistic and
tactical control mode were influenced by the human-machine interface. This implies that
the human-machine interface can play a significant role in increasing the predictability of
a situation as long as the human-machine interface supplies relevant feedback (as
suggested in Chapter 2). Hollnagel (1993) emphasises that the “essence of control is
planning” (p.168). Thus implying that forced transitions to manual control likely has a
detrimental effect on driving performance.
The results of this study show that when drivers were able to moderate their transition to
manual control, by means of the time they took to resume control (as reported in Chapter
4), they maintained lateral positioning after the transition to a level comparable to when
driving manually in both the passive monitoring (Figure 28), and distracted driving
condition (Figure 29) indicating a higher level of control than what is reported in the
literature (c.f. Desmond et al., 1998; Gold et al., 2013; Gold et al., 2016). However, it was
also found that drivers exerted more effort maintaining their position in the lane after
control was resumed as shown by the significant increase in standard deviation of steering
angle in the two automated conditions compared to the manual driving condition (Figure
31 and Figure 32 respectively).
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The stability of vehicle position whilst exerting more effort maintaining control
performance indicate that drivers were at the opportunistic level of control, approaching
the tactical level. Research by Russell et al. (2016) found that drivers could not maintain
the same level of steering control as during manual driving. An alternate explanation of
the increase in steering control inputs could be that drivers are exploring the vehicle
dynamics and whether there has been a change to the dynamics since manual control was
ceded. This is somewhat supported by Russell et al. (2016) who hypothesised that drivers
would rely on an inaccurate mental model before reaching their previous manual driving
performance whilst adapting to the manual driving task to the detriment of normal
‘internally automated’ performance (Norman, 1976, p. 70). Thus the increase in standard
deviation of steering angle may be attributed to the fact that drivers had to resume a
closed loop activity after being removed from the task for some time, and therefore had to
showed larger steering inputs whilst maintaining lane positioning comparable to manual
driving (Russell et al., 2016).
When compared to externally paced transitions in the literature, the results obtained in
this study show similar effects as reported by Merat et al. (2014) who found that drivers
who were asked to resume control in a predictable manner performed better in terms of
lateral positioning and steering controllability than drivers who were not expecting a
transition to occur, much like in driver paced, versus externally paced transitions of
control. The results of this study does indicate lesser lane deviation post-take-over request
for the two automated driving conditions compared to what is reported in Merat et al.
(2014). This discrepancy in magnitude between Merat et al. (2014) and the results
presented in this manuscript could potentially be partially explained by the different binsizes, as a larger bin-size will inherently inflate the standard deviation, and may skew the
mean due to changes over time. Contrary to Desmond et al. (1998) little effect on lateral
positioning was found, indicating that drivers were able to attain an opportunistic or
tactical level of control rather than the seemingly scrambled level of control in Desmond et
al. (1998). Similarly, Gold et al. (2013) found that drivers exhibited indications of
scrambled control, by performing sudden lane changes, or unnecessary use of the hard
shoulder, when a short lead time was given. Evidently, there may be a relationship
between the available time to resume manual control, and the resulting level of control,
where higher levels of control are attained when drivers have more time to resume
manual control, and vice versa.
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This relationship is further strengthened by the results of Gold et al. (2016) who found
that drivers performed worse and had more crashes when asked to resume control when
traffic density increases whilst subject to a fixed 7 second lead time before a crash would
occur. The findings by Gold et al. (2016) serves as an example of a decay to scrambled
control as traffic density increased. This is in line with Eriksson et al. (2015) who showed
that drivers need more time to assess a situation when complexity is high.
When comparing the after-effects of a driver paced transition on lateral positioning
between the two automated driving conditions no significant differences could be
identified in lane positioning (Figure 30) and standard deviation of steering angle (Figure
33) despite the significant increase in take-over request response-time of 1.6 seconds in
the distracted driving condition reported in Chapter 4. This lack of difference could be
attributed to the drivers being able to self-moderate the transition (Cooper et al., 2009;
Eriksson, 2014; Eriksson et al., 2014; Eriksson et al., 2015; Kircher et al., 2016; Kircher et
al., 2014; Wandtner et al., 2016), thus extending the temporal horizon which results in
maintaining higher levels of control. Chapter 4 argues that part of the additional time it
took drivers to resume control in the secondary task condition could be attributed to the
repositioning required by virtue of holding the magazine. Indeed, Petermeijer et al.
(2015a) argue that the repositioning phase should be accounted for as part of the control
resumption process.
Given that drivers were completely removed from the visual scanning of the road
environment by virtue of the secondary task, in addition to the automation of lateral and
longitudinal vehicle control, it is argued that the additional 1.6 seconds before resuming
control could be partially explained by drivers extending the time horizon to ensure a
higher level of control. Thus, the additional time allotted to assess the situation may have
been crucial in maintaining the same level of opportunistic or tactical control performance
as was observed in the passive monitoring for lane positioning, and steering behaviour as
shown in Figure 30 and Figure 33. These findings indicate that drivers who are allowed
enough time between a take-over request, and the transition to manual control are able to
self-pace the transition process, thereby attaining a higher level of control, and reducing
the after-effects on control performance observed in contemporary research utilising
system paced transitions with shorter lead times.
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6.5 Conclusions
Contemporary research into system-paced transitions to manual control from automated
driving has shown indications of reduced driver control levels through detrimental effects
on driving performance when manual control was resumed. In light of this, this chapter
assessed the influence of driver-paced, non-urgent transitions to manual control on driving
performance post-transfer of control as Chapter 4 and 5 deemed to be the most common
type of transition in SAE level 3 and 4 systems.
It was found that drivers who were able to pace the transition process back to manual
control, irrespective of whether they were engaged in a secondary task or not, exhibited
significantly more steering corrections than manual driving conditions, whilst maintaining
comparable positioning in the lane. These findings contradict some of the contemporary
literature, showing that drivers exhibit harsh braking, sudden lane changes, and poor lateral
control with large heading errors (Desmond et al., 1998; Gold et al., 2013; Gold et al., 2016).
This indicates that drivers attained a higher level of control when resuming control in a selfpaced setting, compared to an externally paced transfer of control. When the controltransition after-effects were assessed between the passive monitoring, and the distracted
driving condition, no significant differences in either lateral positioning nor corrective
steering behaviour could be found. However, when drivers resumed control in the
distracted driving condition they took an additional 1.6 seconds to do so. This indicates that
drivers took more time to complete the transition to extend the time horizon, thus ensuring
that a sufficient control level was maintained.
In conclusion, these results indicate that drivers who are given enough time to transfer back
to manual control exhibit less of the detrimental effects observed in system-paced
conditions (such as those found in: Desmond et al., 1998; Gold et al., 2013; Gold et al., 2016).
This is promising as a higher level of vehicle control would reduce the risk of accidents in
situations where lead times between a request to resume manual control and where manual
control is required, such as near the edge of the ODD (SAE J3016, 2016) of the automated
driving system (i.e. by a motorway exit where drivers would be asked to resume control).
Such anticipatory behaviour is in line with research by (Kircher et al., 2014) who found that
users of Adaptive Cruise Control anticipated situations where the system would perform
poorly and disengaged the system before such a situation could occur, thus strategically
pacing their interaction with the system.
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The author would like to argue that this type of behaviour is needed from automated
vehicles in higher levels of automation (SAE Level 4), where the automation recognises that
it is approaching the edge of its ODD and triggers a take-over procedure well in advance as
to avoid an emergency transition of control. Examples of such behaviour could be to request
manual control when approaching a motorway exit, approaching an area where lane
markings are faded or even when the system detects that it is approaching an area with
poor visibility, such as fog.
It must be noted, that the experimental design in this chapter was designed to compress
experience, and to normalise the experience of the transition process as to avoid novelty
effects, and thus is not completely representative with regard to the frequency of requests
to transition between automated and manual modes that drivers might experience in
normal usage of such a system. However, the results support the argument made in Chapter
4 that the 5th to 95th percentile of the range of driver take-over response time variability
must be accounted for in designing the non-urgent take-over process for SAE Level 3 and 4
systems as this would ensure safer transitions to manual vehicle control.

6.6 Future Directions
As Chapters 4-6 showed that user-paced control transitions are more favourable than
system paced ones in terms of reduction in after-effects and workload the aim of Chapter 7
is to provide further insights into the control transition process. This will be accomplished
by breaking down the process of resuming control into the steps involved in resuming
control as suggested in Petermeijer et al. (2015a). Moreover, based on the notion that
drivers may be supported through the human-machine interface whilst in opportunistic
and tactical control (Hollnagel & Woods, 2005), Chapter 7 aims to determine whether the
control transition process can be facilitated through the addition of support and guidance
based on the automation taxonomy by Parasuraman et al. (2000) and the Gricean maxims
presented in Chapter 2. It is anticipated that this will yield further insights into how
drivers resume manual control from an automated vehicle and will generate supporting
evidence for the use of the Maxims suggested in Chapter 2 in assessing Human Machine
Interfaces.
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7 Augmented reality guidance for control
transitions in automated driving
Chapter 2 proposed a chatty co-driver approach where the vehicle continuously informs
the driver about its state and limitations as one of the challenges of highly automated
driving will be to get a driver, who is occupied in a non-driving task back to the driving
task when needed (Cranor, 2008). Indeed, a review by (De Winter et al., 2014) found that
drivers who have been out of the control loop for extended periods of time tend to suffer
from degraded situation awareness. Hence, it is of utmost importance to make the driver
aware of the functional limitations of the automation before they are reached and an
accident could occur (Eriksson & Stanton, 2015, 2016; SAE J3016, 2016; Stanton & Young,
2005). As shown in Chapter Six, drivers can reach higher levels of control through
moderating the time needed to transition to manual, or automated control. Chapter Six
also noted that drivers can reach higher levels of control if there is high predictability in a
situation (and vice versa), and that drivers in the opportunistic and tactical control modes
(Hollnagel & Woods, 2005) are dependent on feedback in the human-machine interface
(Stanton et al., 2001a). However, to ensure that the interface assists the driver in reintegrating into the driving control loop, the interface should be designed in accordance
with the Gricean maxims proposed in Chapter 2. Thus ensuring that the interface provides
informative, contextually relevant (Eriksson et al., 2015) and unambiguous information
that does not overload any sensory channel, taking attention away from the primary task
of driving.
Contemporary and near-future highly automated driving systems will require driver
intervention, within a “sufficiently comfortable transition time” (NHTSA, 2013, p. 5) and
with “at least several seconds” after the take-over request (SAE J3016, 2016, p. 6). According
to Petermeijer et al. (2015b), Zeeb et al. (2015), and Kerschbaum (2015), resuming control
from an automated vehicle involves both physical and mental components. The driver
resuming control must 1) shift visual attention from the current task to the road, 2) scan
the driving scene to cognitively process and evaluate the traffic situation and select an
appropriate action, 3) move hands and feet to the steering wheel and pedals so that
control inputs can be made, and 4) implement the appropriate action by actuating on the
steering wheel and/or pedals as shown in Figure 34.
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Figure 34. The take-over process as defined in Petermeijer et al. (2015)
In an attempt to create an understanding of how long drivers need to resume control from
an automated vehicle, Chapter 4 reviewed the literature on control transitions and found
that drivers take a median of 2.5 seconds, but in some cases even up to 15 seconds to
resume control in urgent scenarios (Merat et al., 2014). Chapter 4 also showed that when
drivers are requested to resume control without time pressure they take between 2.1 and
3.5 seconds longer than the reaction times reported in the literature, depending on task
engagement (Eriksson & Stanton, 2017c). Moreover, Chapter 4 argued that only
considering the “average driver” is insufficient, because it excludes a large part of the
driving population due to the long tail of the reaction time’s distribution (see also:
Wickens, 2001). According to Petermeijer et al. (2016), reaction times for drivers engaged
in non-driving tasks may be faster if additional vibrotactile feedback is provided,
compared to visual-only warnings. Scott and Gray (2008) found that tactile warnings lead
to a decrease in brake reaction times when compared to no warnings and visual warnings.
These effects may be due to the fact that haptic feedback competes less for perceptual
resources than visual feedback (Wickens et al., 2015) as driving is primarily a visual task
(Sivak, 1996).
Research has indicated that drivers visually assess their environment in preparation for
action, after receiving a tactile warning (Navarro et al., 2006; Suzuki & Jansson, 2003). The
vibrotactile modality is not very effective in conveying complex information and should be
primarily used to convey warnings (Gallace & Spence, 2014; Meng & Spence, 2015). Visual
displays are, on the contrary, easily understood and can convey complex information
(Meng & Spence, 2015), which can be simultaneously processed if is directly linked to the
surrounding scene (Foyle et al., 1995). Consequently, the primary use case for visual
displays should be to convey context and semantics to the driver, whereas vibrotactile, or
auditory could be used to direct attention or provide warnings (Stanton & Edworthy,
1999).
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A well-designed Human-Machine Interface should, therefore, pre-cue the driver to resume
control using haptic or auditory warnings and provide additional information through the
visual or auditory channel to assist the driver in regaining situation awareness. The issue
of how to support the driver by means of feedback or actions is part of an automation
framework proposed by Parasuraman et al. (2000). Per this framework, automation can
be divided into four stages: information acquisition, information analysis, decision
selection, and action implementation (in short, acquisition, analysis, selection, and
implementation). According to Parasuraman et al. (2000), a technological system can
involve different levels of automation within each stage. Note that Parasuraman et al.
(2000) based their model on existing models of human information processing, which
explains the similarities between the stages of their framework and the stages in the takeover process described above (Figure 34). An automated vehicle can be categorised in
different stages of automation depending on where it lies on the SAE scale (SAE J3016,
2016). A vehicle with Level 2 SAE automation would score highly on information
acquisition and analysis whilst it would score in the lower quarter for decision selection,
and midway on the scale of action implementation (i.e., lack of automatically initiating lane
changes, and executing such manoeuvres as well as limitations on the force the vehicle can
exert on the steering system). On the other hand, a fully automated vehicle (SAE level 5)
would score in the top range on all four scales as the vehicle would be able to alter the
route to a destination to accommodate disturbances in traffic such as overtake slow
moving vehicles. However, if a conditionally automated vehicle (SAE Level 3) reaches its
functional limits and presents a take-over request to the driver, this inherently means that
the automated system cannot implement actions anymore and requires driver intervention
to continue to function safely. Despite no longer being able to implement actions the
system could still assist the driver in getting back into the take-over process through a
Human-Machine Interface displaying information available from the remaining three
stages. A take-over request consisting of a notice in the instrument cluster combined with
an auditory signal, as in Gold et al. (2013), would be considered a lower level of acquisition
(see Figure 35. acquisition – low). A higher level of acquisition (acquisition – high) would
provide additional information why it issued the take-over request. Moreover, a user
interface that also provides information about the surrounding traffic situation (Stanton et
al., 2011) and suggests actions (Zimmermann et al., 2014) would score highly on
information analysis and decision selection, respectively.
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Figure 35. Qualitative representation of the four levels of information support, namely
acquisition – low (red solid), acquisition – high (blue dotted), analysis (orange
long dashes), selection (green short dashes). Adapted from Parasuraman et al.
(2000)
The benefits of driver assistance systems have been widely reported in the literature, for
example: forward collision warning systems decreased brake reaction times (Banks et al.,
2014; Coelingh et al., 2010; Coelingh et al., 2006) and a haptic gas pedal was found to yield
safer car following behaviour (McIlroy et al., 2016). However, detrimental effects of driver
assistance systems have also been reported, primarily in aviation, such as complacency
(Parasuraman et al., 1993), skill degradation (Haslbeck & Hoermann, 2016; Wiener &
Curry, 1980) and miscommunication between pilot and system (Eriksson & Stanton, 2015,
2017a; Salmon et al., 2016) as shown in Chapter 2.
Another issue that arises with increasing automation across the different levels is
automation bias, also known as errors of omission or commission. An error of omission
occurs when operators fail to implement an appropriate action because they were not
informed by the automated system (Eriksson & Stanton, 2015; Stanton et al., 2011;
Stanton et al., 1997; Stanton et al., 2001b). An error of commission occurs when operators
implement a suggested action by the automated system, without considering other
indicators, suggesting that the action is incorrect (Skitka, Mosier, & Burdick, 1999),
examples of such errors are given in Chapter 2.
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Mosier et al. (1996) found that automation bias occurs not only for untrained operators
but also for experienced pilots, suggesting that automation bias is a persistent problem for
any support system. In highly automated driving, an error of commission could lead to
dangerous situations (Stanton & Salmon, 2009) when the system suggests an unsafe action
in a take-over scenario. For example, when the system falsely instructs the driver to
change lane whilst the target lane is occupied by other vehicles. Parasuraman, Sheridan,
and Wickens (2008) argue that eye tracking is a useful tool to assess complacency or
automation bias. They also mention several studies (Manzey et al., 2006; Metzger &
Parasuraman, 2005; Thomas & Wickens, 2004), which show that attention moves away
from the primary task when operators are complacent. Similarly, Langois and Soualmi
(2016) argued that to give clues “what the driver possibly detected and analysed”, eyetracking should be used (p. 1578).
The aim of this experiment was to investigate driver behaviour throughout a take-over
scenario. Namely, how driving performance and drivers’ gaze behaviour was affected
when providing various degrees of automation within the automation levels acquisition,
analysis, selection, and implementation. It was expected that drivers under higher levels of
automation support were more effective (i.e., implemented actions more correctly) and
faster (i.e., decreased response-times) in their decision-making process, based on findings
by Langlois and Soualmi (2016). Moreover, it was hypothesised that for higher levels of
automation drivers were be more prone to automation bias and followed the automation’s
suggestion more often without verifying the safety of the suggested action (Parasuraman,
Molloy, & Singh, 1993).

7.1 Method
7.1.1

Participants

25 participants (14 male, 11 female) with a mean age of 25.7 years (SD = 3.9) and an
average driving experience of 8.3 years (SD = 4.1) were recruited for participation in this
study. The study complied with the American Psychological Association Code of Ethics and
had been approved by the University of Southampton Ethics Research and Governance
Office (ERGO number: 19930) and all participants provided written informed consent.

111 | P a g e

Augmented reality guidance for control transitions in highly automated driving

7.1.2

Apparatus

A BMW 6-series fixed-base simulator, operating the SILAB (version 4) driving simulator
software was used in this experiment. It offered a 180° front view and rear projections for
every mirror (left, inner, and right), generated by six projectors. Road and engine noise
were played back, and low-frequency vibrations were provided via a bass shaker in the
driver seat. The automation could be toggled by pressing a button (with a diamond-shaped
icon) on the steering wheel. Turning the steering wheel more than 2° or pushing the brake
pedal disengaged the automation. An icon located between the speedometer and
tachometer indicated the automation status (i.e., unavailable, active, or inactive).
The participants played “Angry Birds” as a secondary task during the intervals of highly
automated driving. Since it is an interruptible task that does not penalise the player for
switching to another task, Angry Birds was deemed suitable. The driver played the game
on a Lenovo A7-50 7-inch tablet, which was mounted by the centre console, in front of the
radio.
The participants’ head and gaze motion were tracked using a three-camera remote system
(Smart Eye Pro 6.1; Smart Eye, 2016). Simulation and eye tracking data were synchronised
and logged at 60 Hz. The vehicle environment was modelled in the Smart Eye software to
relate gaze and real-world objects: the windshield, rear view mirrors, cluster display, and
tablet were defined as areas of interest (AOI).
7.1.3

Take-over scenario

During each condition, the highly automated vehicle drove in the right lane on a two-lane
highway at 110 km/h and approached a slow-moving vehicle (truck, tractor, or moped)
driving at 58 km/h (see Figure 36). When the time to collision (TTC) with the obstacle
underran 12 s, the automation issued a take-over request. Simultaneously, a group of
other vehicles, driving at 150 km/h, approached in the left lane. The column was, in the
moment of the take-over request, either approximately 160 m behind (i.e., the first vehicle
would pass in approx. 14 s), so that the driver could safely change lane (i.e., steering
scenario), or approximately 50 m behind (i.e., the first vehicle would pass in approx. 4.5 s)
so that the driver was required to reduce the speed of his or her vehicle (i.e., braking
scenario).
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Figure 36. The two possible take-over scenarios. Top: the group of cars is too close to
change lane safely and the driver is expected to brake (i.e., braking scenario).
Bottom: the group of cars is far enough away for the driver to overtake the
vehicle safely (i.e., steering scenario).
7.1.4

Human-Machine Interface

To reduce the time needed to respond successfully to a request for manual control, a bimodal feedback paradigm was utilised. It has previously been shown that such feedback
can be used to improve drivers’ situational awareness, but this has been shown to have
little effect on the immediate control transition process (Lorenz et al., 2014; Narzt et al.,
2006). However, research suggests that this type of feedback may aid in decision making
on a tactical, rather than operational level (Michon, 1985). The user feedback in this
experiment consisted of vibrotactile stimuli in the seat, provided by vibration motors
(Figure 37). Simultaneously to the vibrotactile warning, an augmented reality display
based on Zimmermann et al. (2014) and Lütteken et al. (2016) showed warnings,
information, or action suggestions for potential courses of action that the driver could take
(Figure 38). Depending on whether the drivers faced a braking or a steering scenario, the
information analysis and decision selection visuals were redundantly encoded by different
colour (red and green; i.e., having a well-established symbolic meaning in a similar fashion
to Lorenz et al., 2014), shape (wide or narrow carpet), and direction (left or backwards
‘yield’-arrows).
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This study tested four different types of information support conditions during the takeover scenario with various levels of automation (see Figure 35):
1. Information acquisition–low: A simple vibrotactile warning indicating that the
driver had to resume control. The vibration seat (Figure 37) presented a series of
three 320 ms pulses (70 ms engaged, 250 ms disengaged) in all 48 motors in the
seat to inform the driver he/she needed to resume control. No additional visuals
were presented in this condition (Figure 38). This vibration was the baseline
condition.
2. Information acquisition–high: In the same moment of the take-over request (i.e.,
the vibrotactile warning), an augmented sphere highlighted the slowly moving
obstacle coming up ahead (Figure 38, top right; similar to Zimmermann et al.,
(2014); Langlois and Soualmi (2016)). The vibration and the sphere overlay were
the sphere condition.
3. Information analysis: In addition to the vibrotactile warning, an augmented-reality
overlay informed whether there was a gap in the left lane for the driver to change
into. A wide, green carpet in the left lane announced the available space in the
other lane (like in Zimmermann et al., 2014; Figure 38 middle left), whereas a
narrow, red road barrier between the lanes emphasized a no-passing zone
(inspired by the H-Mode visual feedback; Damböck et al. (2012b); Figure 38
middle right). The vibration and visual information formed the carpet conditions.
4. Decision selection: At the same moment of the vibrotactile warning, augmented
reality arrows suggested the driver to change lane, or to brake (Figure 38 bottom
left and right; see Zimmermann et al., 2014). The vibration and the action
suggestion displays represented the arrow conditions.
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Figure 37. Illustration of the vibrotactile seat and the location of the 48 vibration motors
(i.e., white circles). The motors are arranged in two matrices of 6x4 motors.
One in the seat back, the other in the seat bottom.
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Figure 38. The visual interface for the four levels of support. Top left (baseline): No visual
support in both scenarios. Top right (sphere): a sphere highlighting the slow
moving vehicle ahead in both scenarios. Middle left (carpet): a green carpet in
the left lane for the lane change scenario. Middle right (carpet): a red barrier
covering the lane markings for the braking scenario. Bottom left (arrow): a
green arrow pointing left for the lane change scenario, Bottom right (arrow): a
red arrow pointing backwards, for the braking scenario.
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7.1.5

Experimental design

A within-subject, repeated measures design was used with the conditions permutated in a
Latin square design for the different user interface solutions. The participants drove 4
trials with the four support types, namely (1) information acquisition–low, (2) information
acquisition–high, (3) information analysis, and (4) decision selection. During each trial, the
participant experienced six take-over events of which three was a braking scenario and
three was a steering scenario (cf. Figure 36). Each trial lasted approximately 12 minutes,
with a request to resume control due to a braking, or steering scenario every 2 minutes.
After each trial, participants were asked to step out of the vehicle to have a break and to
fill out two questionnaires.
7.1.6

Dependent measures

The experiment employed several objective measures to capture performance, timing and
gaze behaviour, namely:


Success rate: In the steering scenario, a manoeuvre was considered successful when
the driver changed lanes before the cars in the adjacent lane passed. In the braking
scenario, a manoeuvre was regarded as successful when the participant made a lane
change after all cars in the adjacent lane had passed.



Braking rate: The percentage of scenarios in which the participants used the brake
pedal.



Eyes-on-road response-time: The time it took drivers to move their gaze to the road
ahead after a take-over request was issued.



Hands-on-wheel response-time: The time it took drivers to put their hands back on the
steering wheel when a take-over request was issued, measured with induction coils in
the steering wheel.



Steer response-time: The time it takes for the driver from the onset of take-over
request to the onset of a steering input larger than 2°. Gold et al. (2013) stated that
steering wheel angles smaller than 2° are used to stabilise the vehicle and that values
larger than 2° can be considered a conscious steering action.



Brake response-time: The time it takes for the driver from the onset of take-over
request to the onset of a depression of the brake pedal larger than 10% as defined in
Gold et al. (2013).



Lane change time: The lane change time is the time from the onset of the take-over
request to the moment that the participant’s vehicle crossed the lane boundary.
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Gaze behaviour: The mean and standard deviation of the head heading was used as a
measure of the scanning behaviour of the participants.

In addition, two questionnaires were utilised as subjective measures for workload and
acceptance:


The NASA raw TLX was used to evaluate the perceived workload per condition (Byers
et al., 1989; Hart & Staveland, 1988). The questionnaire consists of six items: mental
demand, physical demand, temporal demand, performance, effort, and frustration. The
items have a 21-tick Likert scale, ranging from “very low” to “very high”, except the
performance-scale which ranges from “perfect” to “failure”.



A technology acceptance questionnaire (Van Der Laan et al., 1997) was used to
measure the usefulness and satisfaction of the different support types. The usefulness
score was determined across the following items on a semantic-differential five-point
scale: useful–useless, bad–good, effective–superfluous, assisting–worthless, and
raising alertness–sleep inducing. The satisfaction score was determined by four items
(2, 4, 6, 8) the usefulness score by the remaining five.

7.2 Analysis
Due to the non-normal distribution of the control transition data, non-parametric
Friedman’s tests with Wilcoxon signed rank tests (with the alpha level corrected for
multiple comparisons), were used for the objective measures. Effect sizes of the
Friedman’s test was calculated through the Kendall’s W test as 𝑁 = χ2 /𝑁(𝑘 − 1), where χ2
is the Friedman test statistic value, N is the number of participants, and k is the number of
measurements per participant. For the Wilcoxon signed rank tests effect sizes were
calculated as 𝑟 = |𝑍|/√𝑁, where Z is the Z-score obtained from the statistic, and N is the
number of participants.
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7.3 Results
In 79.6% of the braking scenarios, the participants made a lane change after all the cars in
the adjacent lane had passed, whereas in 95.0% of the steering scenarios the participants
performed a lane change ahead of the cars in the adjacent lane (Table 11). A further
investigation of visual support conditions indicated that participants changed lane
erroneously more often in the baseline and sphere conditions than in the carpet and arrow
conditions (Table 11).
Similarly, in the steering scenario, the sphere seemed to yield less successful lane changes
and more braking actions compared to the baseline, carpet, and arrow.

Table 11. Success rate and braking rate for steering and braking scenarios as a function of
the support condition.
Braking scenario

Steering scenario

Success rate

Braking rate

Success rate

Braking rate

Baseline

76.0%

88.0%

96.0%

12.0%

Sphere

75.7%

83.8%

85.3%

32.0%

Carpet

82.7%

94.7%

100.0%

8.0%

Arrow

84.0%

94.7%

98.7%

4.0%

Overall

79.6%

90.3%

95.0%

14.0%

Figure 39 shows the distributions of response-times to the take-over request for eyes on
road, hands on steering wheel, brake input of more than 10%, steering input of more than
2°, and the lane change for the braking scenarios. Figure 40 shows the same distributions
for the steering scenarios. The corresponding medians, interquartile ranges (IQRs), min
and max values for the distributions are provided in Table 12.
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Figure 39. Braking scenarios. Top: The eyes-on-road, hands on, brake, steer, and lane
change response-times during the braking scenarios. Each cross represents
the response-time of a single take-over request of a participant. Bottom: The
fitted lognormal distributions of the response-times.
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Figure 40. : Steering scenarios. Top: The eyes on road, hands on, brake, steer, and lane
change response-times during the steering scenarios. Each cross represents
the response-time of a single take-over request of a participant. Bottom: The
fitted lognormal distributions of the response-times.

121 | P a g e

Augmented reality guidance for control transitions in highly automated driving

Table 12. Median and interquartile range (IQR), min and max for the two scenario types
per response-time (s).
Response-time
Eyes on road (s)
Hands on (s)
Brake (s)
Steer (s)
Lane Change (s)

Braking scenarios
Min
Median
IQR
1.28
3.65
0.11
1.53
1.31
0.13
1.73
0.73
0.53
2.99
1.81
1.4
2.88
0.92
1.1

Max
13.78
17.45
9.68
9.5
5.08

Steering scenarios
Min
Max
Median IQR
1.01
3.28 0.11 8.21
1.56
0.8
0.13 7.03
2.13
1.31 0.66 9.11
2.69
2.06
1.7 18.56
2.69
1.25 1.01
8.6

No significant main effect could be found for the effect of the different visual support
systems on first steering input larger than two degrees in both the braking scenario,
χ2(3) = 1.000, p = 0.801, W = 0.01, and the steering scenario, χ2(3) = 3.720, p = 0.293,
W = 0.04.

Figure 41. Adjusted box-plot showing the reaction time to a lane change in the braking and
steering scenario
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Moreover, a significant main effect of the different information levels, χ2(3) = 9.048,
p = 0.002, W = 0.12 could be found on the time from take-over request to the completion of
the lane change in the braking scenario (Table 13, Figure 41). Post-hoc analysis found a
significant difference in lane change execution time between the carpet and the arrow in
the braking scenario (Table 14).
Table 13. Median and interquartile range (IQR), min and max of the lane change time (s) to
the take-over request.
Reaction
time

Braking scenario

Steering scenario

Median IQR Min Max

Median IQR Min Max

Baseline (s)

20.38

3.86 7.37 23.26

6.96

1.79 4.08 21.4

Sphere (s)

20.75

5.87 7.43 23.32

6.65

1.77 4.76 27.56

Carpet (s)

20.75

3.20 7.82 24.24

5.53

0.98 3.91 8.622

Arrow (s)

21.36

1.93 6

5.60

1.93 3.97 12.38

26.9

Table 14. Paired comparisons between the four conditions regarding the time it took
drivers to change lane after the take-over request in the braking scenario
Braking scenario
Baseline

Sphere

Z

p

r

Sphere

-0.632

0.527

0.12

Carpet

-0.35

0.726

Arrow

-2.57

0.010

Carpet

Z

p

r

0.07

-1.359

0.174

0.27

0.51

-2.085

0.037

0.41

Z

p

-2.973 0.003*

r

0.59

Note: * indicates a significant difference at the Bonferroni corrected Alpha level (0.0083)
A significant main effect of the different information levels, χ2(3) = 13.609, p = 0.003,
W = 0.18 on the time it took to change lane in the steering scenario was found. Bonferronicorrected Wilcoxon signed-rank posthoc tests showed a significantly faster execution of
the lane change for the carpet compared to the sphere and baseline (p < 0.01 and p < 0.01,
respectively), Table 15.
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Table 15. Paired comparisons between the four conditions regarding the time it took
drivers to change lane after the take-over request in the steering scenario.
Steering scenario
Baseline

Sphere

Z

p

r

Sphere

-0.843

0.399

0.16

Carpet

-3.054

0.002*

Arrow

-1.988

0.047

Carpet

Z

p

r

0.61

-3.861

< 0.001*

0.77

0.39

-1.978

0.048

0.39

Z

P

r

-0.861

0.389

0.17

Note: * indicates a significant difference at the Bonferroni corrected Alpha level (0.0083)
7.3.1

Eye movements

Figure 42 shows the mean head heading angle across participants in the four driving
conditions, for the steering and braking scenario. The solid lines show the average between
drivers, whereas the shaded area shows the standard deviation measured across
participants. Before the take-over request was issued, the heading had an offset towards the
right (positive values) as the participants performed the secondary task that was located on
their right. After the take-over request was issued, the heading shifted to the left. About
50 m after the take-over request, the standard deviation across participants dropped, which
suggests that the participants focused on the road ahead. In the braking scenario, it seems
that when the arrow was presented, the participants shifted their attention less towards the
left than in the other three conditions. There seems to be no difference in heading between
the four conditions of the steering scenario.

124 | P a g e

Figure 42. An overall comparison between the 4 conditions in the steering, and braking
scenario. The black line shows overall mean head-heading across conditions.

Significantly (p < 0.01) larger heading angles to the left were found for the baseline
condition compared to the arrow condition, in the braking scenario from 80–110 meters
post take-over request, Figure 43. This effect may be due to the semantic meaning of the
arrow efficiently conveying that it was not safe to move into the adjacent lane and
therefore reducing the need to check the status of the left lane until the symbol had
disappeared. Another potential explanation concerns the location where the arrow was
presented. The arrow appeared in the centre of the lane ahead of the driver (Figure 38),
possibly reducing the perceived need to visually assess the leftmost lane.
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Figure 43. Top: Mean and standard deviation of (head) heading angle across participants
as a function of travel distance for the baseline and arrow conditions. The vertical dashed
line indicates the moment of take-over request. Bottom: paired t-test for the head heading
angle between the baseline and arrow conditions. It’s worth noting that the values in the
bottom graphs are the negative base-10 logarithms of p, meaning that high values
represent low p-values. The horizontal dashed lines show the threshold for significant
differences (p < 0.01).
7.3.2

Satisfaction and usefulness scale

The results of a Friedman’s ANOVA showed significant differences in perceived usefulness
of the different information support systems χ2(3) = 22.716, p < 0.001, W = 0.30. As shown
in Figure 44, sphere scored lowest of all the assessed user interfaces whereas a significant
increase in satisfaction for arrow and carpet when compared to both baseline, and sphere
which scored significantly lower than the baseline condition (Table 16).
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Figure 44. Mean satisfaction and usefulness score per condition. The grey error bars
indicate the mean ± 1 standard deviation across participants. Mean (SD)
usefulness: 0.66 (0.87), 0.33 (0.94), 1.09 (0.80), and 1.16 (0.74), for baseline,
sphere, carpet and arrow, respectively. Mean (SD) satisfaction: 0.64 (0.92),
0.13 (0.97), 0.88 (0.83), 0.82 (0.95), for baseline, sphere, carpet, and arrow,
respectively.

Table 16. Paired comparisons between the perceived usefulness in the four conditions.
Usefulness
Baseline

Sphere

Z

p

r

Sphere

-1.633

0.102

0.32

Carpet

-1.937

0.053

Arrow

-2.990

0.003*

Carpet

Z

p

r

0.38

-3.436

0.001*

0.68

0.59

-3.538

< 0.001*

0.70

Z

p

r

-0.526

0.599

0.10

A Friedman’s ANOVA of perceived satisfaction showed significant differences between the
different information support systems χ2(3) = 11.882, p = 0.008, W = 0.15. Post-hoc
Wilcoxon signed-rank analysis using the Bonferroni correction in Table 17 showed
significant differences between the sphere and the carpet conditions.
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Table 17. Paired comparisons between the perceived satisfaction in the four conditions.
Satisfaction
Baseline

Sphere

Z

p

r

Sphere

-1.79

0.074

0.35

Carpet

-0.907

0.364

0.18

-3.236 0.001*

0.64

Arrow

-1.146

0.252

0.22

-2.432

0.48

7.3.3

Z

p

Carpet

0.015

r

Z

p

r

-0.14

0.888

0.02

Overall workload

The results of a Friedman’s ANOVA showed significant differences in self-reported overall
workload (Table 18) as measured by the NASA-TLX levels χ2(3) = 10.736, p = 0.013, W =
0.14. However, no significant differences could be found when carrying out a Bonferroni
corrected Wilcoxon signed-rank posthoc analysis.

Table 18. Mean and standard deviation of the self-reported workload in the different
experimental conditions.
Workload
Baseline

Sphere

Carpet

Arrow

M (SD)

M (SD)

M (SD)

M (SD)

Mental demand

8.36 (4.51)

8.44 (4.52)

7.20 (4.34)

7.04 (4.45)

Physical demand

5.04 (2.55)

5.36 (3.21)

4.56 (2.84)

4.92 (2.98)

Temporal demand

8.88 (3.99)

9.20 (4.45)

7.20 (4.26)

7.28 (4.51)

Performance

7.08 (3.45)

6.84 (3.42)

6.52 (3.95)

6.48 (3.29)

Effort

7.84 (3.95)

6.64 (2.72)

6.52 (3.74)

6.12 (3.29)

Frustration

7.40 (3.61)

7.84 (4.26)

6.80 (4.21)

6.76 (4.07)

Total

7.43 (2.80)

7.38 (2.71)

4.46 (2.99)

6.43 (3.01)
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7.4 Discussion
7.4.1

Success rate and braking rate

The results show that drivers had an overall success rate of over 79.6% in the braking
scenarios and 95.0% in the steering scenarios. The success rate for the arrow and carpet
conditions are higher compared to the baseline and sphere conditions, indicating that
higher levels of support assist the driver more effectively. Similar improvements have
been shown by Lorenz et al. (2014) who observed “more consistent steering actions”
when guided by their augmented reality carpets, which is in line with the notion that the
human-machine interface can support drivers in gaining a higher level of control(Chapter
Five) if it is designed in a way that facilitated the acquisition of Common Ground through
utilising the Gricean Maxims (Chapter Two). Moreover, Zimmermann et al. (2014), who
reported higher success rates when employing carpets and arrows.
In the steering scenario, there is a lower braking rate for arrow and carpet as compared to
baseline and sphere, indicating that drivers, supported by higher level semantic feedback,
made their decision to change lane more effectively. The higher percentages of braking in
the baseline and sphere conditions in the steering scenario could potentially be accounted
for through the drivers braking due to their uncertainty of actions and to increase their
time budget for making a decision. Contrary to expectations, the sphere did little to
improve driver decision making but rather degraded it compared to baseline. It could be
that the driver misinterpreted the sphere as a warning to a critical situation ahead,
resulting in increased braking. Similarly, Lorenz et al. (2014) found increased braking
rates when the road and the slowly moving vehicle ahead were highlighted in red
compared to a green carpet indicating a lane change. These findings indicate that merely
highlighting an object in the vehicles path is too ambiguous, and that interfaces need to be
designed in a way that is unambiguous and relevant for the situation at hand in
accordance with the Maxims presented in Chapter two. Indeed, based on these results, it
seems like supporting drivers with the higher levels of semantic feedback could mitigate
the instinctive braking response as the display sufficiently informed them of the current
situation. These results are also in line with Langlois & Soualmi (2016), who found that
drivers braked smoother after a take-over request when they were supported by an
augmented reality head-up display.
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7.4.2

Response-times

The non-significant effects between the four conditions regarding the response-times of
eyes on road, hands on the steering wheel, braking over 10%, and steering inputs over 2°,
indicate that the initial response is not affected by the information presented to the driver.
This is not unexpected as these measures are an indication of the “repositioning” phase
during the take-over scenario whereas the interface was intended to assist the driver in
the “cognitive processing and action selection”.
Similarly, studies by Lorenz et al. (2014) and Langlois and Soualmi (2016) showed no
significant differences in initial response-times between two visual interfaces (i.e.,
augmented red or green carpets) or the control condition.
Consistent with the lower success rates of the baseline and sphere conditions, the carpet
yielded faster lane change times than the sphere, which exhibited a substantially larger
range in the steering scenario. A similar trend can be found in the braking scenario,
although a decrease of 0.6 seconds is relatively small compared to the approximately 20
seconds it took the drivers to change lane (Table 13). The 0.6 seconds decrease between
carpet and sphere in the steering scenario is somewhat more substantial in light of the
lane change times of approximately 6 seconds, especially given the substantial difference
in range in carpet and sphere (3.91-8.62 seconds and 4.76-27.56 respectively). These
results are in line with research by Damböck et al. (2012b), who found that drivers
receiving information about the vehicle’s trajectory and a lead-vehicle’s tracking (in a
contact-analogue head-up display) showed faster reactions than those without the
support. In this study, these improvements increased further with an increasing level of
feedback semantics, to where spatial relationships and colour coding as in the carpet
interface concept where shown.
However, the hypothesis that higher levels of semantic feedback would yield beneficial
effects on the take-over process only seems to hold until a certain level. Support beyond
the carpet feedback (i.e., analysis stage) does not seem to decrease the reaction times. In
fact, in the braking scenario the arrow produced slightly slower (i.e., 0.7 seconds) lane
change times compared to the carpet. It could be argued that the carpet accomplishes this
through its salience (i.e. it takes more space in the visual field than the arrow interaction
concept), and its location (i.e. the carpet clearly illustrates an available gap to change into),
in a colour that indicates it being safe to do so.
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The barrier is illustrated in a colour that indicates danger in western societies (Stanton,
1994; Wogalter, 2006), in the same position as the solidly drawn line on normal road
markings when overtaking manoeuvres should be avoided. Another explanation for the
slower response-times might be that the higher semantic level of the arrow requires
further mental processing than the carpet and barrier with lower level semantics in the
carpet condition. Indeed, according to Chapter 2, information should not be more
informative than needed (Grice, 1975), but rather aim to convey the intended message
with the least amount of effort when it comes to interpreting it (Eriksson & Stanton,
2017a).
Information in the interface should be relevant to the task whilst being presented
unambiguously. This may explain the results indicating that the sphere was deemed less
usable, whilst producing worse action implementation behaviour than the baseline and
the other human-machine interfaces conditions Moreover, it may also explain why the
carpet outperformed the arrow interface, as the human-machine interface elements were
placed in areas of the environment where they were highly relevant to the task and
required actions without increasing the cognitive effort in interpreting the humanmachine interface in accordance with the principles of communication outlined in
Chapter 2.
7.4.3

Gaze behaviour

The argument that the arrow required more effort to interpret is strengthened by the eye
scanning behaviour in the braking scenario (Figure 42, left) indicating that the arrow
required more glances forward compared to the other three levels of feedback. The
baseline, sphere and carpet interfaces all show similar gaze behaviour, shifting the
attention to the left. The differences in glance behaviour between the carpet and the arrow
conditions can be attributed to the lateral offset of the carpet Human-Machine Interface,
which would prompt the driver to check whether the barrier still is shown before
changing lane compared to the arrow overlay which is presented directly in the drivers’
field of view. Moreover, when comparing the arrow to the baseline condition, the arrow
condition reduced the number of glances to the left lane in the braking scenario. It seems
that the drivers found the information produced by the Human-Machine Interface (i.e.
“yield arrow”) sufficient to determine that they would not change lane and thus found less
need to check the adjacent lane. Consequently, it could be argued that the driver showed
complacent behaviour in the braking scenario.
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The gaze behaviour in the steering scenario, however, seemed similar between all
conditions (Figure 42), indicating that the drivers did check the left lane before changing
into it. This indicates, that the drivers double-checked the system’s suggestion before they
implemented an action. Contrary to the hypothesis, the participants seemed not to be
prone to automation bias. Yet, the participants experienced the interaction concepts for a
rather short time (approx. 12 min) and a longitudinal study should be performed to make
any conclusive statements.
In terms of perceived usefulness of these interaction concepts, drivers found no difference
between the carpet and arrow conditions, further strengthening the case for the use of an
appropriate level of semantics in the feedback. Moreover, drivers found both the carpet
and the arrow more satisfying than the sphere, which was found to perform worse than
the baseline. It was also found that driver satisfaction was higher for the carpet than the
sphere, but that carpet and arrow produced similar scores. Zimmermann et al (2014) also
showed that the carpet and arrow were rated higher, especially when they were used
together. These results, combined with the small differences in workload between the
conditions, indicates that drivers experienced “equal” assistance from the carpet and
arrow whereas carpet produced more favourable behaviours in terms of gaze and driver
behaviour, and reaction times. Moreover, the comparatively worse driving performance in
the sphere session combined with the low satisfaction and usefulness scores may indicate
that drivers’ attention was captured by the user interface elements, but that the
information it conveyed was insufficient (with a too high importance), and therefore
yielded worse performance as drivers attempted to buy time to interpret the HumanMachine Interface, leading to lower satisfaction and usefulness scores.

7.5 Conclusion
The study described in this chapter assessed four types of human-machine interfaces with
increasing levels of semantic meaning, classified along the stages of automation suggested
by Parasuraman (2000). It was hypothesised that drivers would benefit from the data
acquired by vehicle sensors by automating information acquisition, and information
analysis to aid decision selection before and during transitions to manual vehicle control
following highly automated driving. That the user interfaces assessed in this chapter
would help with the initial driver response to the take-over request (i.e., the shift of
attention and the repositioning phase, see Figure 34) was neither expected nor found (as
the initial reaction times failed to show significance).
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Significant improvements appeared however when assessing the effect of the user
interface in the cognitive processing and action selection phase. Drivers had to assess
whether to brake or to change lane after the request to resume control in this phase.
Merely highlighting an obstacle did little to improve driver behaviour, but rather
increased the amount of unnecessary braking, as drivers slowed down seemingly to gain
more time to assess the situation when the human-machine interface was insufficient as
described in Chapter 6. This behaviour was not as prominent in the baseline condition.
Moreover, when drivers experienced the carpet or arrow interaction concepts, a
substantial improvement in correct and timely action implementation was observed
(between 3.91-8.62 seconds in the carpet and 3.97-12.38 seconds in the arrow condition
compared to 4.08-21.4 seconds in the baseline condition and 4.76-27.56 seconds in the
sphere condition). This could be a result of the support of the interface in the cognitive
processing and action selection phases. Out of the two higher-level, semantic interfaces,
the carpet and arrow outperformed the sphere and baseline concepts in terms of
response-time.
However, the gaze behaviour in the braking scenario indicated complacent behaviour of
the driver (i.e., not double-checking if the adjacent lane was indeed blocked). In light of
these results, it seems that the relationship—when it comes to improving driver
performance using increasing levels of information support—is not as straightforward as
hypothesised. That is, the effect of a system on driver performance is not only dependent
on the level of information that it provides but is dependent on many factors like the
salience and location of the provided support as previously argued in Chapter 2. Moreover,
providing the driver with low-level support might be detrimental to the response of
drivers, since they have more information to interpret than they would in a baseline
scenario (Eriksson & Stanton, 2017a). Interface designers should take these findings into
account since it is not easy to predict whether an interface will have the intended
beneficial effect or whether it might be detrimental to performance.
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It is, therefore, in accordance with Chapter 2, recommended to maintain salient feedback
in the relevant location, i.e. carpet in the lane where there is room and barrier on the lane
markings. Feedback conveying high-level, semantic information, i.e. the arrows presented
in the driver’s immediate field of view, should be implemented with care, and maybe
reserved for complex situations, where appropriate decision selection is less safety critical
and obvious (Lütteken et al., 2016).
Lastly, drivers rated the overall workload experienced in the take-over scenarios lower
when supported by the high semantic interfaces. This further leads to the notion that a
utilisation of vehicle sensor data may be useful to drivers on a tactical level through aiding
decision making—despite lacking the option to drive automated. In this study, it was
shown that driver decision making can be aided. This results in faster, and more
appropriate actions with reduced workload for the driver; in a scenario where a slowly
moving vehicle is blocking the lane and the driver may choose between changing lane or
reducing vehicle velocity. It has previously been shown that drivers tend to change their
information needs as situations change (Eriksson et al., 2015; Walker et al., 2015).
Therefore, future research on how to design human-machine interaction to improve
feedback and aid decision making should be carried out in a larger variety of situations.
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8 Conclusion
8.1 Introduction
The aim of the research disseminated in this thesis was to study driver interaction with
highly automated vehicles, through a multidisciplinary approach applying lessons learnt in
other domains, using of driving simulations and on-road experimentation. The main
findings are discussed in the sections below, along with a discussion regarding the
contributions and implications, as well as limitations of the research approach. Lastly,
potential avenues for future enquiry are discussed.

8.2 Summary of findings
The research presented in this thesis was structured around four key objectives, the
findings of which are summarised below.
1. Proposing a framework for reasoning about human-automation interaction, based
on linguistic theories into human-human communication.
Chapter two introduced a novel way of reasoning about humans interacting with
automation dubbed ‘a chatty co-driver paradigm’, based on the linguistic principles of
human-to-human interaction. The Maxims of successful conversation proposed by Paul
Grice (1975) was proposed to be used to assess human-automation interaction. Ensuring
efficient communication between driver, and the vehicle is deemed to be of utmost
importance as the driver is further removed from the driving loop in contemporary and
future automated vehicles. As the driver is removed from the driving loop whilst expected
to intervene when the vehicle deems it can no longer cope with a situation, it falls on the
system designer to design feedback that can efficiently guide the driver back into the
control loop. It can be argued that whilst the vehicle requests manual driving, it still has
access to a plethora of sensors that are continuously acquiring information about the
vehicle surroundings, such information could be conveyed to the driver to facilitate the reintegration into the driving loop. This notion was further tested in Chapter 7, where
different types of feedback on the four levels of automation (Parasuraman, 2000) was
used to guide the quality of information available to the vehicle.
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This feedback was then shown to the driver in different Human-Machine Interface
configurations that fulfil different aspects of the Gricean Maxims of Human-Human
communication. Chapter 2 concludes that to reduce the gulf of evaluation in humanautomation systems, Human Factors engineers must ensure that relevant information is
successfully communicated to drivers in an appropriate fashion, as driving, much like
aviation, is a domain where communication breakdowns are a serious threat to safety.
2. Designing Open Source software algorithms that will allow a generic driving
simulator to drive automated, in a way that enables dynamic driver interaction
with the system, and to assess whether the behaviours observed in the simulator
can be found in on-road driving conditions, thus lending validity to the simulator
as a tool for automated driving research.
Chapter 3 introduces the software algorithms developed to enable the Southampton
University Driving Simulator to conduct research into highly automated vehicles. This
software has been a core component in conducting the research presented in this thesis
and was used in Chapters 4 and 6 to assess driver interaction with automated driving
systems. The findings of Chapter 4 was later compared with on road driving conditions in
Chapter 5 which showed a high level of correlation between the behaviours observed on
the road, and in the simulator, indicating a successful reproduction of the automated
driving experience by the algorithms. After the successful use of the algorithms in the
Southampton University Driving Simulator the decision to publish it as an Open Source
software kit was made, thus enabling the STISIM community to utilise the software to
research automated driving Human Factors on a flexible and validated platform which
allows direct comparison between studies. As part of this effort, Cambridge University,
and the University of Southampton were using the algorithms in a Beta-testing stage as
part of the HI:DAVe EPSRC / Jaguar Land Rover TASCC project.
3. Validate the Southampton University Driving Simulator and the algorithms in
Chapter 3 against driver behaviour during real world driving conditions.
This thesis provided behavioural validation (relative validity) of the Southampton
University Driving Simulator for the area of automated driving research. Chapter 4
assessed the take-over times in a simulated highly automated vehicle, and Chapter 5
assessed the correspondence of the findings in Chapter 4 through a correlation analysis of
an on road trial using a sample matched on age and driving experience.
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The chapter found strong correlations for the transition time to, and from, automated
vehicle control (r > 0.96 and r > 0.97 respectively). These findings is of great value to
ongoing research as part of HI:DAVe and future research ventures as well as supporting
the findings in Chapters 4-6 as it shows that the simulator produces results corresponding
to that of on road conditions, and as stated by Rolfe et. al., "The value of a simulator
depends on its ability to elicit from the operator the same sort of response that he would
make in the real situation" - Rolfe et al. (1970, p. 761).
4. Provide design guidance for vehicle manufacturers, and guidelines for policymakers on the transition process between automated and manual driving based on
experimental evidence.
Design guidelines for driver interaction have been proposed based on the theoretical
findings in Chapter 2, through the application of the Gricean Maxims of human-human
interaction onto the interaction between driver, and automated driving systems through
case studies in the aviation domain where automation is prevalent. Further
recommendations were then generated based on the experimental findings of Chapter 7
showing results in line with the theoretical predictions in Chapter 2 (i.e. contextually
relevant feedback produced better driver decisions than other feedback). Furthermore,
design recommendations for the take-over process were made in Chapters 4-6, advising
vehicle manufacturers, and policy makers to accommodate the full range of driver
performance in a similar fashion to what is being done in anthropometrics, i.e.
accommodating the 5th percentile female to the 95th percentile male, rather than focussing
on the average driver response-times. Further recommendations were made for the
handover process advising vehicle manufacturers (in accordance with the SAE guidelines
SAE J3016, 2016) to provide drivers with plenty of time before a transition of control is
made if possible, as this seems to have a positive effect on driving performance in the time
after control has been transferred back to the driver. Lastly, a first of a kind finding
regarding the time it takes drivers to respond to a request to engage automated driving
was disseminated in the academic literature (Eriksson & Stanton, 2017c), and later
validated in on-road trials (Eriksson et al., 2017).
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8.3 Implications of research
8.3.1

Theoretical

This thesis offers a novel application of linguistics to the Human Factors domain, more
specifically in how humans interact with automated agents, such as in automated cars. It
adds to the sparse body of literature regarding communications’ theory used with
automated vehicles and offers an alternate approach in assessing feedback in humanmachine systems by assessing the interaction in the same way as for human-human
interaction. Parts of these findings were then applied in the driving simulator to assess
different Human-Machine Interfaces with results supporting the use of linguistic theory in
the assessment of driver-automation interaction.
Moreover, this thesis provides a novel approach for looking at the control transition
process (Chapter 4, 6), and how long drivers need to resume control from an automated
vehicle that offers a viewpoint different from that of the body of contemporary literature
on the topic. It was suggested that the full range of driver variability should be
accommodated (i.e. 5th percentile driver to 95th percentile driver, as is standard in
Ergonomics and Anthropometrics), rather than focussing on the average driver as
currently undertaken in contemporary research. Throughout this thesis, we have seen that
allowing driver-paced transitions of control can benefit the control transition process by
maintaining workload on an optimal level whilst having little detrimental effects on posttakeover driving performance.
8.3.2

Methodological

This thesis has contributed to three methodological areas, firstly in terms of developing
the first-ever implementation of automated driving made publicly available for the STISIM
driving simulator that allows flexible interaction with the system. This implementation
allows research into more naturalistic behaviours where the interaction between driver
and automation may be studied. An example of such dynamic interaction would be how
drivers engage and disengage the system based on surrounding environmental factors
such as traffic, roadworks or entering urban environments. This type of studies relates to
the second methodological contribution of this thesis to the area of the design and analysis
of semi-controlled studies (Kircher et al., 2016), which is in its infancy in the area of
automotive research.
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This thesis adds to the relatively small body of literature employing semi-controlled study
designs, whilst highlighting its strengths (i.e. by showing that drivers exhibit more
variance in response-time when they are self-regulating the process of resuming control
from an automated vehicle which differs from the literature utilising fixed time-budgets).
Lastly, this thesis provided a validation of the Southampton University Driving Simulator.
The results in Chapter 5 show high correlations for transitions from automated to manual
control, and vice versa (r = 0.97 and r = 0.96 respectively). These results showed relative
validity for the task of transferring control, and thus the research into automated driving
presented in this thesis, and future studies carried out in the Southampton University
Driving Simulator.
This is an important finding as there is little research being conducted (and published) on
automated driving in on-road conditions. As stated in Chapter 5, most contemporary
research is carried out in the simulator, on sub-systems of automation, or on closed test
tracks. The finding of strong correlations between simulated driving, and driving in real
traffic conditions on public roads, lends validity to the research into control transition in
automated driving already disseminated in the contemporary literature.
8.3.3

Practical

It is important to consider the practical implications of the research presented in this
thesis. One of the key areas for consideration is the application of the linguistic theory of
human-human interaction presented in Chapter 2 in generic automotive interfaces as well
as in interfaces to convey information related to automated vehicle status. Moreover, there
is no reason why this theoretical framework cannot be applied to generic human-agent
systems, such as: in the aviation automation, in the design of Human-Machine Interfaces in
medical devices, process control, maritime environments or robotics (Thellman, 2016).
Another area for consideration is the notion of re-integrating the accommodation of interand intra-human variability back into Human Factors, and not limiting it to the physical
Ergonomics / Human Factors domain as is the current practice. This is of particular
importance when designing safety-critical systems, where operators act as crucial fallback components. It is anticipated that these findings will help facilitate the interaction
between humans and other agents by accommodating human variability as well as
designing the interaction in a way that mimics that of human-human communication.
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8.4 Future work
Several opportunities for further academic enquiry have been raised as a result of the
research findings presented in this thesis. These opportunities are summarised below.
8.4.1

Automation and the effect of external factors on the control-transition process

Whilst there is some research exploring the effects of external factors on the controltransition process (Gold et al., 2016; Radlmayr et al., 2014) there is a lack of a systematic
assessment of the effect of e.g. traffic complexity (due to varying degrees of road
infrastructure elements, or traffic density) in driver paced conditions. Eriksson et al.
(2015) found that drivers seek out different information depending on external factors,
such as traffic complexity (in situations such as: entering a city, driving on a motorway
close to a junction, and on an open motorway in low traffic) and time pressure (15, 30 and
120 seconds) in an online test. This lends support to the notion of letting drivers pace the
transition process themselves, but also raises questions regarding situations where a time
budget must be used, such as: how does the required time budget change in different
traffic situations, and what is the minimum time in such situations that allows drivers to
still resume control in a safe manner (with minimum effects on driving performance)
when traffic complexity increases and, does this change when the complexity element is
caused by traffic density as in Radlmayr et al. (2014) or by different characteristics of the
surrounding infrastructure. Moreover, does the information needs change when there are
changes in infrastructure, for example, does drivers seek out information related to what
the host vehicle is detecting as in Stanton et al. (2011), or does the driver want to know
fuel status when on an empty motorway with no visible infrastructure whilst seeking out
more tactical information when approaching an urban environment (Eriksson et al.,
2015).
8.4.2

The role of driver monitoring

Whilst subjective measures of workload and situation awareness are a useful resource in
the research phase, they are of little relevance in an automated driving system used by the
general public. This means that future research should strive to design, and implement a
non-invasive driver monitoring system that allows objective assessment of driver state
and behaviour. If driver state can be accurately determined through such non-invasive
technologies, it would mean that certain elements of driver-vehicle interaction can be
tailored to the situation.
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For example, if the vehicle detects that the driver has its attention focused elsewhere, it
may issue an auditory alert, or even a vibration of the seat pad to alert the driver of the
need to attend the system, and direct attention to where relevant information is available
as exemplified in Chapter 7. Moreover, if information ascertaining driver state were to be
fused with information regarding the external environment, i.e. approaching a junction or
a potential point where an alternate route may be embarked upon, the vehicle could then
alert the driver to this alternative, and actively accentuate that particular piece of
information (I.e. display turn by turn navigation).
Moreover, if driver state can be accurately determined, the vehicle may tailor the takeover process to accommodate the increased time to resume control found in Chapter 4
which showed an increase in control transition time when drivers were engaged in a
secondary reading task compared to passively monitoring the automation. If such a
system were able to determine the type of task the driver is engaged in, and the time on
task, the automated driving system could tailor the control transition process to
accommodate the change in driver response-time. It is therefore recommended that
further research into driver monitoring systems are conducted to ensure a safe, efficient
transfer of control where the driver is re-integrated into the driving loop with the
minimum amount of effort.
8.4.3

The discrepancy between Human Factors Engineering and Vehicle Design

Whilst conducting the research for Chapters 4-6 a discrepancy between what was
observed in the contemporary literature, as well as in the research findings presented in
this thesis with regard to control transition response-times compared to the sensors used
in the automotive industry was identified. It was found that whilst the contemporary
literature shows that it takes drivers between 1.14 and 15 seconds and this thesis found
that it takes drivers between 1.97 and 25.75 to respond to a request to intervene. The
drivers falling in the longer response-time part of this range is cause for concern as
contemporary sensors lack the range sufficient for providing times longer than ~8
seconds due to physical limitations.
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As an example, a driver would have 3.2 seconds to respond to a request to intervene if the
stereoscopic camera from Autoliv (100 meter range , Autoliv, 2016) were to be used, and
5.11 seconds is a medium range radar from Bosch (160 meter range, Bosch, 2016) were to
be used, and if the longest range sensor on the market were to be used (250 meter range,
Bosch, 2009), the driver would have 7.98 seconds to respond to a request to intervene
from an automated vehicle travelling at 70 mph (31.29 m/s) assuming that the vehicle can
identify the obstacle as soon as it is picked up by the sensor.
This discrepancy is worrying, as it has yet to be fully recognised in the academic discourse.
It is therefore recommended that further research is carried out to either improve sensor
ranges, reduce the time drivers need to resume control through adaptive support through
Human-Machine Interface solutions and to increase the reliability of automated driving
system to such an extent that drivers are no longer required to act as a fall-back when the
system fails (SAE Level 3).

8.5 Closing remarks
It is hoped that the research presented in this thesis will encourage the designers of
contemporary and future automated vehicles to consider the importance of the driver in
automated vehicles (up to SAE Level 5 automation) and that the Human Factors
considerations identified in this thesis are addressed early on in the design phase.
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