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Propositions
accompanying the dissertation

Operationalising Meaningful Human Control for
Reason-Responsive Decision-Making in Automated Vehicles

by

Lucas Elbert Suryana
Delft, 10 June 2026

1. Meaningful human control is not an end-state but a principle that should guide the design
of automated-vehicle behaviour. [Chapter 2]

2. The design of automated-vehicle behaviour that responds to human reasons requires me-
chanisms to identify relevant human agents and to quantify the reasons underlying their
actions. [Chapter 3]

3. Human-reason tracking must operate across all components of AV decision-making, from
perception and prediction to evaluation and control. [Chapter 3 & 4]

4. The only way to keep a human operator feeling responsible during automated driving is
to ensure they continuously perceive the situation as potentially hazardous. [Chapters 5
& 6]

5. One challenge in publishing research that operationalises meaningful human control in
system decision-making is avoiding its framing as the sole primary contribution.

6. When writing a research article, you do not need to rush the submission; sometimes the
insights that strengthen a paper emerge later as understanding deepens.

7. The statement ‘This system is fully under meaningful human control’ will never be heard.

8. You cannot fully understand a person by observing only their behaviour; yet many critical
judgements rely on behaviour alone, overlooking the layers of underlying reasons that
shape it.

9. A newborn, although fully human, is not yet meaningfully under human control.

10. Human beings naturally seek to express their intrinsic values beyond themselves, inclu-
ding through the artefacts they create.

These propositions are regarded as opposable and defendable, and have been approved as such
by the promotors Prof. dr. ir. Bart van Arem and Dr. ir. Simeon Calvert and co-promotor Dr.
Arkady Zgonnikov.
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Summary

Automated vehicles (AVs) are expected to improve road safety, efficiency, and accessibility,
yet their behaviour can at times appear overly cautious, rigid, or counter-intuitive, undermining
trust and public acceptance. Existing approaches to address this problem—ranging from ethi-
cal decision-making models to behaviour imitation and interaction-based design—often lack a
principled account of why certain behaviours should occur in specific contexts. This disserta-
tion argues that these limitations stem from the absence of a unified framework that links human
reasons to automated-vehicle decision-making in a transparent and evaluable manner.

To address this challenge, the thesis adopts the philosophical framework of Meaningful Hu-
man Control (MHC), which requires that automated systems both track relevant human reasons
and allow responsibility for outcomes to be meaningfully traced to human agents. While MHC
has been widely discussed at a conceptual level, its technical operationalisation in automated
driving remains underdeveloped. This dissertation advances MHC by translating its normative
principles into an integrated framework that connects ethical reasoning, engineering implemen-
tation, and empirical evaluation.

The dissertation first investigates which human reasons are relevant for automated-vehicle
manoeuvre planning in ethically ambiguous, everyday traffic situations. Empirical findings
from interviews with AV experts show that such reasons are inherently multi-layered, context-
dependent, and often simultaneous, spanning normative, strategic, tactical, and operational con-
siderations. Rather than functioning as fixed values or isolated cost terms, human reasons are
shown to form context-sensitive relationships between underlying motivations and expected
vehicle behaviour. These insights provide an empirically grounded basis for structuring and
prioritising human reasons in automated-vehicle decision-making.

Building on this foundation, the dissertation develops a technical approach for embedding
human reasons within automated-vehicle control architectures. Human reasons are translated
into formal, machine-readable representations by drawing on insights from human-factors re-
search and are integrated through a supervisory evaluation layer that operates alongside existing
motion planning and control frameworks. This approach enables transparent trajectory eval-
uation and adaptive behavioural adjustment without requiring the design of new controllers,
thereby demonstrating a practical pathway for operationalising MHC in real-time decision-
making systems.

Finally, the dissertation examines whether meaningful human control can be empirically as-
sessed in practice. Qualitative studies with users of partially automated driving systems reveal
how the tracking and tracing conditions of MHC manifest dynamically in drivers’ experiences
of safety, trust, responsibility, and intervention readiness. Complementary simulator experi-
ments show that objective behavioural telemetry can capture aspects of tracking at the level of
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2 Summary

concrete interaction events, while tracing cannot be inferred from behaviour alone. Together,
these findings demonstrate that meaningful human control is not merely a normative or post-
hoc concept, but an empirically observable property of ongoing human–automation interaction
when evaluated through a multi-layer framework combining subjective perception and objective
data.

Overall, this dissertation advances the technical operationalisation of meaningful human
control by systematically linking human reasons, automated-vehicle decision-making, and em-
pirical evaluation. The proposed framework provides researchers, designers, and policymakers
with concrete tools to assess and support reason-aligned automated-vehicle behaviour, con-
tributing to the development of automated driving systems whose behaviour is more transparent,
context-sensitive, and reasonable in everyday traffic situations.



Samenvatting

Geautomatiseerde voertuigen (AV’s) worden geacht de verkeersveiligheid, efficiëntie en toe-
gankelijkheid te verbeteren. Toch kan hun gedrag in de praktijk soms overdreven voorzichtig,
rigide of contra-intuı̈tief overkomen, wat het vertrouwen en de maatschappelijke acceptatie on-
dermijnt. Bestaande benaderingen om dit probleem aan te pakken—variërend van ethische
besluitvormingsmodellen tot gedragsimitatie en interactiegebaseerd ontwerp—ontberen vaak
een principiële onderbouwing van waarom bepaald gedrag in specifieke contexten wenselijk is.
Dit proefschrift stelt dat deze beperkingen voortkomen uit het ontbreken van een samenhan-
gend kader dat menselijke redenen op een transparante en evalueerbare manier verbindt met de
besluitvorming van geautomatiseerde voertuigen.

Om deze uitdaging aan te pakken, maakt dit proefschrift gebruik van het filosofische raam-
werk van Meaningful Human Control (MHC), dat vereist dat geautomatiseerde systemen ener-
zijds relevante menselijke redenen volgen en anderzijds toestaan dat verantwoordelijkheid voor
uitkomsten betekenisvol kan worden herleid tot menselijke actoren. Hoewel MHC op con-
ceptueel niveau uitgebreid is besproken, blijft de technische operationalisering ervan binnen
geautomatiseerd rijden onderontwikkeld. Dit proefschrift draagt bij aan MHC door de norma-
tieve principes ervan te vertalen naar een geı̈ntegreerd raamwerk dat ethische overwegingen,
technische implementatie en empirische evaluatie met elkaar verbindt.

Het proefschrift onderzoekt eerst welke menselijke redenen relevant zijn voor manoeu-
vreplanning van geautomatiseerde voertuigen in ethisch ambiguë, alledaagse verkeerssituaties.
Empirische bevindingen uit interviews met AV-experts laten zien dat deze redenen inherent ge-
laagd, contextafhankelijk en vaak gelijktijdig zijn, en zich uitstrekken over normatieve, strate-
gische, tactische en operationele overwegingen. In plaats van te functioneren als vaste waarden
of geı̈soleerde kostenfuncties, blijken menselijke redenen contextgevoelige relaties te vormen
tussen onderliggende motieven en verwacht voertuiggedrag. Deze inzichten bieden een em-
pirisch onderbouwde basis voor het structureren en prioriteren van menselijke redenen in de
besluitvorming van geautomatiseerde voertuigen.

Voortbouwend op deze basis ontwikkelt het proefschrift een technische benadering om men-
selijke redenen te integreren in besturingsarchitecturen van geautomatiseerde voertuigen. Men-
selijke redenen worden vertaald naar formele, machinaal leesbare representaties, gebaseerd op
inzichten uit het mens-factorenonderzoek, en geı̈ntegreerd via een superviserende evaluatielaag
die naast bestaande trajectplanning- en regelingskaders opereert. Deze benadering maakt trans-
parante trajectevaluatie en adaptieve gedragsaanpassing mogelijk zonder dat nieuwe controllers
hoeven te worden ontworpen, en toont daarmee een praktische route voor het operationaliseren
van MHC in realtime besluitvormingssystemen.

Ten slotte onderzoekt het proefschrift of meaningful human control in de praktijk empirisch

3



4 Samenvatting

kan worden geëvalueerd. Kwalitatieve studies met gebruikers van gedeeltelijk geautomatiseerde
rijhulpsystemen laten zien hoe de tracking- en tracing-voorwaarden van MHC zich dynamisch
manifesteren in ervaringen van veiligheid, vertrouwen, verantwoordelijkheid en interventiebe-
reidheid. Aanvullende simulatorstudies tonen aan dat objectieve gedrags- en voertuigtelemetrie
aspecten van tracking kan vastleggen op het niveau van concrete interactiegebeurtenissen, ter-
wijl tracing niet uitsluitend uit gedrag kan worden afgeleid. Gezamenlijk laten deze bevindingen
zien dat meaningful human control niet louter een normatief of post-hoc concept is, maar een
empirisch waarneembare eigenschap van voortdurende mens–automatiseringsinteractie, mits
geëvalueerd via een meerlagig raamwerk dat subjectieve perceptie en objectieve data combi-
neert.

Samenvattend draagt dit proefschrift bij aan de technische operationalisering van meaning-
ful human control door menselijke redenen, besluitvorming van geautomatiseerde voertuigen
en empirische evaluatie systematisch met elkaar te verbinden. Het voorgestelde raamwerk biedt
onderzoekers, ontwerpers en beleidsmakers concrete handvatten om reden-gealigneerd gedrag
van geautomatiseerde voertuigen te beoordelen en te ondersteunen, en draagt daarmee bij aan
de ontwikkeling van geautomatiseerde rijsystemen waarvan het gedrag transparanter, context-
gevoeliger en redelijker is in alledaagse verkeerssituaties.



Chapter 1

Introduction

Automated vehicles (AVs) are increasingly expected to enhance road safety, mobility, and ef-
ficiency. However, in mixed-traffic environments where automated and human-driven vehicles
share the road, AV behaviour shapes human trust and perceptions of safety. Technically safe
but unnatural actions, such as overly cautious gaps or rigid adherence to rules, can deviate from
what humans expect to be reasonable. Existing approaches remain high-level and conceptual,
lacking an implementable method to enhance and enforce human reasons within decision algo-
rithms. To address this challenge, this thesis aims to operationalise the concept of Meaningful
Human Control (MHC) by formalising human reasons and embedding them into AV decision-
making and evaluation.

This chapter begins by introducing the context and motivation for studying reasonable be-
haviour of AVs (Section 1.1) and defining the underlying research problem (Section 1.2). It then
reviews existing approaches to human-aware AV design, including social, behavioural, and eth-
ical frameworks (Section 1.3), and identifies their limitations. Section 1.4 presents meaningful
human control as the conceptual foundation and explains current gaps in its operationalisation.
Based on these discussions, Section 1.5 formulates the research gaps and overall objective,
while Section 1.6 outlines the research questions addressed in this dissertation. The following
sections describe the research approach and thesis structure (Section 1.7) and summarise the
scientific and practical contributions of this work (Section 1.8).

1.1 Context and Motivation

Automated vehicles (AVs) are expected to transform modern mobility by improving safety,
reducing congestion, and increasing accessibility (Agriesti et al., 2020; Matin & Dia, 2022). Yet
these benefits depend not only on technical performance but also on how well AVs interact with
human road users. In mixed-traffic environments, every automated action, such as accelerating,
yielding, or merging, communicates intent to nearby people. When behaviour appears unnatural
or counter-intuitive, it can undermine trust and acceptance, not only among surrounding road
users but also within the wider public observing how AVs behave (Lee & See, 2004; Zhang
et al., 2024).

Research has shown that when AVs adhere too rigidly to formalised rules of the road, their
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6 1 Introduction

behaviour can become overly cautious or insufficiently adaptable to the nuanced, judgement-
based norms that characterise human driving (Bin-Nun et al., 2022). For instance, leaving large
gaps or braking while the leading vehicle is still far ahead can disrupt traffic flow; maintaining
the exact speed limit on a highway while others drive faster may increase safety risks; and fol-
lowing a cyclist for a long distance on a narrow two-way road can cause discomfort. Although
such actions are technically safe, they can appear unreasonable, reducing comfort and poten-
tially creating new safety concerns (Koopman & Widen, 2023). Furthermore, recent work by
Cummings (2025) emphasises the importance of enabling AVs to reason under uncertainty, as
reflected in the skill-, rule-, knowledge-, and expert-based (SRKE) taxonomy illustrated in Fig-
ure 1.1. The figure highlights the relationship between uncertainty and reasoning complexity:
as uncertainty increases, more advanced reasoning capabilities becomes necessary.

Skill
Rule

Knowledge

Expert

U
nc

er
ta
in
ty

Reasoning

Figure 1.1: SRKE taxonomy (Cummings et al., 2024).

Thus, understanding and formalising what counts as reasonable behaviour is essential for
designing human-centred AV decision-making systems. The next section defines this research
problem and explains why existing approaches have not yet achieved it.

1.2 Problem Definition and Rationale

Automated vehicles with high levels of autonomy (e.g., SAE Level 4 systems (SAE Interna-
tional, 2021)) can already drive safely in many environments, including mixed-traffic urban
settings. However, current control systems sometimes fail to respond as a human driver would
in unexpected situations. For example, a recent accident involving a Cruise autonomous vehi-
cle that dragged a pedestrian several metres (Quinn Emanuel Urquhart & Sullivan LLP, 2024)
could be interpreted as illustrating the risks of rigid adherence to traffic rules. The vehicle’s
apparent assumption that no crossing was possible where none was legally designated, despite
the common occurrence of jaywalking, may have contributed to the harmful outcome. This
highlights that current control methods prioritise rule compliance while neglecting how hu-
mans actually behave around them. Such a mismatch between technical safety and reasonable
behaviour threatens public trust and acceptance of AVs.
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Existing studies have sought to bridge this gap through several directions, including models
based on ethical decision-making, courtesy-driven behaviour, and social psychology (Thornton
et al., 2016; Sun et al., 2018; Schwarting et al., 2019). Ethical decision-making frameworks
encode philosophical principles, such as deontological duties or utilitarian harm minimisation,
within model-predictive control (Thornton et al., 2018). However, they typically fix ethical pri-
orities in advance and rarely justify how those trade-offs should adapt across different driving
contexts. Courtesy-driven models, often trained using inverse reinforcement learning, generate
behaviour that appears socially acceptable and comfortable (Huang et al., 2021), yet they in-
fer such patterns from data without modelling the underlying reasons or justifications humans
regard as courteous or fair. Social-psychology models draw on theories of interaction and be-
havioural prediction to simulate how road users influence one another (Zhang et al., 2023),
but they typically reproduce mutual reactions without representing the normative reasoning or
moral motives that guide those actions. Here, normative reasoning refers to the ability to jus-
tify behaviour in terms of shared human values and context-dependent social norms, rather
than merely reproducing or optimising observed actions. Consequently, existing approaches
replicate the appearance of reasonable behaviour without capturing the normative reasoning
that makes such behaviour genuinely reasonable. Lacking this normative grounding, AV de-
cisions can appear unpredictable or insensitive to context, deepening the trust and acceptance
challenges described earlier.

Therefore, a unified framework is needed. This framework should be able to adapt across
contexts and explicitly ground AV decision-making in the moral and practical reasons under-
lying human actions, ensuring that AV behaviour aligns with those reasons. The concept of
meaningful human control has been proposed as a potential foundation (Mecacci & Santoni de
Sio, 2020). MHC emphasises the need for automated systems to track relevant human rea-
sons within their operational context and remain traceable to responsible agents. In this way,
MHC offers a principled path toward embedding human reasoning and context-sensitive design
into AV control. The following sections review related approaches and introduce MHC as the
conceptual basis for this research.

1.3 Existing Approaches to Human-Aware AV Design

1.3.1 Social and Behavioural Modelling

Many studies have attempted to make automated-vehicle (AV) behaviour more human-like by
modelling how drivers interact and cooperate in traffic. Typical approaches include imitation-
learning frameworks (Sun et al., 2018; Jiang et al., 2023), game-theoretic interaction models
(Schwarting et al., 2019; Liu et al., 2022), and social value orientation (SVO) formulations
(Schwarting et al., 2019; Zhang et al., 2023) that represent altruistic or competitive motives.
Imitation-based models reproduce trajectories observed in human data but can also replicate
human errors, since they focus on behavioural replication rather than the underlying reasons
for action. Game-theoretic frameworks treat driving as a strategic interaction, yet they rely
on simplified mathematical utility functions that cannot easily represent human reasoning or
moral judgement. Social-orientation models describe whether agents act prosocially or self-
interestedly, but the use of such methods alone, such as SVO, merely reproduces human be-
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haviour without capturing the reasons that make it reasonable. Although these approaches in-
crease the realism of AV behaviour, they still reproduce only the surface patterns of human
driving rather than the normative reasoning that justifies such behaviour as reasonable. Ethical
and value-based frameworks have therefore been proposed to fill this gap.

1.3.2 Ethical and Value-Based Frameworks

Another line of research grounds automated-vehicle (AV) decisions in ethical and societal prin-
ciples. These frameworks seek to translate moral values, such as duties, consequences, or
virtues, into computational rules that can guide AV control (Thornton et al., 2016, 2018; Shea-
Blymyer & Abbas, 2021; Geisslinger et al., 2023). Deontological models encode explicit moral
duties, such as protecting vulnerable road users, but they struggle when those duties conflict
with other values like rule compliance. Consequence-based or utilitarian approaches quantify
harm and select actions that minimise expected loss, yet these depend on subjective weightings
of whose risk matters more. Virtue-based ethics urge systems to act according to good character
and relational care, but quantifying virtue and accounting for context-specific sensitivity remain
major challenges. Although ethical frameworks provide a systematic foundation for consider-
ing human reasons, they often remain abstract, difficult to quantify, and detached from the sit-
uational reasoning humans apply in everyday driving. Addressing these limitations requires an
approach that grounds ethical principles in the same cognitive and contextual reasoning humans
use while driving, thereby linking moral abstraction to practical vehicle behaviour.

1.3.3 Limitations of Existing Approaches

Social-behavioural models make automated-vehicle (AV) behaviour appear more natural in in-
teraction, while ethical frameworks explicitly introduce human values into decision making.
Yet these research streams remain distant from achieving truly reasonable AV behaviour. Be-
havioural models reproduce what humans do on the surface but lack insight into why they act
that way. Ethical frameworks, by contrast, encode why certain outcomes are valued, but remain
abstract and detached from how those values should be applied in concrete driving situations.
Each thus compensates for the other’s weakness: behavioural models are realistic but norma-
tively blind, whereas ethical models are principled but contextually thin. Their limitations are
therefore interdependent, and addressing them in isolation cannot produce genuinely reasonable
behaviour. What is needed is a unified framework that links human reasons with AV decision
making while preserving behavioural realism. The following section introduces meaningful
human control as one such concept.

1.4 Meaningful Human Control (MHC)

1.4.1 Concept and Origins

Meaningful human control is a philosophical framework developed to assess the extent to which
humans retain control over the behaviour of automated systems, thereby keeping moral respon-
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sibility with people rather than machines. The concept originated in debates on the ethics of
autonomous weapons (Horowitz & Scharre, 2015) and was later expanded to address the “re-
sponsibility gap”, known as situations in which no human can reasonably be held accountable
for the actions of an automated system (Santoni de Sio & Van den Hoven, 2018). According
to Santoni de Sio & Van den Hoven (2018), achieving MHC requires satisfying two core con-
ditions: the tracking condition and the tracing condition. Tracking means that a system’s
behaviour should reflect the normative reasons of the humans who design, deploy, and inter-
act with it. Tracing demands that the system’s actions remain connected to identifiable human
agents who understand how it operates, are capable of influencing it, and can be held responsi-
ble for its outcomes. Together, these conditions support the development of automated systems
that can be guided by human reasons and remain under accountable human oversight, providing
a foundation for analysing responsibility in automated-vehicle design.

To illustrate these conditions in the context of automated driving, consider an automated
vehicle approaching a pedestrian crossing. Under the tracking condition, the vehicle’s deci-
sion to slow down or yield should reflect relevant human reasons, such as the moral obligation
to avoid harm and the intention to avoid collision. Under the tracing condition, there must
remain an identifiable chain of responsibility for that decision, for example linking the vehicle’s
behaviour to the system designers who specified its decision logic or the driver who remains
responsible for supervision where applicable. In contrast to common automated-vehicle control
approaches that optimise predefined objectives such as safety or efficiency, meaningful human
control explicitly requires that system behaviour remain responsive to human reasons, which
may include but are not limited to safety and efficiency, and attributable to responsible human
agents.

1.4.2 Application to AVs

Within the domain of automated driving, the tracking and tracing conditions of meaningful
human control have been further specified to reflect the hierarchical structure of driving be-
haviour and the human–automation interaction characteristics of automated-vehicle systems.
Mecacci & Santoni de Sio (2020) applied the concept of meaningful human control specifically
to automated vehicles (AVs). They expanded the tracking condition by distinguishing four lev-
els of human reasons—normative, strategic, tactical, and operational—adapted from Michon
(1985) hierarchical model of driver behaviour. In their framework, normative reasons reflect
motivations grounded in moral values (e.g., protecting human life); strategic reasons concern
higher-level driving goals (e.g., route selection, risk tolerance); tactical reasons guide short-
term manoeuvring decisions (e.g., gap acceptance, overtaking); and operational reasons involve
immediate control actions (e.g., steering, braking). They also refined the tracing condition by
emphasising that at least one human must remain within the vehicle’s control loop, possess-
ing sufficient understanding of system functions, the capacity to intervene when necessary, and
awareness of moral and legal responsibility. Through these refinements, Mecacci & Santoni de
Sio (2020) translated MHC from an abstract moral concept into a practical framework for de-
signing and evaluating human reasoning and accountability in human–automation interaction
within AVs.
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1.4.3 Relation to Ethical Value Operationalisation in AV Behaviour

The framework developed by Mecacci & Santoni de Sio (2020) sits alongside a number of
parallel and related studies that also seek to move beyond abstract normative principles toward
operationalisable methodologies for aligning AV behaviour with ethical values (Bonnefon et al.,
2020; Umbrello & Yampolskiy, 2022; Gros et al., 2025a). These efforts go beyond the frame-
works reviewed in Section 1.3.2, which translate moral principles into mathematical structures
such as costs, constraints, and formal logic, but do not provide a systematic methodology for
determining which values should inform those structures or how societal and stakeholder pref-
erences should shape them. For example, this can be achieved through multi-stakeholder eth-
ical recommendations spanning road safety, risk and dilemmas, data and algorithm ethics, and
responsibility (Bonnefon et al., 2020), value-sensitive design approaches (Umbrello & Yampol-
skiy, 2022), and empirically based approaches that derive moral attributes from societal pref-
erences through user studies and translate them into Ethical Goal Functions (EGFs) through
discrete choice modeling (Gros et al., 2025a). These works share the same motivation as MHC
research: making AV behaviour transparent, value-sensitive, and accountable to human expec-
tations. However, the operationalisation of ethical decision-making in these works focuses on
addressing the question of what values AVs should adhere to, seeking to align them with the
preferences of society. MHC, on the other hand, focuses on whose reasons a system tracks
and whether its behaviour remains attributable to identifiable human agents. Methodologically,
current framework implementations establish ethical objectives before deployment without ad-
dressing the integration of human reasoning at the behavioural level required by tracking condi-
tions. This makes existing work on ethical decision-making complementary to MHC rather than
competing: operationalising ethical decision-making informs what values should be embedded
in AV systems, while MHC provides a framework for ensuring that system behaviour remains
responsive and accountable to humans during operation, which is the concern pursued by this
thesis.

1.4.4 Gaps in the Technical Operationalisation of MHC in AV

Despite these complementary developments, existing work on meaningful human control over
AVs remains primarily conceptual, focusing on philosophical foundations (Mecacci & San-
toni de Sio, 2020), component-based descriptions of tracking and tracing for AVs (Calvert &
Mecacci, 2020), and conceptual frameworks for operationalisation (de Sio et al., 2023). What
is less explored is how MHC, particularly the tracking condition, can be technically opera-
tionalised in practice. The tracking condition requires that system behaviour respond appropri-
ately to human reasons, yet it remains unclear how automated vehicles (AVs) can be designed
to reliably and explicitly incorporate such responsiveness. Current approaches often categorise
human reasons or propose abstract frameworks but stop short of translating these insights into
simulation-ready models or low-level decision rules that can govern AV behaviour in real driv-
ing scenarios. This gap highlights the need for research that bridges the philosophical founda-
tions of MHC with the requirements of AV decision making systems and evaluation.
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1.5 Research Gaps and Objective

Sections 1.3 and 1.4 show that existing research has advanced human-aware automated-vehicle
(AV) design and developed the conceptual basis for meaningful human control. Yet there re-
mains no systematic method for translating these philosophical principles into operational mod-
els and measurable behaviours for AV decision-making. This thesis therefore addresses three
key research gaps, adapted from de Sio et al. (2023)’s suggestion for future work on MHC
operationalisation:

1. Ethics gap - the absence of formal representation of human reasons suitable for AV de-
cision making.

2. Engineering gap - the lack of implementation mechanisms that embed these reasons
within vehicle control frameworks.

3. Evaluation gap - the limited empirical evaluation of whether MHC is realized in AV
practice.

The objective of this dissertation is to operationalise meaningful human control for automated-
vehicle decision-making by formalising human reasons, integrating them into AV decision-
making algorithms, and developing methods to evaluate the reasonableness of AV behaviour.

1.6 Research Questions

Based on the research gaps identified in Section 1.5, this study formulates a set of research
questions to guide the operationalisation of meaningful human control in automated-vehicle
decision-making. Each question addresses a specific gap concerning the ethics, engineering,
and evaluation aspects of MHC in AV behaviour. These three aspects form the structural com-
ponents of the MHC operationalisation framework and are illustrated as pillars in Figure 1.2.

Ethics aspect: prioritising and formalising human reasons

Meaningful human control (MHC) requires that automated-vehicle behaviour track the reasons
of human agents. Existing philosophical and conceptual work has proposed that such reasons
can be distinguished across multiple levels, including moral, strategic, tactical, and operational
(Michon, 1985; Mecacci & Santoni de Sio, 2020), and that different human agents may con-
tribute proximal and distal reasons (Calvert & Mecacci, 2020). However, while these frame-
works provide a normative structure for thinking about human–automation interaction, they do
not systematically specify which types of human reasons are relevant in concrete automated-
driving manoeuvres, nor how such reasons should be prioritised when multiple reasons apply
simultaneously. As a result, current accounts provide insufficient guidance for determining
reason relevance and priority in manoeuvre-level decision making.

Further, for automated vehicles to act in accordance with human reasons, those reasons
must be represented in formal, quantifiable terms that can be implemented within planning and
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Figure 1.2: Pillar of MHC technical operationalisation.

control architectures. Although initial attempts have been made to express human reasons in
formal models (e.g., Calvert & Mecacci, 2020), such representations remain hypothetical and
rely on strong structural assumptions about how reasons map onto decision-making behaviour.
As a result, it remains methodologically unclear how human reasons should be formalised
in a way that is both computationally implementable and faithful to their normative role in
automated vehicle decision-making.

Together, these gaps limit the operationalisation of MHC in automated-driving systems.
They motivate the following research questions:

• RQ1 (Type of reasons and prioritisation): Which types of human reasons should auto-
mated vehicles consider and prioritise when planning manoeuvres?

• RQ2 (Formal model): How can these human reasons be formally represented in compu-
tational or mathematical terms suitable for automated-vehicle decision making?

Engineering aspect: embedding human reasons into control frameworks

Even if human reasons can be identified and quantified, they must still be embedded within
automated-vehicle (AV) decision-making frameworks in order to influence actual vehicle be-
haviour. Some progress has been made in this direction, both in work that explicitly refers to
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human reasons and in work that does not use this terminology but is nevertheless relevant to
reasons-based control. With respect to the former, Calvert et al. (Calvert & Mecacci, 2020)
propose embedding human reasons into control; however, this proposal is not integrated into
the operational control frameworks that are standard in AV control research. With respect to the
latter, there have been efforts to integrate ethical principles into model predictive control and
trajectory planning (Thornton et al., 2016, 2018; Geisslinger et al., 2023).

Yet two issues remain. First, regarding explicit reasons-based control, implementability
is limited: the proposal of Calvert & Mecacci (2020) remains at a conceptual level and is not
integrated into widely used AV control architectures. Second, regarding value- and ethics-based
control more broadly, transparency remains a concern: in a number of cases, the procedures
for selecting, weighting, and trading off reasons or values are not made fully explicit, which
constrains their auditability and accountability. As a result, there is currently no systematic and
transparent method for evaluating whether AV trajectories align with specified human reasons,
nor for adapting control behaviour when misalignment is detected. This motivates the following
research questions:

• RQ3 (Implementation): How can vehicle control frameworks integrate human reasons
to enable dynamic behavioural adaptation when misalignment occurs?

• RQ4 (Transparency): How can AV trajectories be systematically evaluated and selected
based on relevant human reasons to satisfy the tracking condition of MHC?

Evaluation aspect: assessing tracking and tracing in practice

In addition to formalising and embedding human reasons into AV control frameworks, it is
crucial to determine how to evaluate whether a system is operating under meaningful human
control. Specifically, the system’s ability to track human reasons and trace responsibility must
be assessed. Without proper evaluation mechanisms, it is not possible to determine whether an
AV is truly operating under MHC in practice. While prior studies have examined whether AVs
align with tracking human reasons and tracing responsibility, most have relied on hypothetical
scenarios or post-incident analyses (Calvert et al., 2020b, 2021). Although these approaches
provide valuable insights, they do not capture the real-time, continuous evaluation needed to
assess this alignment in dynamic, real-world driving scenarios.

Moreover, MHC is not only a technical issue but also a perceptual one, as it involves human
interaction with AVs (Calvert et al., 2020a). The work describes that drivers’ perceptions of
safety and trust are influenced by how well the AV tracks their reasons (i.e., how well the AV’s
behaviour aligns with human motivations in a moral context). Additionally, drivers’ understand-
ing of their supervisory role is related to how traceability is maintained in the system’s actions
(i.e., how clearly they understand their responsibility). This simple scenario remains conceptual
regarding the connection between human perception and MHC, but it is still unclear whether
real drivers’ perceptions of safety and trust truly correlate with MHC’s tracking condition.

Furthermore, while perception plays a role in MHC, it remains uncertain whether current
AVs can be evaluated under meaningful human control based solely on driver experience. Sub-
jective assessment is important for evaluation because it reflects how drivers interpret and react
to the AV’s behaviour in real time. Such evaluation could provide insights into the alignment
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between system design and human expectations. Another critical gap is whether behavioural
telemetry data, including driver performance and interaction timing, can be used to objectively
assess whether an AV operates under MHC in real time. Objective assessment is essential
because it provides measurable evidence of whether the system adheres to MHC principles,
beyond individual perception, and helps verify the consistency of the AV’s behaviour across a
range of situations. This complements the work of Verhagen et al. (2024), who underscore the
importance of subjective experience in evaluating meaningful human control but also recognise
the necessity of incorporating objective metrics to ensure that the system aligns with human ex-
pectations and operates effectively in real-world conditions. These gaps motivate the following
research questions:

• RQ5 (Perception): How do drivers’ perceptions of safety and trust relate to the extent to
which automated vehicles track their reasons?

• RQ6 (Subjective assessment): How can drivers’ subjective experiences be used to eval-
uate whether automated vehicles operate under meaningful human control?

• RQ7 (Objective assessment): How can behavioural telemetry data be used to evaluate
whether automated vehicles operate under meaningful human control?

These questions collectively frame the methodological approach outlined in the next section.

1.7 Research Approach and Thesis Structure

Before outlining the research approach and the structure of the thesis, it is important to clarify
the methodological scope. This work does not aim to design entirely new control algorithms
but instead develops supervisory layers that operate on top of existing controllers. It also does
not attempt to define ethical principles for every conceivable driving situation, but focuses on
ethically challenging scenarios in which conflicting human reasons must be balanced. In the
empirical analyses, the scope is narrowed to the human reason of safety, as evaluating all possi-
ble reasons simultaneously is not feasible. Finally, the thesis does not establish a ground-truth
metric for MHC; rather, it investigates how metrics derived from telemetry data and subjective
perceptions can indicate whether system behaviour aligns with meaningful human control.

To address the research questions in Section 1.6, this study adopts an interdisciplinary
mixed-methods approach that integrates conceptual reasoning, computational modelling, and
behavioural evaluation. These methodological strands correspond respectively to the ethics,
engineering, and evaluation aspects of the research.

The ethics aspect establishes the philosophical and cognitive foundations of MHC and iden-
tifies the human reasons relevant to automated driving. This phase draws on expert interviews
and qualitative analysis on their reasoning to develop a structured taxonomy of human rea-
sons guiding AV behaviour. Building on these insights, the engineering aspect translates the
identified human reasons into formal, machine-readable representations. Mathematical formu-
lations grounded in human-factor principles are implemented as components of supervisory
layers that monitor the alignment between AV behaviour and human reasons. Model Predictive
Control (MPC) serves as the baseline control framework, while new mechanisms are developed
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to detect and correct misalignment through reason-based evaluation and trajectory scoring. The
evaluation aspect examines to what extent the tracking and tracing conditions of meaningful
human control are reflected in both existing partially automated and simulated driving systems.
This involves analysing data from the naturalistic driving experiences of users of commercially
available partially automated vehicles, followed by the analysis of telemetry and qualitative
data from controlled simulator experiments. Both qualitative and quantitative data are used
to evaluate whether drivers’ perceptions of safety, trust, and control correspond to measurable
indicators in system telemetry.

The remainder of this dissertation is structured as shown in Figure 1.3. It consists of three
main parts: the introduction, the main body, and the conclusion and perspectives. In line with
the research questions, the main body comprises six chapters. Each chapter addresses one
research question and is presented as a separate paper, except for Chapter 3, which addresses
two research questions. Each chapter is based on a paper for which I am the first or joint-first
author.

At the beginning of each chapter, the research question(s) addressed, the corresponding
paper, and the publication status (published, under review, or submitted) are specified. This
declaration is included because each paper was prepared for a different research field, requiring
minor adjustments to individual introductions that may not fully align with the overall thesis
introduction. These statements clarify how each chapter connects to the overarching research
framework.

The six chapters are divided into two categories, tracking only and tracking and tracing,
which are visually distinguished by blue and green colour areas in Figure 1.3. Black arrows
illustrate conceptual relationships between chapters. Chapter 2 investigates the reasons and
principles for manoeuvre planning based on interviews with AV experts and a case study.

The contextual explanations developed in Chapter 2 are used in Chapter 3 to formally rep-
resent human reasons as human-factor-grounded models (RQ2) and to implement a supervisory
framework that evaluates the current AV state and triggers behavioural adjustments when mis-
alignment is detected (RQ3). Building on the outputs of Chapters 2 and 3, Chapter 4 focuses
on scoring and selecting trajectories. Although Chapters 3 and 4 address different tracking
mechanisms, both translate tracking-related concepts into conceptual implementations within
automated driving systems (represented by the dashed grey arrow). The final component of
the tracking-only category is Chapter 5, which investigates the relationship between drivers’
perceptions of safety and trust in partially automated driving systems and system tracking.

Assuming that automated driving systems inherently involve both tracking and tracing,
the second part of the main body extends the discussion to tracing. Building on the percep-
tion–tracking relationship identified in Chapter 5, Chapter 6 further evaluates meaningful hu-
man control through subjective assessments. Finally, Chapter 7 employs a driving simulator
study with different driving control modes, using participants’ simulated driving experiences
combined with vehicle telemetry data, to provide an objective evaluation of meaningful human
control.

The final chapter synthesises the key findings and presents the overall conclusions. Rather
than repeating each chapter’s results, it integrates them into a cohesive narrative and discusses
their implications for science and practice, concluding with recommendations for future re-
search.
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Figure 1.3: Outline of this thesis.

1.8 Scientific and Practical Contributions

Scientific Contributions

1. Empirical grounding: This thesis advances MHC research beyond conceptual discus-
sions and simulation models toward empirical evaluation using real driving experience.
Drawing on conversational data from Tesla drivers and controlled simulator studies, it
demonstrates how drivers’ perceptions of safety and trust systematically relate to the
tracking and tracing conditions. This provides the first empirical grounding of MHC
within partially automated driving systems.

2. Operationalisation within control frameworks: The thesis contributes to the imple-
mentation of MHC in practical vehicle control architectures. Whereas earlier work fo-
cused on taxonomies of reasons or high-level ethical models, this research embeds human
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reasons directly into supervisory algorithms layered on top of Model Predictive Control
(MPC). The proposed human-reason supervision framework enables vehicles to detect
misalignment with relevant human reasons and trigger behavioural adjustments. In addi-
tion, a reason-based trajectory evaluation framework is introduced to assess and compare
candidate trajectories based on human reasons, providing a systematic method for align-
ing AV behaviour with the tracking condition of MHC.

3. Evaluation methodologies: New methods are developed for assessing MHC that com-
bine subjective perceptions and vehicle telemetry. The thesis pioneers the use of telemetry-
level indicators as measurable proxies for the normative conditions of MHC, allowing
systematic assessment of whether vehicles are, in practice, under meaningful human con-
trol.

4. Advancing everyday AV ethics: The research advances the growing shift in AV ethics
from abstract trolley-problem scenarios toward ethically ambiguous yet everyday traffic
situations. By analysing cases such as overtaking cyclists that balance rule compliance
with safety, it demonstrates that the core challenge of operationalising MHC lies in man-
aging ordinary but conflicting human reasons rather than rare thought experiments.

Practical Implications

1. Conceptual support of regulatory assessment: For regulators and authorities, the thesis
provides a transparent, conceptually grounded evaluation framework for analysing the
extent to which vehicles align with specified human reasons. The framework illustrates
how policy-relevant values, such as prioritising the safety of vulnerable road users, could
in principle be operationalised and assessed within automated-vehicle decision-making
systems.

2. Potential engineering integration: For developers, the proposed supervisory frame-
works are modular and lightweight in their conceptual design, suggesting that they could
be integrated atop existing control algorithms without major architectural redesign. This
indicates potential relevance for future industrial systems, subject to the requirements of
safety validation and certification.

3. Driving control design guidance: The findings offer design principles for driving control
systems, illustrating how different distributions of authority between driver and automa-
tion affect perceptions of agency and responsibility. These insights can help manufactur-
ers maintain driver engagement while avoiding unrealistic supervisory demands.

4. Transparency and accountability: The proposed frameworks enhance the explainability
of AV decision-making by quantifying alignment with human reasons. Making explicit
why an automated system selects or revises a trajectory helps address regulatory and
societal concerns regarding accountability and value alignment in automated driving.

Together, these contributions advance both the theoretical foundations and the practical re-
alisation of meaningful human control in automated-vehicle research.





Chapter 2

Reasons and Principles for Automated
Vehicle Manoeuvre Planning

This chapter investigates the human reasons and principles that guide automated vehicle
(AV) manoeuvre planning in ethically ambiguous, everyday traffic situations. Building on the
conceptual framework of Meaningful Human Control (MHC) introduced in Chapter 1, it ad-
dresses the question of which human reasons should be represented and prioritised when AVs
make decisions in specific traffic scenarios. Using semi-structured interviews with AV experts
from diverse disciplines and a targeted case study, this chapter identifies recurring categories
of reasons and derives empirically grounded design principles for ethically aligned motion
planning. The resulting framework provides the conceptual foundation for Chapter 3, which
translates these qualitative insights into formal representations suitable for computational im-
plementation.

This chapter is based on the following paper, published in Transportation Research Interdisci-
plinary Perspectives (TRIP):

Suryana, L. E., Calvert, S., Zgonnikov, A., and van Arem, B. (2024). Reasons and Princi-
ples for Automated Vehicle Decisions in Ethically Ambiguous Everyday Scenarios: The Case of
Cyclist Overtaking. TRIP, 35, 101787.
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2.1 Abstract

Automated vehicles (AVs) consistently encounter ethically ambiguous situations in everyday
driving, scenarios involving conflicting human interests and no clearly optimal course of ac-
tion. While existing work often focuses on rare, high-stakes dilemmas (e.g., crash avoidance
or trolley problems), routine decisions such as overtaking cyclists or navigating social interac-
tions remain underexplored. This study addresses that gap by applying the tracking condition
of Meaningful Human Control (MHC), which holds that AV behaviour should align with hu-
man reasons—the values, intentions, or expectations that justify actions. We conducted semi-
structured interviews with 18 AV experts, who explained the reasons behind the considerations
AV should make when planning a manoeuvre. Thirteen reason categories emerged, organ-
ised across normative, strategic, tactical, and operational levels. Using a case study on cyclist
overtaking, we demonstrate how these reasons interact in practice and expose tensions in the
decision-making process. Building on this analysis, we derive a reason-prioritisation principle
grounded in the cyclist-overtaking scenario for AV behaviour in ethically ambiguous routine
situations: prioritising vulnerable road users’ safety above all, treating systemic safety and reg-
ulation as important but conditional, and permitting secondary values only when safety is not
compromised. This hierarchy supports human-aligned behaviour by allowing pragmatic ac-
tions when strict legal compliance would undermine higher-priority values. Our findings offer
conceptual principles intended to inform future research and design for AV decision-making in
ethically challenging routine situations.

2.2 Introduction

Automated vehicle (AV) technology is advancing quickly, yet significant challenges remain,
particularly when AVs must make decisions in ethically complex situations.(Nyholm & Smids,
2016; Wang et al., 2020; Saber et al., 2024). Such situations arise when AVs must balance
multiple priorities such as safety, efficiency, and compliance with societal expectations, ranging
from minimizing risks for all road users to resolving dilemmas involving conflicting values,
interests, or trade-offs. Such conflicts often create ambiguity about the most appropriate course
of action for AVs (Himmelreich, 2018; Bergmann, 2022). Addressing these dilemmas requires
not only technical advancements, especially in planning and decision-making (Schwarting et al.,
2018; Geisslinger et al., 2023), but also the development of clearer ethical principles.

2.2.1 Guidelines for AV in Ethically Straightforward Situations

Stakeholders involved in AV development and regulation have proposed various recommenda-
tions and guidelines for how AVs should behave in safety-critical situations. Among these, the
concept of roadmanship has been introduced as a guiding principle to ensure that AVs drive
safely, avoid creating hazards, and respond effectively to hazards caused by others (Fraade-
Blanar et al., 2018). Although less formalised than regulatory guidelines, roadmanship empha-
sizes predictability and anticipatability in driving behaviour, similar to how a competent and
careful human driver navigates traffic.

This concept aligns with the UNECE guidelines (UNECE, 2023), which present reference
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models of “competent and careful” drivers. These models serve as benchmarks for evaluating
AV behaviour in safety-critical scenarios such as cut-ins, cut-outs, and lead-vehicle decelera-
tion, reflecting how a skilled human driver would minimise risk. If an AV outperforms these
reference models, it is considered safer than a competent and careful human driver. Perfor-
mance metrics include time headway, time-to-collision, and vehicle positioning, regardless of
whether an accident is preventable (Olleja et al., 2025).

However, the safety-critical situations addressed by these models are ethically straightfor-
ward, since all parties benefit from the AV’s behaviour. For example, the UNECE scenarios
focus on mutually beneficial outcomes, such as avoiding collisions and reducing risk for all
traffic participants. While these benchmarks offer important guidance for critical events, they
do not address the full spectrum of ethically challenging situations that AVs may encounter in
everyday driving.

2.2.2 Guidelines for AV in Ethically Ambiguous Situations

In everyday driving, AVs frequently encounter ambiguous situations involving conflicting in-
terests, where the optimal course of action is unclear. Routine traffic scenarios—such as ap-
proaching a crosswalk with limited visibility or making a left turn in the presence of oncoming
traffic—exemplify such dilemmas (Himmelreich, 2018). These situations often require balanc-
ing safety, legal compliance, and traffic efficiency. For instance, when approaching a crosswalk
with limited visibility, an AV must decide whether to prioritise slowing down to ensure pedes-
trian safety, at the expense of reducing traffic flow, or maintain speed to optimise mobility,
potentially increasing risk.

Unlike human drivers, who make such decisions intuitively on a case-by-case basis, drawing
on experience and an understanding of human behaviour, AVs must encode these trade-offs
systematically across all vehicles. This raises a fundamental ethical challenge: how should AVs
navigate scenarios where competing priorities conflict at a systemic level?

Some researchers have examined these challenges through the lens of the trolley problem,
which explores moral judgements in life-and-death trade-offs. One approach is rooted in con-
sequentialist ethics, where actions are evaluated based on outcomes. For example, Meder et al.
(2019) uncovered nuanced ways in which individuals’ moral judgements reflect consequential-
ist reasoning. In contrast, deontological perspectives prioritise adherence to moral principles,
such as the protection of passengers. Liu & Liu (2021) found that participants favoured AVs pro-
grammed to protect their occupants at all costs. Complementing these, the MIT Moral Machine
project adopted a virtue-based approach, highlighting significant cultural variation in ethical
preferences for AV decision-making (Awad et al., 2018).

While these studies reveal diverse ethical perspectives, they also underscore the difficulty
of developing a universal framework for AV behaviour. Critics argue, however, that the trolley
problem has limited relevance to real-world driving, as AVs are unlikely to encounter such stark
life-and-death scenarios during routine operation (Nyholm & Smids, 2016; Keeling, 2020).
Instead, AVs more commonly face ethically ambiguous situations where the stakes are lower but
the complexity is higher—making these scenarios critical for AV development and deployment
(Himmelreich, 2018).

Recent recommendations from a European Commission Expert Group propose guidelines
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for addressing crash dilemmas through risk distribution and shared ethical principles (Bonnefon
et al., 2020). Although these recommendations are valuable for ethically complex crash scenar-
ios, they assume that crashes are unavoidable and do not fully address the challenges posed by
routine, ethically ambiguous situations. This highlights the need for a more structured approach
to navigating everyday ethical challenges, emphasising the importance of identifying principles
that should guide AV behaviour in such contexts.

2.2.3 Guidelines based on the concept of Meaningful Human Control

The concept of Meaningful Human Control (MHC) emerged in response to concerns over
wrongful actions by automated weapon systems, which could create a responsibility gap (Asaro,
2012; Horowitz & Scharre, 2015). Without meaningful human control, such systems might
make life-and-death decisions that result in unintended casualties or violations of international
law, such as targeting civilians rather than enemy combatants while the chain of responsibility
is not clear. This concern also applies to AVs, where failure to resolve ethical dilemmas, such
as balancing pedestrian safety with traffic flow, could result in safety-critical failures.

Santoni de Sio & Van den Hoven (2018) subsequently developed a foundational theory
defining what MHC entails. According to this theory, automated systems should be responsive
to the reasons provided by human agents for their decisions, ensuring alignment with human
values and intentions—a principle referred to as the tracking condition of MHC. Researchers
have since proposed ways to operationalise MHC for AVs. For instance, Mecacci & Santoni de
Sio (2020) explores how the concept can be applied to the AV domain, while Calvert & Mecacci
(2020) builds a conceptual model for implementing MHC in the control systems of connected
and autonomous vehicles (CAVs) in mixed traffic environments.

We argue that the tracking condition of MHC provides a suitable foundation for devel-
oping guidelines to support AV behaviour in ethically ambiguous routine driving scenarios.
Unlike rigid ethical frameworks based on predefined rules (e.g., utilitarian or consequential-
ist principles), MHC emphasises understanding and incorporating the reasoning behind human
decisions. In such scenarios, human drivers often know how to act, relying on their ability
to interpret context, weigh competing considerations, and make judgements accordingly. This
natural adaptability underscores the importance of designing AVs that can dynamically respond
to human reasoning in specific contexts. By focusing on the tracking of human reasons, MHC
enables AVs to align their actions with human values and intent, an essential capability in real-
world driving environments where ambiguity and unpredictability are common.

2.2.4 Research Gaps and Objectives

This study addresses three main gaps in current AV ethics research:

• Theoretical gap: While several AV ethics frameworks, such as the Integrative Ethical
Decision-Making Framework (Rhim & Urban, 2021), have been proposed to address
moral dilemmas, they primarily focus on high-stakes or exceptional crash scenarios.
As a result, they often overlook the ethical complexity inherent in routine driving situa-
tions. The concept of MHC, particularly its tracking condition (Santoni de Sio & Van den
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Hoven, 2018), offers a promising basis for addressing this gap by facilitating alignment
between AV behaviour and human reasoning in everyday contexts. However, its appli-
cation remains underexplored in ethically ambiguous routine scenarios. This study con-
tributes by operationalising MHC to inform AV decision-making in such contexts.

• Practical gap: Although there is growing recognition that AVs must exhibit socially sen-
sitive behaviour aligned with human values, expectations, and contextually appropriate
responses (D’Amato et al., 2022; Lu et al., 2025), current frameworks lack a structured,
empirically grounded set of human reasons for AVs to consider. This gap is especially
evident in ethically complex, routine situations, such as overtaking a cyclist. This study
addresses this gap by developing a principled framework that categorises expert-elicited
reasons across normative, strategic, tactical, and operational levels of AV behaviour.

• Methodological gap: Existing research often relies on simulation models or moral vi-
gnettes, with limited empirical input from domain experts (Dubljević et al., 2023). While
some studies incorporate expert perspectives in extreme scenarios (Milford et al., 2025),
few systematically capture expert reasoning relevant to the daily ethically ambiguous con-
ditions AVs encounter in everyday real-world operation. This study fills that gap through
qualitative interviews with 18 AV experts, using a structured analysis informed by the
MHC framework.

This study focuses specifically on perspectives from experts based in Western countries and
should therefore be interpreted as reflecting Western views on AV decision-making. Rather than
assuming universality, we aim to contribute an empirical framework for understanding the types
of human reasons that AVs should consider in ethically ambiguous, routine driving scenarios.
These region-specific insights form the basis for our methodological approach, which builds
on the tracking condition of MHC to address the identified research gaps. Building on this
foundation, the study has two primary objectives:

• Objective 1: To gather the reasons provided by AV experts regarding the factors they
believe AVs should consider when planning a manoeuvre.

• Objective 2: To derive reason-based principles for AV decision-making by analysing the
ethically ambiguous routine scenario of overtaking a cyclist using expert-derived reasons
from Objective 1.

To address Objective 2, we adopt a two-step approach. In the first step, we classify the
reasons elicited from AV experts into groups, aiming to identify underlying principles. In the
second step, a case study of an ethically ambiguous routine scenario, such as overtaking a cy-
clist, is presented to the experts. They are asked to provide recommendations on the manoeuvre
decisions AVs should make in such situations and to explain the reasoning behind their recom-
mendations. These reasons are then mapped back to the classifications from the first step to
uncover relationships and derive expert-informed guidelines for AV behaviour.
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2.3 Reasons That Influence Considerations for AV Manoeu-
vre Planning

2.3.1 Methods

To identify the reasons automated vehicles (AVs) should track in ethically ambiguous routine
driving situations, we conducted expert interviews. This section describes the selection of ex-
perts, recruitment procedures, interview protocol, and analytical approach used to extract and
categorise these reasons.

Expert Participants

• Selection Criteria

To ensure that the study reflected insights from individuals with substantive knowledge
of AV systems, we employed a purposive sampling strategy, complemented by snow-
ball sampling. Initial participants were selected through the professional networks of the
authors and evaluated based on their publication records, institutional affiliations, and
topic relevance, as reflected in publicly available sources such as Google Scholar profiles.
This approach enabled the identification of experts with demonstrable contributions to
AV-related research and development, in line with accepted practices in qualitative trans-
portation studies. For example, Ma & Feng (2024) recruited AV professionals through
LinkedIn based on their hands-on experience with automated systems, while Hilgarter &
Granig (2020) employed purposive sampling in a real-world AV deployment by selecting
participants immediately after they experienced an autonomous shuttle ride. Similarly,
our approach aimed to ensure that participants had domain-specific expertise in AVs and
were capable of contributing informed reasoning about AV decision-making.

Subsequent participants were recruited via expert referrals following early interviews.
This snowball sampling method enabled us to reach additional individuals working in
specialised domains who may not have been immediately visible through conventional
directories. Comparable combined strategies have been used in AV-focused qualitative
studies to capture diverse, high-level perspectives from academia, industry, and govern-
ment (Milford et al., 2025).

• Recruitment

Participants were recruited via personalised email invitations. Each email included a
brief overview of the study, highlighting its focus on understanding trade-offs in motion
planning for overtaking scenarios involving automated vehicles (AVs). We clarified that
although the study focused on motion planning, participation was not limited to specialists
in that area; instead, we sought a broad range of perspectives from individuals involved
in AV ethics, design, policy, and engineering.

The email also outlined the interview format and logistics: semi-structured, approxi-
mately 45–60 minutes in duration, conducted via Zoom, and optionally recorded with
participant consent. The voluntary nature of participation and the right to withdraw at
any time were clearly communicated. Recruitment and study procedures were approved
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by the Human Research Ethics Committee (HREC) of Delft University of Technology
(ID: 132530).

• Participant Profile

The final sample consisted of 18 expert participants from seven countries, representing a
range of perspectives on AV development. Of the 35 experts initially contacted—14 from
the United States, 13 from the Netherlands, four from the United Kingdom, and one each
from Italy, Belgium, Israel, and Japan—18 agreed to participate, resulting in a response
rate of 51%. All participants were informed of the study objectives and provided consent
prior to their involvement.

The participant profile reflects diverse institutional affiliations and technical backgrounds.
As shown in Table 2.1, participants were drawn from academia (n = 12) and industry (n
= 6), with disciplinary expertise in motion planning, human factors, ethics, behavioural
science, and legal policy. Based on self-reported experience, participants had on average
more than five years of direct involvement with automated vehicle development. This
diversity of expertise and roles contributed to a rich and multidimensional set of perspec-
tives on AV decision-making in motion planning contexts.

Table 2.1: Overview of Expert Participants by Sector, Country, and Expertise

ID Country Expertise Role

Academia
1 Netherlands Human-AI interaction, ethics Researcher
2 US Technical validation, travel behaviour Researcher
3 US AV safety validation Researcher
4 Netherlands Motion planning algorithms Researcher
5 Netherlands Road users and infrastructure perspec-

tives
Researcher

6 Netherlands Ethics of AI Researcher
7 UK Modelling human behaviour Researcher
8 Netherlands Social science of behaviour Researcher
9 UK AV user experience Researcher
10 Israel Public perception and AV ethics Researcher
11 UK Human factors in transport Researcher
12 Netherlands Legal aspects of AV Researcher

Industry
13 UK AV safety and assurance Consultant
14 Netherlands Traffic psychology Psychologist
15 US Software quality assurance Engineer
16 US Driving strategy, business development Consultant
17 US AV safety Consultant
18 US Human factors Researcher

The sample size of 18 experts aligns with prior qualitative studies that employ in-depth
expert interviews in the domains of automated vehicles, where 9 to 19 participants are
often sufficient to achieve conceptual saturation (Dreger et al., 2020; Tabone et al., 2021;
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Beringhoff et al., 2022; Lee et al., 2020; Swain et al., 2023; Habibullah et al., 2024). Al-
though our sample size was determined by expert availability rather than a predefined sat-
uration threshold, we conducted a retrospective assessment to evaluate whether thematic
saturation was likely achieved. We tracked the emergence of new reason categories across
interviews and observed that all categories described in Section 2.3.2 were identified by
the 14th interview. The final four interviews introduced no new categories, suggesting
that the major themes had stabilized. This provides additional confidence in the adequacy
of the sample size within the scope and aims of this study.

Questionnaire Design

This study used a semi-structured interview protocol, operationalised through a struc-
tured questionnaire administered synchronously during interviews. The instrument was
informed by the tracking condition of the Meaningful Human Control (MHC) framework.
This condition holds that automated systems should respond to relevant human reasons
(Santoni de Sio & Van den Hoven, 2018). In this article, we define “reasons” as normative
reasons or factual considerations that justify particular actions, rather than motivational
reasons, following the distinction outlined by Veluwenkamp (2022).

According to the MHC framework, reasons relevant to automated vehicle (AV) decision-
making can be grouped into four categories: moral, strategic, tactical, and operational.
Moral reasons pertain to ethical principles or social norms (e.g., fairness, harm avoid-
ance). Strategic reasons relate to long-term planning goals (e.g., minimising travel time).
Tactical reasons involve interactions with other road users (e.g., overtaking or yielding),
while operational reasons concern real-time control actions (e.g., braking, steering).These
categories provided the conceptual basis for the questionnaire, which consisted of five
main parts:

– Part 1 (Questions 2–4): Exploration factors that influence AV manoeuvre planning.

– Part 2 (Questions 5-9): Evaluation of an ethically challenging real-world AV sce-
nario involving a cyclist, asking participants to identify and assess reasons relevant
to decision-making.

– Part 3 (Questions 10-13): Ranking of predefined reasons, enabling participants to
indicate the most appropriate decision in the given scenario.

– Part 4 (Questions 14-19): Evaluation of alternative AV decisions, using time-based
assessments to examine how stakeholder reasons were addressed in a revised sce-
nario.

– Part 5 (Questions 20-21): Evaluation of how AVs might interpret stakeholder in-
tentions and manage potential conflicts.

The protocol was informally piloted with five PhD researchers working on topics related
to AVs to ensure question clarity and relevance, after which wording adjustments were
made prior to data collection. Building on this refined protocol, this section focuses on
participants’ responses to Questions 2–4, which relate to Objective 1 and are presented in
Table 2.2. For completeness, the full set of questions is provided in Appendix A.1, while
details of how both open- and closed-ended questions were formatted and administered
are described in Section 2.3.1.
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Table 2.2: Interview Questions Relevant to Objective 1

No. Interview Question
Question 2 What should automated vehicles (AVs) consider when

planning a maneuver? Please give one example in as
much detail as possible.

Question 3 Which moral aspects do you believe AVs should con-
sider when planning a maneuver?

Question 4 How might these aspects affect the maneuver plan?

Using these questions as the starting point, we elicited expert views on the kinds of reasons
AVs should respond to. Participants answered open-ended questions designed to explore what
factors should be considered in AV manoeuvre planning. Their responses to Questions 2–4
formed the basis for a theory-driven qualitative coding process aimed at identifying the types of
reasons referenced and mapping them to the four categories outlined in the MHC framework.
The analysis procedure is detailed in Section 2.3.1.

Procedure

The interviewer conducted all interviews online using Microsoft Teams, with audio, video,
and automated transcriptions recorded for analysis. Each session followed a predefined pro-
tocol consisting of both open-ended and closed-ended questions presented through Qualtrics
(https://www.qualtrics.com). This synchronous format , the interviewer opened the question-
naire on their own screen and shared it with participants via screen share. A direct, non-recorded
link to the same questionnaire was also provided, enabling participants to reread questions and
revisit previous items independently. This link also allowed them to rewatch embedded videos,
which was especially helpful in cases of video lag caused by internet issues. The interviewer
read each question aloud and asked participants to respond verbally. For closed-ended ques-
tions, the interviewer recorded participants’ responses directly into the questionnaire, with the
input visible to participants via screen share for confirmation. To prevent duplicate data, the
interviewer explained that any responses submitted via the shared link would not be recorded
or considered in the analysis. The interviewer also managed the structure and flow of each ses-
sion. Participants were informed of this format in advance, and no concerns or discomfort were
reported during or after the interviews.

This synchronous format enabled the researcher to provide immediate clarification when
needed and ensured that participants responded to questions in the intended sequence. It also
helped maintain consistency across interviews, as all participants saw and heard the same con-
tent in the same order at a similar pace. The researcher did not comment on or react to partici-
pants’ responses and refrained from offering prompts or interpretations, intervening only when
participants explicitly requested clarification. This neutral and minimal involvement allowed for
observation of subtle cues, such as hesitation or clarification requests, that could enrich qual-
itative analysis. This method aligns with best practices for structured qualitative interviewing
and has been applied in prior research (Longhurst & Johnston, 2023; Beringhoff et al., 2022;
Nordhoff et al., 2023).
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Data Analysis

• Coding Framework

We used directed content analysis to analyse expert responses, using the Meaningful Hu-
man Control (MHC) framework (Mecacci & Santoni de Sio, 2020) as the initial coding
structure. This framework distinguishes reasons according to their position on a temporal
scale—that is, how close or distant they are from influencing an action—and organises
them into four layers. These layers were used as deductive codes to classify the reasons
experts provided for expected AV manoeuvre planning. The layers are detailed as follows:

– Normative reasons: Motivations grounded in moral values, legal rules, or social
expectations that guide what ought to be done. These are abstract, long-term in
scope, and typically shaped by institutions or broader societal expectations.

– Strategic reasons: Motivations or intentions related to high-level goals and long-
term plans, such as deciding where to go or what outcome to achieve. These are
moderately abstract, span longer durations, and are usually attributed to the driver
as planner.

– Tactical reasons: Motivations or intentions that guide short-term manoeuvring de-
cisions in response to changing circumstances. These are more concrete and in-
formed by the immediate driving context.

– Operational reasons: Immediate motivations or intentions that correspond directly
to moment-by-moment physical actions. These are highly specific and implemented
by the AV system or human driver in response to moment-to-moment environmental
cues.

Based on the four layers of reasons, we created a coding matrix. Interview responses to
Questions 2–4 were segmented into individual statements, which were then coded accord-
ing to the type of category expressed. Once all statements were categorised, we conducted
an inductive thematic analysis within each category to identify more specific sub-themes.

This process enabled us to identify which layers of reasons were most frequently cited by
experts and to characterise the diversity of reasons underlying what the AV should con-
sider when planning a manoeuvre. For example, reasons in the moral layer often referred
to legal compliance or fairness, whereas strategic reasons focused on acceptance and effi-
ciency concerns. Tactical reasons addressed situational decision-making, and operational
reasons emphasised vehicle control. When statements reflected more than one type of
reason, cross-coding was used to preserve interpretive nuance.

These four layers of reasons were used exclusively to code expert reasons. The subse-
quent analysis of what experts believed the AV should do, presented later in Section 2.2,
was carried out separately as an exploratory interpretive step, using behavioural levels
(normative, strategic, tactical, and operational) (Calvert & Mecacci, 2020) that were not
part of the coding framework.

Our approach, grounded in the theoretical framework of MHC, is consistent with other
AV studies employing theory-driven content analysis. For instance, Aasvik et al. (2025)
used a similar method to analyse public trust in autonomous shuttles, while Suryana et al.
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(2025b) applied the MHC framework to explore interview data in relation to the tracking
and tracing conditions.

• Qualitative Content Analysis Procedure

To apply the Meaningful Human Control (MHC) framework in a structured and transpar-
ent manner, we conducted a qualitative content analysis that combined theory-driven and
data-driven steps. We began by segmenting interview transcripts into individual response
units. Each unit was analysed to identify four key components: (1) the AV behaviour
being recommended (consideration), (2) the justification for that behaviour (reason), (3)
the human agent associated with the reason, and (4) the corresponding layers of reasons:
normative, strategic, tactical, or operational.

We explicitly distinguished between considerations and reasons. “Considerations” refers
to the specific behaviour that the AV is expected to perform (e.g., “the AV should slow
down near pedestrians”), whereas “reasons” are the human-orientated justifications for
those behaviours (e.g., “to ensure the safety of vulnerable road users”). Each reason was
then evaluated according to the layers of reasons. This involved examining its temporal
scale and the associated human agents to whom the reason was attributed. When a rea-
son encompassed multiple types of justification, such as combining moral fairness with
strategic efficiency, it was assigned to more than one MHC category.

Our approach recognised that reasons could be either explicitly stated in the data or log-
ically inferred from context. Explicit reasons were identified when participants directly
articulated the justification for their statements. In other cases, implicit reasons were
inferred based on the surrounding narrative. This approach draws on principles of la-
tent content analysis, in which underlying meanings are interpreted beyond the literal
language used. Latent content, as defined by Graneheim & Lundman (2004), refers to
the deeper meaning embedded in a text, especially important when participants allude
to motivations or norms without stating them directly. Building on this, scholars such
as Vaismoradi et al. (2013) and Krippendorff (2018) have emphasised how interpreting
latent content can uncover implicit yet meaningful patterns within qualitative interview
data.

Following the identification and classification of reasons, responses that addressed similar
topics were grouped into broader thematic categories. This step enabled us to organise the
data into a set of distinct reason types, each of which was then linked to the appropriate
MHC category or categories.

• Inter-coder Reliability

To ensure the reliability and transparency of the coding process, we adopted a multi-stage,
consensus-based approach. First, the one of the author compiled an initial list of reasons
or expectations for how AVs should act, based on expert responses. This involved inter-
preting each expert’s response and identifying distinct reasons or expectations expressed.

Drawing on the classification framework proposed by Mecacci & Santoni de Sio (2020),
we categorized each reason or expectation into four categories: moral, strategic, tactical,
and operational. Following this categorization, two authors of this paper independently
coded each item to one of the four categories to ensure consistency and analytical rigor.
The initial coding was done independently using the same list, allowing for a direct com-
parison of interpretations.
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We calculated inter-coder agreement using Cohen’s kappa, based on binary coding of
whether each of the four categories was applied. Agreement varied by category and coder
pair. For example, the moral category showed substantial agreement (κ = 0.77 for Coder
2 vs Coder 1), while the tactical category showed moderate to substantial agreement
(κ = 0.62 for Coder 1 vs Coder 3). In contrast, agreement was lower for the strategic
(κ = 0.11–0.22) and operational (κ = 0.00–0.18) categories, indicating greater interpre-
tive variability in these dimensions. This aligns with recent work showing that annotator
disagreement can itself be a signal of underlying subjectivity, especially when arguments
are tied to human values (Homayounirad et al., 2025). Most discrepancies arose from am-
biguous phrasing in participant responses or overlapping themes across categories (e.g.,
a reason could plausibly be interpreted as both moral and strategic). Operational justi-
fications were particularly prone to divergent interpretation, likely due to their context-
specific nature. These differences were discussed during a follow-up meeting until full
consensus was reached, and no disagreements remained unresolved.

After reaching agreement at the category level, we collaboratively developed sub-categories
within each of the four main categories, refining the framework through discussion. Dur-
ing this process, one co-author noted that some sub-categories could conceptually belong
to more than one main category, depending on context and interpretation. These overlaps
were acknowledged and addressed through further discussion, with final coding decisions
made by consensus. This approach enhanced the clarity and consistency of the framework
while minimizing individual bias. It also reflects established best practices for investiga-
tor triangulation and consensus coding in directed content analysis (Hsieh & Shannon,
2005; Hill et al., 2005; Campbell et al., 2013).

2.3.2 Results

In response to Questions 2–4, most experts described hypothetical traffic situations and out-
lined the considerations and actions that automated vehicles (AVs) should take before execut-
ing a manoeuvre in these contexts. They also provided explanations (reasons), articulating why
the considerations they mentioned were important and why they believed AVs should exhibit
particular behaviours. Based on thematic analysis, we identified thirteen distinct categories of
reasons that span across four layers of reasons used by experts to justify AV behaviour. These
categories demonstrate that experts’ expectations about what the AV should consider or do rely
on diverse human reasons. Some categories may seem similar when viewed only by name, as
labels necessarily compress complex reasoning into short descriptors. Examining the temporal
scale and the layer to which each reason is classified helps reveal their conceptual differences.
To clarify differences in layer and temporal scale, we developed a conceptual representation
that positions each reason category along two dimensions.

Figure 2.1 presents this conceptual space, showing how the thirteen reason categories dis-
tribute across their levels of reasons and their temporal scale, with colours indicating the relevant
human agents referenced in each reason. The visual organisation highlights that distinctions
among categories are more apparent when considering all dimensions together (layers of rea-
sons, temporal scale, and the relevant human agents referenced) rather than relying solely on
category labels.

Following this visual clarification, Table 2.3 summarises each reason category and shows
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Figure 2.1: Conceptual positioning of the thirteen reason categories along two dimensions:
layers of reasons (norm/values, strategic, tactical, and operational) and temporal
scale (real-time, trip-level, and long-term). Relevant human agents are shown using
colour, indicating the individuals or groups referenced in the justification for why
the AV should behave in a particular way. This representation clarifies the concep-
tual focus of each category.

how we organised the associated reasons across four behavioural levels (normative, strategic,
tactical, and operational), providing a clearer structure for understanding the types of actions
experts described. We now describe each of the thirteen reason categories in turn.

Rule Compliance

Rule compliance refers to how the AV follows formal traffic laws and signals. Experts de-
scribed this category as centred on legal duties that define how road users are expected to act by
regulators and the general public.

One expert explained that the AV should follow traffic signals and road rules because these
reflect shared legal norms that shape public expectations (ID 1). Another expert said the AV
should obey traffic signals and signage to respect legal obligations and maintain rule-following
behaviour in traffic (ID 3).

An expert also discussed how the AV should respond when dangerous rule violations occur.
They suggested that the AV could warn nearby vehicles and record serious breaches, such as
running a red light, so that responsibility can be assigned when needed (ID 16). This was
described as supporting safety by providing clear information for those who enforce the rules.

Experts further commented on the connection between rule-following and responsible be-
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haviour. One expert said the AV should follow road rules and act like a “good driver,” meaning
that rule compliance is part of demonstrating responsible conduct (ID 18). Another expert ar-
gued that the AV should follow traffic rules even when moral guidance is unclear, since rules
remain a stable reference in those situations (ID 11).

A final contribution highlighted that strict compliance can reduce situations where the AV
faces unclear or conflicting choices. One expert explained that following traffic law helps avoid
ambiguity because the rules offer a widely accepted basis for deciding how to act (ID 12).

In summary, rule compliance was described by experts as relevant across multiple be-
havioural levels. At the normative level, rule compliance was described as the AV behaving
in accordance with legal expectations established by lawmakers and society. At the tactical
level, rule compliance appeared in discussions of visible behaviours such as obeying signals
and signage, which other road users rely on to understand how the vehicle will act. At the
operational level, experts emphasised that the AV must consistently execute rule-following ac-
tions, ensuring that its behaviour aligns with legal requirements in real time. This shows that
rule compliance depends on how the AV connects widely accepted legal expectations with the
behaviours that road users observe during interaction.

Social Appropriateness

Social appropriateness refers to how AV behaviour is interpreted by other road users during
real-time interactions. It concerns whether the AV behaves in ways that people on the road
recognise as appropriate. Although these judgements occur in the moment between the AV and
nearby pedestrians, cyclists, or drivers, they are shaped by broader expectations within society
and local communities about how road users should behave.

Several experts explained that social appropriateness depends on how traffic rules are inter-
preted in everyday practice. One expert noted that AVs should evaluate their actions in light
of how other road users interpret legality, since rule-following can influence whether behaviour
appears safe or fair (ID 1). Another expert emphasised that certain actions, such as stopping at a
red light even when there is no immediate hazard, express respect for societal expectations (ID
6). These views show that compliance with traffic rules has social meaning in addition to legal
meaning, and that people often use visible rule-following to judge whether behaviour aligns
with shared expectations.

Experts also pointed to interpersonal qualities of behaviour. One expert stated that AVs
should reflect human social values such as politeness in their driving style (ID 7). Politeness, as
used by the expert, relates to driving in ways that other road users experience as considerate and
cooperative. This includes avoiding abrupt or intrusive manoeuvres that could disrupt others’
movement or sense of mutual accommodation.

Another expert highlighted that appropriateness also involves accounting for local norms.
They explained that AVs may need to balance broad ethical principles, such as avoiding harm,
with practices that are specific to local communities (ID 8). This indicates that legitimate be-
haviour is partly context-dependent: an action may align with expectations in one community
but not in another, and recognising this variation is important for maintaining trust.

Finally, experts noted that the appearance of behaviour matters. One emphasised that AVs
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should avoid actions that feel threatening to others (ID 11). This treats social appropriateness
not only as a matter of rule interpretation or courtesy, but also as avoiding behaviours that could
create fear or discomfort among pedestrians or other road users.

Taken together, these expert perspectives show that social appropriateness involves AV be-
haviour that aligns with how people expect road users to act. At the normative level, experts
described socially appropriate behaviour as acting in ways that reflect the expectations of so-
ciety and local communities regarding respectful and fair conduct. At the tactical level, they
emphasised observable behaviours—such as courteous driving, predictable signalling, or avoid-
ing threatening movements—that pedestrians, cyclists, and other drivers interpret in real time.
This shows that social appropriateness depends on linking widely shared expectations about ap-
propriate conduct with the moment-to-moment behavioural cues that road users rely on during
interaction.

Environmental Impact

Environmental impact concerns how the AV’s behaviour can contribute to or reduce environ-
mental harm. The public and local communities generally expect AVs to demonstrate envi-
ronmentally responsible driving behaviour, including reducing emissions, supporting smooth
traffic flow, avoiding unnecessary fuel consumption, and acting in ways that align with commu-
nity sustainability priorities.

One expert described environmental impact as a reason for AV behaviour. They recom-
mended that AVs should minimise traffic disruption and reduce emissions, noting that smoother
movement helps avoid inefficient stopping patterns and cuts fuel consumption (ID 17). The ex-
pert also linked these actions to safety, explaining that unstable flow can increase the likelihood
of unsafe interactions. The justification indicates that environmental concerns are tied to how
AV behaviour influences broader conditions on the road.

These expert contributions correspond to the behavioural levels used in our analysis. Envi-
ronmental impact involved several behavioural levels. At the normative level, experts described
environmentally responsible behaviour as acting in ways that reflect public expectations about
sustainability and reduced harm. At the strategic level, they emphasised planning AV behaviour
to support steady movement and minimise unnecessary energy use. These perspectives show
that environmental impact depends on how the AV links broad sustainability expectations with
behavioural planning that influence emissions.

Fairness

Fairness concerns how the AV should treat different people and groups without bias. Experts
described this category as relating to how AV behaviour can avoid discrimination, protect those
who are more vulnerable, and ensure that safety and access are not distributed unequally.

One expert stated that AVs should adapt their driving behaviour to account for the vulner-
ability of certain road users (ID 1). The expert explained that this is important for avoiding
harm to people who face higher physical risk, such as pedestrians or cyclists. The focus was on
recognising differences in exposure and adjusting behaviour accordingly.
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Another expert discussed fairness in relation to infrastructure. They argued that AV-only
lanes and similar designs could create inequality by restricting access or shaping mobility con-
ditions in ways that disadvantage some groups (ID 5). The expert treated the avoidance of such
outcomes as part of ensuring that socio-economic status does not determine who benefits from
automated systems.

An additional expert emphasised that AVs should avoid causing harm to nearby people and
animals (ID 13). Although the reason refers broadly to welfare rather than to a specific social
group, it was framed as a matter of protecting those who may be vulnerable during interaction
with the vehicle.

Experts also linked fairness to system design. One expert noted that AVs should not blame
or penalise inattentive users and should be designed to provide fallback safety even when people
make mistakes (ID 9). In this view, fairness concerns responsibility allocation and the need to
ensure that design limitations do not disproportionately affect certain users.

Two experts described fairness more explicitly as a matter of equal treatment. One argued
that pedestrians and occupants should be treated equally regardless of wealth or identity (ID
10). Another stated that safety standards should not vary with a user’s socio-economic status
(ID 12). These accounts highlight fairness as a requirement that all users receive the same
protection, independent of individual characteristics.

These expert accounts align with the behavioural levels used in our analysis. Fairness
emerged across multiple behavioural levels. At the normative level, experts described fairness
as requiring AV behaviour that provides equal consideration to all people and avoids discrimina-
tory outcomes. At the strategic level, they emphasised behavioural decisions shaped by system
and infrastructure design, influencing who benefits from the system and how access and safety
features are distributed. At the tactical level, their examples highlighted real-time behavioural
adjustments—such as protecting vulnerable road users or preventing harm during interaction.
Overall, these perspectives show that fairness depends on recognising differences in vulnerabil-
ity and ensuring that AV behaviour does not produce outcomes that advantage or disadvantage
particular users based on their social or economic position.

Efficiency

Efficiency concerns how the AV supports effective movement through traffic while aligning
with the user’s travel goals. Experts described this category as relating to how the AV manages
speed and flow to enable timely travel without introducing unnecessary risk or disruption. They
highlighted that efficiency depends both on occupant expectations for reaching destinations
reliably and on design decisions that enable smooth and stable movement within traffic.

One expert explained that AVs should balance speed and responsiveness with the need to
maintain efficiency throughout the trip (ID 1). The expert noted that efficiency should not come
at the expense of safety, indicating that the AV must manage its pace in a way that supports
steady progress without creating hazards. Another expert described efficiency in relation to user
goals. They stated that AVs should consider the user’s intention for the trip—such as wanting to
reach a destination sooner—when selecting actions (ID 6). This perspective connects efficiency
with the passenger’s preferences and how the AV plans its route or driving behaviour to match
them.
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Table 2.3: Expert-elicited reasons, organised by reason category (rows) and behavioural levels (columns): normative, strategic, tactical, and
operational. Each cell summarises what experts believed the AV should do or consider in that category. Not mentioned indicates no
corresponding expert response for that level. Parenthetical codes indicate the human agents associated with behaviour at that level: (L)
= Lawmaker/Policymaker/Regulator (RU) = Road Users, (VRU) = Vulnerable Road Users, (D) = Designer, (O) = Occupant, (GP) =
General Public, (LC) = Local Community

Reason Category Moral / Normative Strategic Tactical Operational

Rule Compliance - Follow traffic rules as societal duty
and moral baseline (L) (ID 1,3,11,12)

Not mentioned - Behave like a predictable “good
driver” (RU) (ID 18)

- Alert and log red-light running (D)

(ID 16)
Social Appropriateness - Visible compliance signals fairness,

integrity, cultural respect (RU,GP,LC)

(ID 1,6,8)

Not mentioned - Courteous, non-threatening driving to
gain trust (RU) (ID 7,11)

Not mentioned

Environmental Impact - Reduce emissions for sustainability
(GP, D) (ID 17)

- Smooth traffic flow to cut fuel /
stop-and-go (D) (ID 17)

Not mentioned Not mentioned

Fairness - Equal treatment (GP, RU)

- Protect VRUs and animals (GP, RU)

- Designers bear safety duty (GP, RU)

(ID 9,10,13)

- Avoid exclusionary AV-only lanes (D)

- Ensure safety functions for all (D)

(ID 5,12)

- Adjust driving to shield vulnerable
users (VRU) (ID 1)

Not mentioned

Efficiency Not mentioned - Balance speed with trip efficiency
(D,O)

- Honour faster-arrival goals (D,O)

(ID 1,6)

- Avoid over-caution that disrupts flow
(RU) (ID 16)

Not mentioned

Acceptance Not mentioned - Ensure passenger safety and comfort
for acceptance (O) (ID 5)

- Drive in ways passengers find
comfortable and acceptable (O) (ID 5)

Not mentioned

Cultural Adaptation - Uphold legal standards despite unsafe
local habits (L, LC) (ID 17)

- Adapt to region-specific traffic
behaviours (D, RU) (ID 8)

- Adapt yielding / right-of-way to local
norms (RU) (ID 8)

Not mentioned

Safety - Adapt speed if safer (D, GP) (ID 17) - Limit speed in pedestrian zones (RU)

- Minimise manoeuvres (RU)

- Plan for sensor-failure contexts (RU)

(ID 4,13,15)

- Safe overtake / merge (RU) (ID 1)
- Anticipatory VRU buffers(VRU) (ID 2)
- Early hazard signal and brake for
violator(RU) (ID 14,16)
- Extra buffer when visibility blocked
(RU) (ID 2)

- Detect and signal sudden obstructions
early (D) (ID 14)

Interaction Management - Transparent communication upholds
fairness (D, GP) (ID 15)

- Distinguish reactive vs. goal-driven
actions (D) (ID 13)

- Detect users, infer intent, and signal
manoeuvres (O) (ID 3,9,15)
- Predict pedestrian motion (VRU)

(ID 4,7,8)
- Cooperative merge / influence traffic
(RU) (ID 7,18)
- Decelerate to signal crossing (RU)

(ID 11)

Not mentioned

Continued on next page
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Table 2.3: Expert-elicited AV behaviour expectations (continued)

Reason Category Moral / Normative Strategic Tactical Operational

Comfort Not mentioned - Integrate safety, efficiency, comfort
(D, O) (ID 7)

- Maintain comfort to avoid overrides
(O) (ID 5)
- Smooth merge / decel (O, RU) (ID 13)
- Avoid harsh braking and needless
yielding (O) (ID 9)

Not mentioned

Continuous Control Not mentioned Not mentioned Not mentioned - Maintain continuous environmental
monitoring (D) (ID 14)

Control Transition Not mentioned Not mentioned Not mentioned - Give clear, timely takeover warning
(D, O) (ID 5)

Vigilance & Readiness Not mentioned Not mentioned Not mentioned - Do not depend on continuous driver
alertness (D, O)

- Manage engagement (D, O) (ID 14)
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A further expert highlighted the effect of overly cautious behaviour on traffic flow. They
recommended that the AV should avoid unnecessary hesitation that disrupts surrounding traffic
or leads to inefficient movement patterns (ID 16). This reflects a view that efficiency includes
how the AV interacts with others and maintains stability within the broader flow of travel.

These expert views correspond to the behavioural levels used in our analysis. Efficiency
appeared at the strategic and tactical behavioural levels. At the strategic level, experts described
behaviours related to planning and routing that balance speed with trip efficiency and support
user goals, reflecting the involvement of both designers and occupants. At the tactical level,
they highlighted real-time driving behaviour that avoids overly cautious actions or unnecessary
hesitation that could disrupt surrounding traffic, which road users depend on for stable flow.

Acceptance

Acceptance concerns how the AV’s behaviour is experienced by passengers and by society over
longer time scales. While at first glance this may appear similar to social appropriateness, the
focus here is different: this category does not address how other road users interpret the AV
in real-time interactions, but rather whether people feel comfortable trusting and adopting AV
technology at all.

One expert explained that AVs should balance safety with long-term user comfort and ac-
ceptance (ID 6). In this view, safety remains essential, but acceptance also depends on whether
the vehicle behaves in a way that passengers find comfortable and reassuring over time. The
expert’s description indicates that user acceptance involves both comfort considerations and a
sustained sense that the AV behaves safely across repeated experience. Because acceptance
develops over time, this category concerns how passengers and society evaluate the AV’s be-
haviour beyond any single moment in traffic.

These statements fit the behavioural levels applied in our analysis. Acceptance appeared at
the strategic and tactical behavioural levels. At the strategic level, experts emphasised behaviour
related to balancing comfort and safety over time so that people can rely on the system. At the
tactical level, they highlighted specific driving behaviours that influence passenger comfort and
confidence during use.

Cultural Adaptation

Cultural adaptation concerns how the AV should account for location-specific behavioural ex-
pectations and informal practices in different traffic environments. Experts described this cate-
gory as relating to the way norms vary across places and how these variations shape what local
road users and local community expect from an AV.

One expert explained that AVs should adapt their behaviour to reflect local cultural norms
and road conventions so that their actions match what people in that environment consider
appropriate (ID 8). This includes modifying responses to align with expectations that differ
across locations, such as how pedestrians or cyclists typically behave in that region.

The same expert illustrated how local expectations influence right-of-way decisions by com-
paring cyclist behaviour in the Netherlands and the United States. They explained that if be-
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haviour were guided only by a rule such as “do not harm”, a Dutch cyclist would stop whenever
a pedestrian might cross their path. In practice, cyclists in the Netherlands usually continue
unless the pedestrian clearly commits to entering the road. In California, however, continuing
in this way could be viewed as improper or even immoral. The expert used this to explain that
AVs should adjust their responses based on location-specific expectations about yielding and
movement patterns (ID 8).

Another expert highlighted situations where local driver behaviour may be inconsistent with
formal rules. For example, they noted that an AV should obey traffic laws even when local
drivers act unpredictably in features such as roundabouts (ID 17). The expert emphasised that
the AV should not reproduce informal or unsafe habits, even when these habits are common,
but should still recognise them in order to navigate reliably.

In summary, experts discussed cultural adaptation in relation to different behavioural levels.
At the normative level, experts described expectations grounded in local values about what
counts as appropriate behaviour in a given place. At the strategic level, they referred to the need
for AVs to adjust decisions to match location-specific road conventions, including differences
in right-of-way expectations. At the tactical level, they discussed how the AV should respond
to behaviours that occur in real time, such as informal practices at roundabouts or crossings,
while still respecting legal requirements. These observations show that AVs are required to
understand local practices while maintaining behaviours that remain consistent with legal and
ethical expectations when local norms diverge from them.

Safety

Safety concerns how the AV avoids unsafe situations and reduces the likelihood of harm for
both the people directly interacting with the vehicle and the wider public who depend on safe
road systems. Experts described safety as relating to how the AV anticipates threats, manages
uncertainty, and responds in ways that limit the possibility of collisions and support public
expectations of safety.

One expert stated that AVs should execute overtaking and merging manoeuvres in ways that
reduce crash likelihood (ID 1). The expert explained that safe positioning during interaction is
necessary for limiting immediate risk on the road.

Another expert described how AVs should act when the presence of vulnerable road users
is uncertain. They noted that the AV should perform anticipatory manoeuvres and leave buffer
space when visibility is limited, so that unexpected encounters do not lead to unsafe situations
(ID 2). This reasoning emphasised caution when information about the environment is incom-
plete.

Experts also referred to planning behaviour around pedestrians. One expert explained that
manoeuvres should be planned to limit speed and create enough space for pedestrians to pass
safely (ID 4). Similar points were made about planning based on the status of the AV and the
position of surrounding road users so that manoeuvres are informed by the conditions of the
environment (ID 13).

Other contributions focused on how the AV should detect and communicate changes in the
environment. One expert stated that early detection of hazards helps the AV mitigate risk before
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unsafe situations develop (ID 14). Another expert described how unnecessary manoeuvres can
introduce additional risk, and suggested limiting such behaviour when safe progress can still
be maintained (ID 15). They also noted that when sensor reliability is compromised, the AV
should assess the situation in full before responding (ID 15). These points emphasised that risk
management includes adapting to changing conditions.

Some experts highlighted behaviours relevant to exceptional or unpredictable scenarios.
One expert noted that the AV should detect red-light violations by others and brake when needed
to avoid collision (ID 16). The same expert explained that, in uncertain situations, the AV
should prioritise protecting its occupants (ID 16). Another expert stated that adapting to realistic
traffic speeds, rather than relying only on strict legal limits, can support safer movement when
surrounding flow differs from posted rules (ID 17).

These observations relate directly to the behavioural levels defined in our analysis. Safety
appeared across several behavioural levels. At the normative level, experts referred to expec-
tations from the wider public that the AV should prioritise protecting both occupants and other
road users when risk is present. At the strategic level, they described planning manoeuvres that
account for pedestrian movement, speed limits, sensor performance, and road-user positioning,
reflecting the design decisions that shape safe movement. At the tactical level, their examples
focused on real-time adjustments such as leaving buffer space, adapting to occlusion, respond-
ing to red-light violators, and braking when hazards emerge. At the operational level, experts
highlighted behaviours such as detecting sudden obstructions. Overall, these perspectives show
that safety depends on how the AV links protective priorities with planned manoeuvres and
immediate responses to unfolding events.

Interaction Management

Interaction management refers to how the AV interprets the actions of people outside the vehi-
cle and makes its own behaviour understandable to them. Experts consistently described this
category as concerned with how the AV interprets the behaviour of pedestrians, cyclists, and
other drivers, and how it makes its own behaviour understandable to them.

Several experts emphasised that the AV should detect relevant road users and infer their
intentions so that it can respond in a way that avoids unsafe interaction (ID 3). This includes
understanding whether others are slowing, crossing, or changing direction. The expert framed
this as a necessary part of responding appropriately to surrounding behaviour.

Experts also described the importance of communication during interaction. One expert
explained that the AV should convey its intended manoeuvres clearly to ensure that other road
users can anticipate what it will do (ID 3). Another noted that the use of visible cues, such as
cinematic indicators or clear deceleration, helps pedestrians interpret the AV’s movement and
judge whether they can proceed (ID 9). A similar point was made regarding hazard signals,
where one expert stated that clear warnings help prevent misinterpretation during abnormal
situations (ID 15).

Anticipating the movement of others was another common theme. One expert highlighted
that the AV should predict pedestrian motion at both marked and unmarked crossings to prevent
unsafe encounters (ID 4). Other experts provided similar examples involving the prediction of
vehicle, cyclist, or scooter trajectories in more complex settings such as intersections (ID 8, ID
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7). These points treat anticipation as a central part of managing shared road space.

Experts also referred to how the AV’s behaviour affects the actions of others. One ex-
pert explained that the AV should influence the behaviour of surrounding road users by using
cooperative or predictable manoeuvres (ID 7). Another described merging behaviour as an ex-
ample, noting that the AV should cooperate with other vehicles during such manoeuvres so
that its behaviour aligns with what others expect (ID 18). These examples show how interac-
tion management involves shaping not only the AV’s responses but also how others adjust their
behaviour.

These perspectives reflect the behavioural levels that structure our analysis. Interaction
management appeared across several behavioural levels. At the normative level, experts framed
clear and transparent signalling as a behavioural responsibility that supports fairness and public
trust in shared road environments. At the strategic level, they described behavioural decisions
about how the AV positions itself, prepares manoeuvres, and distinguishes between reactive and
goal-directed actions so that its behaviour fits the broader flow of traffic. At the tactical level,
their examples highlighted real-time behaviours such as detecting nearby road users, interpret-
ing their intentions, predicting their movement, and using signalling or cooperative manoeuvres
to make the AV’s actions understandable. Overall, these views show that interaction manage-
ment depends on how the AV interprets others’ actions, communicates its own intentions, and
coordinates behaviour within dynamic shared road space.

Comfort

Comfort concerns how passengers perceive the AV’s driving behaviour and how this perception
shapes both their immediate reactions and their longer-term experience of automated travel. Al-
though this category may appear similar to interaction management, the focus here is different:
comfort concerns the effects of the AV’s movement on people inside the vehicle, whereas inter-
action management addresses how people outside the vehicle interpret and respond to what the
AV does.

These perspectives reflect the behavioural levels that structure our analysis. Several experts
described comfort as closely connected to safety because discomfort can prompt unnecessary
intervention. One expert explained that the AV should maintain passenger comfort to prevent
overrides caused by uncertainty or confusion (ID 5). This perspective treats comfort as part of
maintaining a stable relationship between the passenger and the vehicle, since discomfort may
lead to actions that interfere with automated control.

Another expert noted that the AV should drive in a way that feels comfortable to passengers
and intuitive to nearby road users (ID 13). In this account, comfort supports acceptance by
ensuring that the vehicle’s motion aligns with what passengers expect and what other road users
can understand.

Experts also mentioned that comfort should be considered when planning actions. One
expert described comfort as a factor the AV should address alongside safety and efficiency
when determining how to act (ID 7). This reflects the idea that comfort is part of how the AV
should structure its behaviour over time, not only in immediate responses.

Two examples from another expert concerned specific driving practices that influence com-
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fort. Avoiding harsh braking was described as important for passengers on board (ID 9). The
same expert noted that the AV should avoid yielding when doing so would create unnecessary
disruption for the occupants (ID 9). These examples show how comfort appears in particular
manoeuvres.

Taken together, these contributions describe comfort as aspects of AV behaviour that shape
how passengers interpret and respond to automated driving. Comfort influences whether pas-
sengers feel secure and whether they choose to intervene. It also affects how understandable
the AV’s movement appears to people who interact with the vehicle.

These statements fit the behavioural levels applied in our analysis. Comfort mapped onto
strategic and tactical behavioural levels. At the strategic level, they referred to comfort as
something the AV should incorporate when planning how to act over longer stretches of driving.
At the tactical level, their examples focused on how specific manoeuvres—such as braking or
yielding—affect the passenger’s immediate experience. This shows that comfort operates at
several levels of behaviour, shaping how passengers respond both in individual moments and
across sustained interactions with the AV.

Continuous Control

Continuous control concerns how the AV sustains awareness of its surroundings and remains
responsive during driving so that its behaviour is predictable and safe for other road users,
particularly those who are vulnerable. Experts described this category as relating to the AV’s
ability to monitor traffic conditions continuously rather than relying only on discrete updates or
isolated events, which depends on design choices that enable consistent awareness throughout
the trip.

One expert stated that the AV should maintain attention to changes in the traffic environment
even during routine driving (ID 14). They explained that doing so supports ongoing awareness
and allows the AV to respond when conditions shift. The reason emphasised that continuous
monitoring is necessary for timely and appropriate adjustment to what happens around the ve-
hicle.

The statement aligns with the operational task from behavioural levels. Experts described
the need for ongoing monitoring and real-time responsiveness as traffic conditions change. This
suggests that continuous control, as described by experts, centres on maintaining persistent
situational awareness and the capacity for immediate behavioural adjustment in response to
evolving traffic conditions.

Vigilance and Readiness

Vigilance and readiness concerns how the AV manages attention and responsibility in situa-
tions where control is shared between the vehicle and the human driver. Experts described this
category as relating to whether the AV should depend on the driver, who may not remain con-
tinuously alert during extended periods of automation, and to the role of system designers in
determining how responsibility is allocated when attention declines.

One expert stated that the AV should avoid relying on driver alertness in long-term shared-
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control situations (ID 14). They explained that drivers often become inattentive when automa-
tion manages the majority of the driving task and that expecting the driver to remain vigilant
under these conditions is unsafe. The reason emphasised the need for the AV to handle responsi-
bility directly when prolonged automation reduces the likelihood of sustained human attention.

Vigilance and readiness were discussed only at the operational level, where experts de-
scribed the need for the system to always remain alert, avoid depending on the driver, and
maintain driver engagement. This suggests that vigilance and readiness, as described by experts,
centre on the dual tasks of ensuring the driver remains engaged and prepared for operational de-
mands, while the AV itself remains continuously attentive to the surrounding environment.

Control Transition

Control transition concerns how responsibility shifts between the AV and the human driver,
and how this transition is supported by the system’s design. Experts discussed this category in
relation to how the AV prepares the driver to resume manual control safely, emphasising the
role of designers in determining how handover is communicated and managed.

One expert stated that the AV should provide sufficient warning before the driver takes back
control (ID 5). They explained that this is needed to prevent confusion and to ensure that the
driver can safely resume the task. The expert emphasised that a clear and timely transition
reduces the likelihood of unsafe responses when authority over the vehicle changes.

This explanation only aligns with the operational task of behavioural levels. The expert
highlighted the need for clear and timely cues that allow the driver to safely resume control.
This shows that control transition centres on how the AV provides real-time support during the
moment when responsibility shifts to the driver.

2.3.3 Discussion

To address Objective 1, we aimed to identify and structure the category of human reasons that
should inform AV manoeuvre planning. Our study contributes to addressing the practical gap
by offering a layered mapping of thirteen reason categories, organised across moral, strategic,
tactical, and operational levels, and explicitly linked to the roles of relevant human agents. This
structure organises the expert-derived human reasons that influence AV manoeuvre planning
into a layered form of guidance on what considerations should inform AV decision-making,
supporting future research and system design aligned with the tracking condition of Meaningful
Human Control (MHC).

This section also responds to the methodological gap identified in the introduction by demon-
strating how expert interviews and directed content analysis can reveal the structure of human
reasons relevant to AV behaviour. Our approach systematically captured how experts from di-
verse domains interpret what matters in AV behaviour, allowing reason categories to emerge
inductively while using the Meaningful Human Control framework to position them across
behavioural levels. Table 2.3 illustrates how these reasons connect to AV behaviour across dif-
ferent levels, from normative expectations to operational execution, and identifies the human
agents affected by those behaviours. This mapping provides a bridge between the reasons ex-
perts expressed and the types of behaviour designers may need to support in AV systems.
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Multiple overlapping reasons in a single manoeuvre. A central insight from our findings is
that AV manoeuvre planning rarely relies on a single type of reason. Instead, a single manoeuvre
often engages multiple overlapping reasons that reflect different layers of ethical and practical
concern. For example, Expert ID 17 explained that choosing not to follow traffic rules strictly
in some situations can be justified for more than one reason at the same time, such as improving
safety and reducing environmental impact. Additionally, reason categories themselves are not
confined to one behavioural layer. Rule compliance, for instance, spans normative expectations
(e.g., respecting laws), tactical execution (e.g., behaving like a predictable driver), and opera-
tional functionality (e.g., logging red-light violations). This layered nature of reasons suggests
that manoeuvre planning systems must support multi-reason, multi-level responsiveness, rather
than relying on rule-based execution alone.

Human proximity and agent roles. Our analysis of Figure 2.1 indicates a relationship between
reason type and the proximity of the human agents referenced by participants. Normative rea-
sons were typically associated with more socially and institutionally distant agents—such as
policymakers, the general public, and local communities—who shape and enforce broader eth-
ical standards. In contrast, strategic, tactical, and operational reasons were more closely con-
nected to agents physically proximate to AV operation and who directly interact with or design
AV behaviour, such as vehicle occupants and system designers. Notably, road users and vul-
nerable road users appear across the full range from normative to operational levels, suggesting
that participants viewed them as important agents to consider throughout all layers of reason-
ing. This supports and extends the proximity-based model introduced by Mecacci & Santoni de
Sio (2020) and elaborated by Calvert & Mecacci (2020), which posits that meaningful hu-
man control depends on responsiveness to human reasons distributed across different layers of
reasoning. Our findings provide empirical evidence for this framework and offer a structured
account of how agent proximity to the AV and the type of reasons are interconnected.

Variation in behavioural level depending on task interpretation. We also found that the
behavioural level at which a reason is situated can vary depending on how the AV task is inter-
preted. For example, time efficiency is often treated as a strategic concern, but depending on
the situation, it may also appear at tactical or even operational levels. A strategic interpretation
might involve planning the most efficient route, while a tactical one may involve decisions such
as overtaking or avoiding hesitation that disrupts flow. Despite being motivated by the same
underlying reason of efficiency, these interpretations correspond to different layers of action.
This highlights the importance of distinguishing between the justification for a behaviour and
the specific behavioural level at which it is operationalised.

Reason variations across levels of automation. We also observed that the relevance of cer-
tain reasons shifts with the AV’s level of automation. For instance, considerations such as
control transition and vigilance were particularly prominent for lower levels of automation
(L2/L3), where human fallback is still required. At higher levels (L4/L5), these concerns re-
cede, and the focus shifts towards trade-offs among values such as fairness, efficiency, and
comfort—especially when AVs operate without direct human supervision. Our framework ac-
commodates these shifts by revealing which reasons—and which agents—are most relevant at
each automation stage and behavioural level.
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Interpretative flexibility in core categories. A further nuance in our data involves the diverse
interpretations of rule compliance. While several experts (e.g., IDs1, 3, 11, 12) framed rule-
following as a strict moral baseline, others (e.g., ID17) viewed traffic laws as flexible guidelines
to be overridden when necessary to ensure fairness or safety. This reflects the contextual and
scenario-sensitive nature of AV ethics: manoeuvre planning must not only track rules but also
balance them against competing values such as social appropriateness and safety.

Positioning within existing literature. Our framework also offers a way to contextualise and
relate existing efforts to define what AVs should consider when making driving decisions. Prior
work has provided focused contributions on specific types of consideration: for example, UN-
ECE (2023); Olleja et al. (2025) define legal and behavioural benchmarks for competent driv-
ing; Geisslinger et al. (2021) formalise ethical principles for risk-sensitive planning; Schwart-
ing et al. (2018) model social value orientation for cooperative behaviour; and Thornton et al.
(2018) apply value-sensitive design to embed stakeholder values in AV system logic. While
these approaches differ in their aims and methodologies, our framework does not attempt to
replace or rank them. Rather, it provides a layered structure through which these contributions
can be situated—by connecting the types of reasons they represent (e.g., legality, fairness, ef-
ficiency, comfort) to specific levels of AV behaviour (e.g., moral/normative, strategic, tactical,
operational). In this sense, our empirically derived categorisation can serve as a common ref-
erential model—one that helps clarify how diverse AV design goals and values interact across
system layers and in relation to different human agents.

Practical design guidance and limitations. Beyond theoretical insights, our structured map-
ping offers practical guidance for AV developers and policy designers. For example, developers
working on L2/L3 vehicles may use our findings to prioritise clear and timely takeover cues,
while those building L4/L5 systems may focus on fairness–efficiency trade-offs and behaviour
intelligibility in mixed traffic. This structured mapping of thirteen reason categories across be-
havioural levels and agent roles can help translate ethical expectations into system-level speci-
fications—by clarifying what kinds of human concerns should be considered, at which layer of
system behaviour, and by whom. Furthermore, as the questions did not solely focus on ethically
challenging situations, the identified reasons are applicable not only in edge cases but also in
routine and general AV driving scenarios where aligning AV behaviour with human reasons is
essential.

Nonetheless, our approach has limitations. First, the scope of this study is restricted to
manoeuvre-level decision-making, rather than broader systemic influences such as infrastruc-
ture, corporate strategy, or legal frameworks. Second, interpretations of the identified reasons
are likely influenced by cultural and regional contexts, which may affect the generalisability of
the findings. Our expert pool was primarily composed of individuals from Western countries,
particularly the Netherlands, the United States, and the United Kingdom. As such, our findings
should be understood as reflecting predominantly Western ethical and social norms, and not
assumed to be universally applicable. Future research is needed to explore how these categories
of reasons manifest in other cultural environments.

Third, we emphasise that the 13-category taxonomy is not intended as exhaustive. It reflects
insights from a specific group of experts, and future research should investigate how cultural,
regional, or stakeholder diversity may yield additional or context-dependent reason types. In
particular, cells marked “Not mentioned” in Table 2.3 do not imply that no relevant reason-
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ing exists at that level. Theoretical frameworks suggest that any reason could, in principle,
be interpreted across multiple control layers. However, because our study is empirical in na-
ture, the absence of content in certain cells reflects the limits of what was raised by experts,
not a conceptual impossibility. Future research could further investigate these gaps through
targeted questioning or normative modelling. Future work may also extend this approach by
incorporating a broader and more diverse stakeholder base—such as regulators, insurers, and
urban planners—or by developing prioritisation models to resolve conflicts among overlapping
reasons.

Finally, while every effort was made to ensure conceptual clarity, we acknowledge that
some reason categories, such as social appropriateness and acceptance, may overlap in prac-
tice. This reflects the interpretive nature of qualitative analysis. However, these overlaps do
not affect the core findings regarding how experts prioritise reasons in ethically ambiguous
situations. Consensus coding and iterative refinement were used to mitigate interpretive bias,
and we encourage future research to further validate and refine the categorisation scheme using
participatory or quantitative methods.

Summary of contributions. In summary, addressing Objective 1, we identified thirteen cate-
gories of human reasons relevant to AV manoeuvre planning and examined how these reasons
informed expert expectations about what the AV should do across different behavioural layers,
as well as which human agents were affected. Our findings highlight that even routine AV deci-
sions can involve ethically sensitive considerations, and that manoeuvre planning must account
for multiple, sometimes conflicting, human expectations. By integrating these findings with the
MHC framework, our study offers a pathway towards AV systems that behave in ways aligned
with human reasons.

2.4 Reason-Based Decision Principles for Ethically Challeng-
ing AV Scenarios: Cyclist Overtaking as a Case Study

2.4.1 Methods

To investigate reason-based decision principles in ethically challenging cyclist overtaking situa-
tions, we analysed expert responses to Questions 5–11 of the semi-structured interview protocol
administered to the same participants described in Subsection 2.3.1. This section outlines the
scenario design, question format, and the analytical approaches used to examine both implicit
and explicit prioritisation of reasons.

2.4.2 Scenario and Questionnaire Design

To explore the reason-based principles for AV decision-making in ethically challenging traffic
situations, we incorporated a specific overtaking scenario in our interview protocol. This sce-
nario involved an AV travelling behind a slow-moving cyclist on a two-way road marked with
a double yellow line. This road marking typically prohibits overtaking, thereby introducing a
regulatory constraint that renders the situation ethically ambiguous: the AV could either remain
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behind the cyclist at a reduced speed or initiate an overtaking manoeuvre by crossing the double
yellow line.

After responding to Questions 2–4, which explored their reasoning about what the AV
should consider when planning its manoeuvre, experts were shown a short video clip depicting
the overtaking scenario (see Table 2.4). They then answered a series of structured follow-up
questions (5-9) that asked them to predict how the AV and other traffic participants would be-
have, explain the reasons for these actions, identify additional influencing factors, and describe
possible conflicts between different intentions. Finally, in questions 10-11, experts ranked the
intentions of three predefined stakeholders in the scenario (the AV passenger, the cyclist, and
the road policymaker), where “intentions” were operationalised as proxies for underlying rea-
sons, and explained the reasoning behind their rankings. These questions were designed to
elicit interpretations of AV decision-making, the factors influencing it, and how experts im-
plicitly and explicitly prioritised competing reasons, without explicitly prompting normative
judgments about what the AV should do.

Table 2.4: Interview Questions Relevant to Objective 2

Question number Question

Please watch the video below and read its description

Video description
A passenger uses an automated vehicle (AV) for a morning commute to the office. The
passenger has an important meeting and must arrive on time. If the vehicle maintains the
current speed, the passenger can reach the office on time in 20 minutes. The AV is on a road
with solid double yellow lines, which prohibit vehicles from crossing in both directions due
to safety reasons. During the trip, the AV approaches a cyclist traveling at half of the speed
of the AV. There is no safe passing zone visible from the vehicle; however, the opposite lane
is currently empty.
Q5 If the video continues, what do you believe all traffic participants will do?

Continued on next page
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Table 2.4 – Continued from previous page
Question number Question
Q6 What are the reasons for the [traffic participants mentioned by the experts]

performing the [actions the experts mentioned]?
Q7 Besides the [traffic participants that are mentioned by the experts], can you

think any other factors that might influence the traffic participants’ deci-
sions?

Q8 What do you think the reasons are for the [other factors that are mentioned
by the experts]?

Q9 Can you think of any situations where the intentions of the [traffic partic-
ipants / other factors the experts mentioned] might conflict? Please share
any examples you can think of, and let me know when these conflicts may
typically occur.

Recall the scene from the previous video.
There are three different people, each with their own intentions:
• The automated vehicle (AV) passenger wants to pass the cyclist to get to the office on time.
• The cyclist wants a safe distance from the AV for safety concerns.
• The road policymaker wants both AV and cyclist to use their designated lanes, marked by
solid yellow lines, for everyone’s safety.
Keep this in mind as you answer the rest of the questions.
Q10 From your perspective, whose intentions should be given the most impor-

tance? Please answer this question by ranking the individuals below, with
’1’ indicating the highest rank.

1 2 3
AV passenger ⃝ ⃝ ⃝
Cyclist ⃝ ⃝ ⃝
Road policymakers ⃝ ⃝ ⃝

Q11 Could you please explain the reasons behind the rank you provided in your
previous answer?

2.4.3 Expert Reasoning in the Cyclist Overtaking Scenario

AV Behaviour Justifications

To understand how experts justify their predictions about AV behaviour in overtaking scenarios,
we used Qualitative Content Analysis (QCA) (Schreier, 2012) to analyse their responses to
Questions 5–9. These questions asked experts to predict what the AV would do in a specific
overtaking scenario and to justify their predictions. Following Schreier’s structured approach,
we developed a mixed-category coding strategy that incorporated both:

• Concept-driven categories, used to group expert responses by predicted AV behaviour:
either overtaking the cyclist or not overtaking the cyclist.

• Data-driven categories, used to inductively identify the specific justifications experts
provided for their predictions.



48 2 Reasons and Principles for Automated Vehicle Manoeuvre Planning

The first stage of the analysis involved classifying each expert response according to the
predicted action (i.e., follow vs overtake). Within each group, expert justifications were then
collected and analysed to identify recurring patterns of reasoning. These inductively derived
justifications were subsequently mapped to the predefined set of thirteen reason types originally
developed from the open-ended responses to Questions 2–4 (see Section 2.3.2).

As part of the interpretation phase, we conducted a qualitative synthesis of the coded data
to explore patterns in how experts linked specific reasons to predicted AV behaviours. This in-
volved examining which reasons frequently co-occurred, how the same reasons were interpreted
differently across contexts, and instances where multiple reasons appeared within a single jus-
tification. This helped us understand how reasons relate to each other or are prioritised. The
synthesis was guided by principles of thematic pattern analysis (Braun & Clarke, 2006) and
constructivist grounded theory (Charmaz, 2014), with analytical interpretations discussed col-
laboratively between authors to enhance transparency and reduce individual bias.

To analyse reason prioritisation, we examined reason prioritisation in two complementary
ways. The first approach captured how priorities emerged naturally within participants’ open-
ended reasoning (implicit prioritisation). The second approach asked participants to directly
state their preferences in a structured ranking task (explicit prioritisation). Analysing both
allowed us to compare context-driven unprompted prioritisation with deliberate stated pref-
erences. Together, these perspectives gave us a fuller understanding of how experts weigh
competing reasons.

Implicit Reason Prioritisation

Implicit analysis allowed us to capture how prioritisation emerged naturally in participants’
reasoning, without being influenced by a predefined ranking task or fixed response options.
This approach provided insight into how trade-offs were navigated in context and how multiple
considerations interacted within the flow of open-ended discussion.

Building on the qualitative synthesis described in Section 2.4.3, we conducted an analysis
of implicit prioritisation patterns evident in participants’ responses. Although the questionnaire
did not directly ask experts to rank reasons, the overtaking scenario was intentionally designed
to present conflicting reasons within a single context, particularly through the video depiction.
This design allowed us to observe how participants navigated trade-offs between different con-
siderations when explaining their expected or preferred AV behaviour.

To systematically analyse this implicit prioritisation, we examined how participants justified
their decision for the AV to either follow or overtake the cyclist. We focused on statements
where reasons were weighed against each other in explaining that decision. For example, some
participants accepted a rule violation (crossing the double yellow line) because it would reduce
cyclist discomfort. Others rejected an overtake because rule compliance outweighed the driver’s
travel efficiency. Such comparisons allowed us to infer the relative importance of reasons. In
the first example, cyclist comfort was treated as a higher priority than strict rule compliance,
whereas in the second example, rule compliance was treated as a higher priority than the driver’s
travel efficiency. From these comparisons, we identified which reasons were positioned as
primary and which were conditional or secondary, even without an explicit ranking task.
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Explicit Prioritisation

Explicit ranking provided a direct statement of participants’ preferences, enabling systematic
comparison across individuals and alignment checks with the priorities inferred from the im-
plicit analysis. This approach also allowed us to quantify the relative importance assigned to
each stakeholder’s reason.

To complement the implicit analysis in Section 2.4.3, we included a structured ranking task
in Questions 10-11 to explicitly elicit prioritisation preference. Experts were asked to rank the
intentions (used as proxies for broader reasons, but phrased this way for participant clarity) of
three human agents involved in the overtaking scenario: the AV passenger (who wants to reach
the office on time), the cyclist (who wants a safe buffer zone), and the road policymaker (who
designed the double yellow lines for public safety).

Experts were provided both a numerical ranking and a free-text explanation of their choices.
This approach enabled us to collect both quantitative and qualitative data on how experts ex-
plicitly prioritised different stakeholder reasons. Rankings were aggregated to identify overall
patterns, and justifications were thematically analysed based on the order of rank to uncover the
themes guiding these decisions.

2.4.4 Results

This section presents the findings from the expert interviews. Based on their responses to Ques-
tion 5-9, most experts interpreted the AV as the sole traffic participant whose actions were
being evaluated. Two primary behaviours that the AV might adopt in the given scenario were
identified: (1) following the cyclist, and (2) overtaking the cyclist.

In addition, some experts distinguished between what the AV is likely to do (expected
action) and what the AV ought to do (preferred action). To maintain clarity, this distinction
will be upheld throughout the remainder of the paper: expected action refers to what the AV
is predicted to do, whereas preferred action refers to what the AV should do from the expert’s
normative perspective.

Figure 2.2 summarises the reasons experts provided for predicting whether the AV will or
should follow or overtake the cyclist. Thirteen distinct reasons are presented, grouped by action
type. Blue shading represents predicted (“will”) actions, while lighter red shading represents
preferred (“should”) actions.

In general, experts cited a more limited set of reasons for why the AV will follow the cy-
clist, most commonly grounded in rule compliance and safety. By contrast, overtaking was
associated with a broader range of justifications, including efficiency, comfort, and interaction
management, alongside the aforementioned safety and legal concerns.

This pattern suggests that following the cyclist is predominantly justified by a narrow range
of risk-averse or rule-based considerations, whereas overtaking is viewed as a more complex de-
cision that draws upon a wider set of overlapping reasons. We then go beyond listing reasons to
examine how experts weighted competing reasons in their explanations (implicit prioritisation)
and how they explicitly ranked stakeholder reasons in a structured task (explicit prioritisation).
Together, these analyses provide a fuller picture of not only what reasons experts described, but
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also how they balanced them when reasoning about AV behaviour.
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Figure 2.2: Experts’ reasons for predicting whether the AV will or should follow (a) or overtake
(b) the cyclist. Thirteen reasons are listed in the first column, expert IDs in the
second, and total counts in the third. Blue indicates predicted behavior (will), red
indicates preferred behavior (should).

Reasons for the AV Will Follow the Cyclist

From Figure 2.2, panel (a), the most frequently cited reasons for why the AV is expected to
follow the cyclist were rule compliance and safety. Several experts (e.g., ID2, ID12) emphasised
that the AV is programmed to obey traffic laws, such as not crossing a double yellow line,
making overtaking legally impermissible. Others (e.g., ID3, ID11) pointed to the importance of
safety, arguing that the AV would stay behind the cyclist to avoid potential collisions or unsafe
manoeuvres. In many cases, both legal and safety considerations were closely intertwined in the
experts’ reasoning. One expert (ID2) also mentioned driver discomfort as a potential outcome,
noting that while the AV is obligated to follow the cyclist, this may result in frustration or
discomfort for the human passenger. However, this was framed not as a reason for the AV’s
behaviour, but rather as a consequence of its strict adherence to rules and safety protocols.

Reasons for the AV Should Follow the Cyclist

Notably, only one expert (ID12) explicitly stated that the AV should follow the cyclist, as indi-
cated by the lighter red shading in panel (b). This expert argued that, in addition to the fact that
current AVs are programmed to follow traffic rules, they should continue to be programmed in
accordance with those rules. Interestingly, this expert was the only one with a background in
the legal aspects of AVs.
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Reasons for the AV Will Overtake the Cyclist

In panel (a) of the figure, the experts cited a variety of reasons for why the AV is expected to
overtake the cyclist. The most frequently mentioned reasons included efficiency, the possibility
of control transition, and rule compliance. Safety and comfort were discussed less frequently
but still featured in some responses.

Several experts emphasised time efficiency as a key factor. One expert (ID15) stated that
the driver would likely take over control and overtake the cyclist in order to arrive at work on
time. Another expert (ID10) also mentioned the urgency of reaching a destination as a reason
for manual takeover. A third expert (ID7) explained that while the AV might initially follow the
cyclist, the driver would likely take over if delays occurred, particularly because they wouldn’t
want to be late. Similarly, an expert (ID13) noted that overtaking would allow the AV to main-
tain a more efficient speed, and another (ID14) emphasised that roads are designed for higher
speeds than cyclists typically travel, making it uncomfortable for drivers to go significantly
slower than expected.

Rule compliance was discussed in relation to whether overtaking is legally permissible.
One expert (ID13) stated that in the UK, it is legal to overtake a cyclist if they are travelling
below 10 mph, and therefore expected the AV to do so. Another expert (ID6) viewed the AV’s
failure to overtake when the opposite lane is empty as irrational, suggesting that such behaviour
would seem “stupid” to human drivers. An expert (ID7) commented that while drivers are
aware of traffic rules, they often weigh the risk of breaking those rules against the need to
stay on schedule. One expert (ID15) believed that the AV would not overtake because it is
programmed to strictly follow traffic rules, but that the driver would override this behaviour
when time becomes a priority.

The possibility of control transition was also commonly mentioned. Multiple experts (IDs
6, 7, 10, 14, 15) described scenarios in which the human driver would take over control to
overtake the cyclist. Some (e.g., ID7, ID10) mentioned this as a temporary takeover, while
others (e.g., ID14, ID15) connected it to the frustration caused by prolonged low-speed travel.
One expert (ID6) stressed that such a manoeuvre would not compromise safety and therefore
believed the driver would proceed with overtaking.

A few experts raised social and comfort-related concerns. One expert (ID13) emphasised
the importance of not frustrating other road users who may be following the AV. Another expert
(ID14) pointed out that drivers are not accustomed to travelling so slowly, especially on roads
designed for higher speeds, and would likely feel discomfort in such situations—prompting a
takeover.

Although less frequently mentioned, safety still featured in the discussion. One expert (ID6)
stated that overtaking would be acceptable if the opposite lane were empty, implying that safety
would not be compromised. Another (ID10) said the driver would overtake only if it could be
done without putting anyone at risk, suggesting that manual takeovers are still constrained by a
concern for harm avoidance.
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Reasons for the AV Should Overtake the Cyclist

Several experts argued that the AV should overtake the cyclist, even if it involves crossing a
double yellow line, because failing to do so could cause confusion, frustration, and even safety
issues. A common theme among the responses was that not overtaking could disrupt traffic flow,
potentially leading to cascading negative effects—such as increased risk (ID1, ID17), discom-
fort (ID5, ID11), higher emissions (ID17), and reduced acceptance (ID11). These disruptions
were framed not only as inefficiencies but also as factors that could compromise safety and
overall system performance.

For some experts, safety did not necessarily align with strict rule-following. Instead, safety
was interpreted contextually, such as maintaining adequate distance from the cyclist (ID8),
supporting a steady traffic flow (ID16, ID17), or reducing cognitive workload for drivers (ID5).
This suggests that pragmatic, situational decisions—even if technically in violation of traffic
regulations—can still serve safety-related objectives.

Experts also emphasised that a single justification was rarely sufficient; rather, multiple
factors often combined within a single rationale. For example, an expert might state that the
AV should overtake because it is both safer and more comfortable (ID5), or because it improves
traffic flow and aligns with human driving behaviour (ID17). These reasons were presented as
equally important, rather than hierarchically ordered.

Regarding rule compliance, experts acknowledged that overtaking may violate traffic rules
(ID8, ID11, ID16). However, they generally agreed that strict rule adherence should not over-
ride other practical concerns such as safety and traffic efficiency. In this context, rule violations
were often framed as acceptable when they led to better outcomes for all road users.

In addition, interaction management and comfort played significant roles in shaping expert
expectations. Some experts noted that cyclists may feel uncomfortable or stressed when a ve-
hicle follows too closely without overtaking (ID5, ID11, ID17), and that passengers or drivers
may become frustrated by overly cautious AV behaviour (ID1, ID11). These concerns link
comfort with public trust and acceptance, suggesting that AVs should behave in ways that are
intelligible and relatable to human road users.

Finally, some experts (e.g., ID5) stated that in such situations, they would personally choose
to overtake the cyclist by taking control of the vehicle. This reinforces the view that manual
takeover may remain a practical necessity when AVs are constrained by rules that fail to account
for situational flexibility.

Implicit Prioritisation Patterns

Analysis of participants’ explanations revealed consistent patterns in how reasons were priori-
tised when predicting or prescribing AV behaviour in the overtaking scenario. Across inter-
views, safety consistently emerged as the primary, non-negotiable consideration. Even when
participants supported overtaking, they emphasised that it should only occur if safety could be
maintained. For example, some stated that overtaking was only acceptable if the opposite lane
was clear (ID6) or if there was adequate distance from the cyclist (ID8, ID10).

Other reasons, such as efficiency, comfort, and interaction management, were frequently
mentioned, but typically in conjunction with safety. These were often framed as benefits that
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could be achieved only if the manoeuvre met safety conditions. For instance, participants linked
overtaking to maintaining steady traffic flow and reducing emissions (ID17), preventing frus-
tration for following drivers (ID1, ID13), and relieving stress for cyclists (ID5, ID11, ID17).

Rule compliance was generally treated as a conditional obligation. Some participants cited
it as a reason for the AV not to overtake, noting that the system would be programmed to follow
the double yellow line rule (ID2, ID3, ID12). Others described it as the very reason a manual
takeover might occur, since human drivers could choose to overtake when the AV, bound by
traffic laws, would not (ID7, ID10, ID15). Many argued that crossing the line could still be
justified when safety and traffic flow benefits outweighed strict adherence (ID6, ID7, ID13,
ID16).

A smaller set of reasons, including environmental impact, driver workload reduction, and
maintaining steady traffic flow, appeared less frequently and were often context-specific (ID5,
ID14, ID17).

Overall, participants tended to treat safety as a primary consideration; efficiency, comfort,
and human-interaction concerns were usually framed in relation to safety; and rule compliance
was often conditional—sometimes cited as the reason the AV would not overtake, leading to
manual takeover by the driver, and at other times set aside when safety or traffic flow benefits
outweighed strict adherence (Figure 2.2).

Explicit Prioritisation Patterns

In addition to the implicit prioritisation observed in their open-ended reasoning, experts were
explicitly asked in Question 10 to rank the intentions of three stakeholders in the scenario.
These stakeholders were the AV passenger, the cyclist, and the road policymakers. A rank of
“1” indicated the highest priority. Table 2.5 summarises the aggregated rankings.

Table 2.5: Number of experts assigning each rank position to each stakeholder, based on their
stated intentions in Question 10.

Stakeholder 1st place 2nd place 3rd place

Cyclist 12 5 0
Road policymakers 5 5 7
AV passenger 0 7 10

Out of 18 experts, one expert (ID02) declined to provide a ranking in Question 10, argu-
ing that prioritising between stakeholders’ intentions is inappropriate because legal and safety
obligations should determine behaviour rather than preference-based trade-offs.

Thematic analysis of Question 11 justifications showed that the strong prioritisation of cy-
clists was grounded in their vulnerability as unprotected road users and in the moral obligation
to minimise harm (for example, ID01, ID03, ID04, ID06, ID07, ID08, ID09, ID14, ID15, ID16,
ID17, ID18). Several experts linked this priority to broader societal goals such as Vision Zero
(ID09) and to the legal principle of protecting vulnerable road users (ID14). For these experts,
safety considerations outweighed concerns for efficiency, trip time, or strict adherence to traffic
regulations.
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Experts who ranked road policymakers first (ID10, ID12, ID13) justified this choice by
referring to the importance of systemic regulation and the rule of law in ensuring safe and pre-
dictable interactions for all road users. Some viewed policymakers as legitimate representatives
of the public interest who are responsible for embedding safety into infrastructure and traffic
rules (ID10, ID13). Others emphasised that the priorities of policymakers should align with the
protection of vulnerable users, which indirectly supports cyclists (ID12).

The fact that no expert gave AV passengers the first rank was explained by their protected
status within a vehicle and by the perception that their main concern, which is timely arrival,
carries lower ethical weight compared to the safety of others (for example, ID06, ID08, ID09,
ID11, ID16). When AV passengers were ranked second (for example, ID03, ID04, ID08, ID11,
ID14, ID15, ID16), they were recognised as being directly involved in the situation. However,
their needs were still seen as secondary to the safety of cyclists.

Overall, the explicit ranking task reinforces the patterns observed in the implicit analysis.
Safety of vulnerable road users formed the primary decision criterion. Systemic safety consid-
erations came second, and individual convenience came last.

2.4.5 Discussion

To address Objective 2, we applied the expert-derived reason categories developed in Section
3 to a context-specific case study involving a routine but ethically ambiguous AV scenario:
overtaking a cyclist. This application contributes to the theoretical gap by operationalising the
tracking condition of Meaningful Human Control (MHC) in everyday driving contexts, moving
beyond high-stakes dilemmas to examine how AVs might align with human reasons in complex,
real-world situations.

This section also speaks to the methodological gap by demonstrating how structured qual-
itative analysis—linking expert-elicited reasons to specific behavioural recommendations—can
yield actionable insights. By capturing expert judgments on both expected (“will”) and pre-
ferred (“should”) AV behaviours, we identify how contextual factors, value tensions, and indi-
vidual reasoning strategies shape nuanced expectations for AV decision-making. These insights
form the basis for deriving a reason-based prioritisation principle and for developing an empir-
ically grounded conceptual representation that maps how such reasons emerge and interact in
context.

This focus on routine, ethically ambiguous scenarios expands on prior work that has largely
centred on high-stakes dilemmas, such as crash scenarios or trolley problems (Rhim & Urban,
2021; Milford et al., 2025). Whereas those studies highlight binary moral choices, our study
surfaces the nuance of everyday trade-offs and expert reasoning in context-rich decisions. To
support the derivation and explanation of the reason-prioritisation principle, we developed a
conceptual representation of reason-based AV decision-making for the cyclist-overtaking case
(Figure 2.3) that illustrates how contextual factors give rise to reasons, how those reasons in-
teract, and how prioritisation occurs in practice. This representation helps clarify the dynamics
that underpin the prioritisation principle and demonstrates its applied relevance in ethically
ambiguous everyday situations. While initially developed for the cyclist-overtaking scenario,
its structure may also inform analyses of other routine ethically ambiguous driving contexts;
however, further empirical investigation is required to examine such applicability.
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Contextual Background Influencing Emerging Reasons. The reasons identified across ex-
pert responses consistently emerged from underlying contextual assumptions, including local
regulations, technological capabilities, traffic situations, and individual differences. While the
tracking condition in MHC theory requires that automated systems respond to human moral
reasons (Santoni de Sio & Van den Hoven, 2018), existing literature does not explain how such
reasons emerge from contextual circumstances. This study contributes a new insight by showing
that expert reasons are shaped by situational background assumptions.

For instance, local regulations play a foundational role. One expert (ID13) stated that over-
taking would be permissible under UK traffic laws. Conversely, experts ID7 and ID15 assumed
stricter rules prohibiting overtaking, leading them to suggest manual takeover as a necessity.
Technological capabilities and automation level also constrain or enable reasoning. Experts
(IDs4, 15) noted that current AVs are programmed to avoid rule violations, thus requiring hu-
man intervention when overtaking is contextually necessary. This aligns with assumptions about
Level 2 automation, where driver readiness remains essential. When experts assumed no man-
ual override was available, they introduced alternative reasons such as environmental impact,
interaction management, and acceptance.

Traffic situations, such as encountering a slow cyclist on a bidirectional road, influenced
reasoning around safety, vigilance, and comfort. For instance, Expert ID5 emphasised that
prolonged following increases driver workload, reinforcing the need for AVs to act pragmat-
ically. Individual differences in expert values were also significant. Expert ID11 advocated
strict rule-following as a matter of principle, while Expert ID 6 endorsed a consequentialist
view, suggesting AVs should act based on outcomes (e.g., safety), regardless of legality.

Distinct Reasons Leading to Different Expected Behaviours. Distinct sets of reasons trans-
late into differing AV behaviours. As shown in Figure 2.2, experts cited rule compliance and
safety as dominant reasons for why AVs are expected to follow the cyclist. In contrast, over-
taking behaviour was associated with a wider range of reasons, including efficiency, comfort,
acceptance, and interaction management.

Three mechanisms were identified as key to understanding how reasons lead to behaviours.
First, reason interpretation varies by context. Safety, for example, was interpreted as a reason
to follow the cyclist (avoiding risky manoeuvres, ID4), but also to overtake (reducing traffic
disruptions, ID17). This shows that a single reason can support opposing behaviours depending
on situational framing.

Second, a tension between personal and collective interests was apparent. Personal motiva-
tions (e.g., arriving on time, IDs7, 15) often shaped expected behaviour. Meanwhile, collective
values (e.g., environmental sustainability, ID17; shared road safety, ID 5) influenced preferred
actions. This tension reflects a broader ethical divide in AV decision-making, as noted in prior
work (Bonnefon et al., 2016).

Third, balancing multiple reasons emerged frequently. Experts combined several motiva-
tions in a single rationale (e.g., ID 6 cited both safety and comfort). Notably, when rule compli-
ance conflicted with more practical or safety-oriented reasons, the latter were often prioritised.
These dynamic prioritisation mechanisms echo the tracking model proposed by Mecacci & San-
toni de Sio (2020), in which AV systems are designed to respond to the most proximal reasons
unless overridden by more distal values. Our findings complement this by empirically showing
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Figure 2.3: Conceptual representation of reason-based AV decision-making in the cyclist-
overtaking scenario. The representation illustrates how contextual background
factors give rise to reasons for AV behaviour and where the derived reason-
prioritisation principle operates within the AV decision-making process. These rea-
sons, together with their prioritisation, are processed through mechanisms such as
reason interpretation, tensions between personal and collective interests, and the
balancing of multiple reasons. Collectively, these dynamics shape expected and
preferred AV behaviour when deciding whether to follow or overtake a cyclist in an
ethically ambiguous everyday situation.
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that human experts interpret and prioritise reasons fluidly, often allowing situational context
to shape whether a reason like safety or legality dominates. This underscores the challenge
of implementing fixed hierarchies of reasons in AV design and supports the need for flexible,
context-sensitive reason-tracking mechanisms.

Implicit and Explicit Prioritisation Among Reasons. While experts cited distinct reasons for
AV behaviour, a clear prioritisation pattern emerged across both implicit and explicit analyses.
In their open-ended reasoning, safety consistently served as the primary, non-negotiable con-
sideration. Other reasons, such as efficiency, comfort, interaction management, and acceptance
appeared were frequently mentioned but typically framed in relation to safety, making them
secondary. Rule compliance was treated as conditional obligation: important when it aligned
with safety and traffic flow, but often overridden when it did not, particularly when deviations
could serve other high-priority values without compromising safety.

The explicit ranking reinforced this structure. Cyclists, as the most vulnerable road users
in the scenario, were ranked first by majority of experts and never ranked last. AV passengers
were never ranked first, most often placed last, and seen as holding lower priority due to their
protected status inside the vehicle. Road policymakers occupied a middle position, valued
for their role in setting systemic safety rules, but secondary to the immediate protection of
vulnerable road users.

Together, these findings indicate that experts expect AVs to prioritise the safety of the most
vulnerable above all else, followed by broader public and systemic safety, and lastly the con-
venience of more protected individuals such as AV passengers. Secondary values like comfort,
efficiency, and environmental impact were seen as important, but acceptable only when they did
not conflict with the safety of vulnerable users.

This prioritisation structure aligns with previous findings in AV ethics literature, where
safety is widely regarded as the paramount consideration. For instance, the Moral Machine
experiment (Awad et al., 2018) and expert-based studies (Milford et al., 2025) show broad con-
sensus that risk minimisation should guide AV behaviour. Similarly, rule compliance has been
treated as a conditional obligation in earlier work, particularly when rigid adherence may com-
promise safety or efficiency (Ma & Feng, 2024).

However, our results extend this discussion by demonstrating that such prioritisation pat-
terns are not limited to high-stakes dilemmas but also emerge in routine, ethically ambiguous
situations. This suggests that value trade-offs are not confined to emergencies, but are an on-
going feature of everyday AV operations. Moreover, while existing frameworks often rely on
normative claims or abstract models of ethical reasoning, our findings reveal how experts actu-
ally balance and contextualise competing considerations—including legality, comfort, and en-
vironmental impact—based on real-world constraints and assumptions. This contributes a more
fine-grained, empirically grounded understanding of how prioritisation unfolds across different
layers of AV behaviour, and how certain reasons rise or recede in relevance depending on the
driving context.

Principle of Reason Prioritisation in the Overtaking Cyclist Scenario. Building on these
prioritisation patterns, we derive a principle of reason prioritisation in ethically ambiguous rou-
tine situations, particularly in the overtaking cyclist scenario. The synthesis of expert reasoning
suggests three core guidelines.
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First, AVs must always prioritise safety of the most vulnerable road users, such as cyclists
in this scenario, over the interests of more protected users, including AV passengers.

Second, legal compliance should be the default behaviour. However, when strict rule-
following would conflict with the safety of vulnerable users, or when it would go against collec-
tive interests such as avoiding discomfort, confusion, or indirect risks to road users and broader
public, then carefully constrained deviations may be justified-provided that safety can be fully
maintained.

Third, any justified deviation from traffic rules should be aimed at serving the greater public
good rather than the convenience of the AV’s occupants alone.

Unlike previous models that focus on rare, high-stakes scenarios—such as the MIT Moral
Machine’s global crash dilemma study (Awad et al., 2018), or algorithmic approaches like Aug-
mented Utilitarianism (AU) (Gros et al., 2025b)—our principle addresses a less examined but
highly relevant domain: ethically ambiguous, everyday driving situations.

The Moral Machine revealed diverse cultural preferences in life-or-death crash dilemmas,
underscoring the challenge of creating globally acceptable AV ethics. However, its emphasis on
binary, extreme scenarios limits its applicability to nuanced real-world contexts. Similarly, AU
advances ethical reasoning by incorporating diverse moral theories into adaptable goal functions
grounded in empirical data. It uses attributes like harm, fairness, and legality, refined through
participatory methods, to compute ethical decisions dynamically. In their work, Gros et al.
(2025b) designed AU to address both critical and non-critical contexts. However, the scenario
used to illustrate and evaluate AU, such as brake-failure dilemmas or unusual narrow-road posi-
tioning with vulnerable pedestrians, are still relatively rare compared to the more commonplace,
low-stakes situations AVs regularly encounter in everyday driving situations such as overtaking
a slow cyclist.

In contrast, our principle complements these by providing a practice-orientated structure
for routine AV behaviour, grounded in expert judgement rather than abstract moral theory or
crowdsourced moral preferences. It emphasises prioritising the safety of the most vulnerable,
allowing pragmatic flexibility when safety is not a risk, and applying a public-good focus when
making legal exceptions. This structure captures the complex value trade-offs that arise in
cyclist overtaking scenarios in everyday AV operation. While these decisions may not involve
stark life-or-death choices, they can meaningfully contribute to the development of AVs that are
ethically designed to build public trust and acceptance.

Further, in addition to its relevance to everyday rather than exceptional moral dilemmas, our
prioritisation principle has potential relevance to computational implementation. Prior work
has shown that human-provided reasons can be operationalised by quantifying them through
human-factors research and embedding them, with associated weights, into a trajectory evalua-
tion framework to handle ethically challenging routine driving scenarios (Suryana et al., 2025c).
This quantification and weighting structure provide a possible pathway for integrating our rea-
son categories and prioritisation principle into future evaluation stages of trajectory planning.

Recommendations and Implications. The recommendations presented here apply directly
to overtaking situations and may be applicable to similar ethically ambiguous driving scenar-
ios—contexts in which AVs must navigate tensions between rule adherence, safety, comfort,
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and public expectations. Our findings on contextual reason prioritisation framework suggest
that AV systems should incorporate flexible, context-aware decision logic. Developers should
embed mechanisms to interpret reasons dynamically and prioritise them based on real-time
conditions. Policymakers should consider enabling AVs to operate within regulated bounds that
allow principled flexibility—particularly in routine scenarios where rigid rule-following may be
counterproductive. Designers should also consider how human-like behaviour and acceptance
intersect with safety and efficiency. Expert ID 11 highlighted that users are more likely to trust
AVs that behave like human drivers, provided that safety is preserved. This has implications for
user-centred AV design and for the development of regulatory frameworks that accommodate
safe and socially acceptable deviations.

Limitations and Future Directions. This framework, while grounded in rich expert input,
has limitations. Expert reasoning may reflect regional or cultural biases, and its generalisabil-
ity across different AV scenarios—such as urban versus rural environments, or contexts with
varying cultural norms—remains untested.

A further limitation concerns the interpretative nature of the implicit prioritisation analy-
sis. Although the study included an explicit prioritisation task in which experts directly ranked
the importance of reasons, the implicit prioritisation structure was inferred through qualita-
tive interpretation of expert explanations. While independent coding and consensus resolution
helped mitigate potential bias, these processes reduce rather than eliminate subjectivity. Future
research could incorporate larger-scale empirical validation to examine how the prioritisation
structure generalises beyond expert accounts.

Additionally, future research could examine how human reasons evolve over time in real or
simulated driving contexts, and how AVs might adapt their decision-making while maintain-
ing the safety of vulnerable road users and enabling practical action in situations where strict
rule compliance conflicts with other considerations. While prior work (Suryana et al., 2025c)
demonstrates the feasibility of operationalising human-provided reasons by quantifying them
within a trajectory-evaluation framework, this work addresses the evaluation of candidate tra-
jectories rather than full real-time control. The integration of the reason-prioritisation structure
proposed in the present study into such computational frameworks has not yet been imple-
mented or validated. Future work should develop and test this integration in both simulation
and controlled real-world scenarios to assess practical effectiveness and feasibility.

2.5 Conclusion

This study derives a reason-prioritisation principle from expert reasoning about cyclist overtak-
ing in ethically ambiguous routine driving situations. Grounded in the tracking condition of
Meaningful Human Control (MHC), the principle supports an expert-derived framework that
maps how human reasons influence AV decisions. Through qualitative interviews with AV ex-
perts, we identified thirteen categories of reasons that influence manoeuvre planning, structured
across normative, strategic, tactical, and operational levels of AV behaviour, and linked to the
roles of relevant human agents.

The findings show that AV decisions often involve multiple overlapping reasons, with safety
consistently regarded as the primary concern. Other reasons, such as efficiency, comfort, and
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acceptance, were frequently mentioned alongside safety but rarely overrode it. Rule compliance
was treated as a conditional obligation and often deprioritised when it conflicted with more
context-sensitive goals. These prioritisation patterns a set of empirically grounded principles
that upholds safety while permitting carefully constrained deviations from legal rules when
justified by practical or ethical considerations.

By mapping expert reasons into a layered structure and positioning them within a conceptual
representation of reason-based AV decision-making, this case-specific model offers guidance
that complements existing high-stakes ethical approaches and may inform future research on
AV behaviour in dynamic, real-world scenarios. Future work should evaluate the broader ap-
plicability of this representation across diverse cultural contexts, automation levels, and driving
situations.



Chapter 3

Formal Representation of Human Reasons
and Supervisory Framework for
Behavioural Adjustment

This chapter develops a formal representation of human reasons within automated vehicle (AV)
decision-making frameworks and implements a supervision framework that builds on this repre-
sentation. Building on the empirical findings of Chapter 2, it translates categories such as safety,
efficiency, and regulatory compliance into quantitative models that can be operationalised in
real time. These models form the basis of a human reasons-based supervision framework that
monitors the alignment between AV behaviour and human reasons and triggers behavioural
adjustments when misalignment is detected. The chapter further examines the framework’s be-
haviour in simulated overtaking scenarios and evaluates its ability to enable a balance among
safety, efficiency, and regulatory compliance in ethically ambiguous traffic situations.

This chapter presents a single contribution derived from the following paper, published at the
2025 IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS):

Suryana, L. E., Rahmani, S., Calvert, S. C., Zgonnikov, A., and van Arem, B. (2025). A Human
Reasons-Based Supervision Framework for Ethical Decision-Making in Automated Vehicles. In
Proceedings of IROS 2025 (pp. 21495–21502). IEEE.
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3.1 Abstract

Ethical dilemmas are a common challenge in everyday driving, requiring human drivers to bal-
ance competing priorities such as safety, efficiency, and rule compliance. However, much of the
existing research in automated vehicles (AVs) has focused on high-stakes ”trolley problems,”
which involve extreme and rare situations. Such scenarios, though rich in ethical implications,
are rarely applicable in real-world AV decision-making. In practice, when AVs confront every-
day ethical dilemmas, they often appear to prioritise strict adherence to traffic rules. By contrast,
human drivers may bend the rules in context-specific situations, using judgement informed by
practical concerns such as safety and efficiency. According to the concept of meaningful hu-
man control, AVs should respond to human reasons, including those of drivers, vulnerable road
users, and policymakers. This work introduces a novel human reasons-based supervision frame-
work that detects when AV behaviour misaligns with expected human reasons to trigger trajec-
tory reconsideration. The framework integrates with motion planning and control systems to
support real-time adaptation, enabling decisions that better reflect safety, efficiency, and regula-
tory considerations. Simulation results demonstrate that this approach could help AVs respond
more effectively to ethical challenges in dynamic driving environments by prompting replan-
ning when the current trajectory fails to align with human reasons. These findings suggest that
our approach offers a path toward more adaptable, human-centered decision-making in AVs.

3.2 Introduction

Addressing the ethical complexities that emerge in daily driving contexts remains essential for
social acceptance of automated vehicles (AVs). Despite their promised advantages in safety
improvements and transportation access (Geisslinger et al., 2021), the widespread adoption of
these systems hinges on their capacity to reflect human ethical judgment, particularly when
confronting morally ambiguous situations where multiple values compete (Lin, 2016; Millar
et al., 2017)—situations commonly referred to as ethical dilemmas. Examples include deciding
whether to briefly occupy the opposite lane to safely overtake cyclists (FSDEvolution, 2025), or
speeding up temporarily to avoid unsafe situations. This behaviour reveals a critical gap in AV
decision-making: the necessity of designing AVs capable of dynamically balancing multiple
considerations, such as safety, efficiency, regulatory compliance, and contextual appropriate-
ness, in real-time, rather than relying solely on predefined regulations.

Current approaches show limitations when it comes to handling everyday ethical dilemmas
in automated driving. Much of the research has focused on extreme scenarios, such as the
well-known “trolley problem” (Bonnefon et al., 2019). While philosophically significant, trol-
ley problems rarely happen in daily driving, and despite the practical importance of everyday
dilemmas, they often receive less attention (Geisslinger et al., 2021; Himmelreich, 2018). (Lin,
2016) emphasises that everyday ethical decisions in automated driving extend far beyond these
extreme scenarios, requiring nuanced contextual use of reasons, something current systems
lack. Similarly, (Nyholm & Smids, 2016) argue that framing AV ethics as simplified trolley
problems fails to capture the probabilistic nature and dynamic complexity of real-world driving
situations.

Although the ethical dimensions of “mundane” scenarios may seem straightforward for hu-
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man drivers, they require context-aware judgment that comes naturally to human but poses
challange for AVs. These judgments must balance multiple ethically relevant considerations,
such as safety, efficiency, and social norms. This adaptability represents a challenge for AV sys-
tems designed with traditional motion planning algorithms, which primarily optimise for trajec-
tory smoothness and collision avoidance without explicitly integrating ethical considerations.
Building on this understanding, recent ethical frameworks propose more holistic approaches
that better align with human moral intuitions. (Cecchini et al., 2024) and (Henschke, 2020)
collectively emphasise that effective AV ethics must integrate moral principles such as deonto-
logical ethics, virtue ethics, and consequentialist considerations while maintaining transparency
in decision-making.

However, integrating these ethical principles into AV decision-making remains challeng-
ing. While prior works have focused on embedding such principles into control and motion
algorithms (Geisslinger et al., 2021; Thornton et al., 2016; Geisslinger et al., 2023), current ap-
proaches fail to make explicit when these principles are in conflict. Recognising these conflicts
is essential for enabling transparent decisions and for adjusting AV behaviour to better reflect
the ethical principles the system is intended to uphold.

The concept of meaningful human control (MHC) (Mecacci & Santoni de Sio, 2020; San-
toni de Sio & Van den Hoven, 2018) offers a promising conceptual bridge for addressing the
challenge of making explicit which moral principles are in conflict. MHC asserts that humans
should ultimately be responsible for every decision made by automated systems. (Santoni de
Sio & Van den Hoven, 2018) laid the groundwork for achieving MHC. One of the required con-
ditions is the tracking condition, which requires automated systems to respond to the reasons
of relevant humans. In the remainder of this paper, we refer to these relevant humans – such
as drivers, passengers, pedestrians, and policymakers – as stakeholders. According to Mecacci
& Santoni de Sio (2020), these reasons can be understood as moral values or principles that
are reflected in human driving plans and intentions—such as ensuring safety and comfort for
both themselves and others, driving efficiently, and complying with traffic regulations. From
this perspective, if an AV is designed to uphold certain moral principles, the tracking condition
provides a clear expectation that its behaviour should reflect corresponding human plans and
intentions.

To operationalise this concept and address the challenges of handling ethical dilemmas and
making moral principles explicit in AV decision-making, we propose a novel human reasons-
based supervision framework that enables AVs to evaluate if their behaviour aligns with the
reasons of diverse stakeholders. By grounding this framework in the tracking condition of
meaningful human control, we aim to support AV decision-making in ethically challenging
everyday scenarios that require balancing multiple, sometimes conflicting, values.

Specifically, the primary contribution of this paper is a modular human reasons-based super-
vision framework that enables AVs to make ethically nuanced decisions in routine yet ethically
challenging scenarios. The framework continuously evaluates how well the AV’s behaviour
aligns with human reasons and triggers replanning when a misalignment is detected. The paper
contributes:

1. We developed a detection mechanism that uses stakeholder reason scores and predefined
thresholds to identify when AV behaviour misaligns with human reasons;

2. We integrated the human reasons-based supervision framework into an AV control archi-
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tecture, including a mechanism for triggering replanning when reason scores fall below
predefined thresholds;

3. We enabled explainability by using reason scores as interpretable indicators of why be-
haviour changes are recommended in routine, ethically challenging situations.

This work advances the discourse on AV decision-making in ethically challenging trans-
portation scenarios by bridging the gap between moral principles and practical AV decision-
making, ultimately supporting the development of socially acceptable automated mobility solu-
tions that align with human reasons across diverse everyday scenarios.

The remainder of this paper is organised as follows: Section 3.3 presents the detailed
methodology and system architecture, including the mathematical human reasons and its in-
tegration into a motion planning framework. Section 3.4 describes the experimental setup and
simulation environment. Section 3.5 and 3.6 present and discuss the simulation results and the
impact of ethical supervision on vehicle behaviour. Finally, Section 3.7 concludes the paper and
outlines directions for future research.

3.3 Methodology

3.3.1 Problem Formulation

We formalise the automated vehicle navigation problem in scenarios involving ethical decision-
making. While the framework is generic and applicable to a wide range of situations, for demon-
stration purposes, we consider a scenario including the interaction of an automated vehicle with
a vulnerable road user (VRU). In this scenario, an automated vehicle navigating a bidirectional
road faces an ethical dilemma during overtaking manoeuvres. To maintain efficient travel, the
vehicle must either follow the VRU with a very low speed, which is not desirable for the vehi-
cle’s passenger, or overtake a slower-moving VRU, which may require temporarily entering the
oncoming lane or reducing the safety buffer with the cyclist. This manoeuvre challenges forces
a trade-off between strict compliance, user safety, and travel efficiency.

For the problem formulation, we consider the automated vehicle operating in state space
X ⊂Rn with state vector xt = [pt,vt ,θt ,ωt ]

T , where pt = [px, py]
T represents position, vt denotes

velocity, θt is heading angle, and ωt is rotational velocity. The control space U ⊂ Rm consists
of ut = [at ,δt ]

T , representing acceleration and steering angle.

Our multi-agent ethical framework defines stakeholders S = {s1,s2, ...,sk}with reason func-
tions Rsi : X ×U → [0,1] quantifying alignment with each stakeholder’s perspective. This
formulation means that each function Rsi evaluates the vehicle’s state and control actions to
produce a score between 0 and 1, reflecting how well the AV’s behaviour satisfies the ethi-
cal priorities of the respective stakeholder. For the designed scenario, we identify three key
stakeholders: road policymakers (spolicy), vulnerable road user (sV RU ), and drivers (sdriver).
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The navigation problem for the automated vehicle is formulated as:

min
u0,...,uT−1

T−1

∑
t=0

J (xt,ut)

s.t. xt+1 = f (xt,ut)

xt ∈ Xsa f e

ut ∈U
Rsi(xt,ut)≥ τsi,∀si ∈ S

(3.1)

Here, J (xt,ut) represents the cost function to be minimised over the control horizon T ,
evaluating the performance of the AV’s state and control inputs at each time step t. The function
f (xt,ut) denotes the system dynamics model that predicts the next state xt+1 based on the
current state xt and control input ut. The set Xsa f e ⊂ X defines the safe region of the state
space where the vehicle must operate to avoid collisions and other hazards. Finally, for each
stakeholder si, τsi denotes the threshold value specifying the minimum acceptable reason score
that the AV’s behaviour must meet.

3.3.2 Framework Architecture

Our approach implements a multi-component and hierarchical framework with three main com-
ponents:

1. Global Motion Planning: Responsible for finding a reference trajectory for the vehicle to
be followed. It uses A* search with motion primitives to generate feasible reference paths
from the current state of the vehicle to the goal location.

2. Model Predictive Control: Optimises vehicle trajectory when following the reference
path. It ensures kinodynamic feasibility and satisfying soft and hard constrained defined,
such as safety, efficiency, and comfort.

3. Human Reasons-based Supervision Framework: Evaluates the planned actions against
ethical criteria and triggers replanning when necessary if the criteria are not met.

These elements are depicted in Fig. 3.1. The key innovation in our approach is the def-
inition and integration of a human reasons-based supervision framework as a mechanism for
triggering replanning, ensuring that the vehicle’s behaviour satisfies ethical constraints derived
from multiple stakeholders’ perspectives. Therefore, we begin by detailing the components of
the framework.

3.3.3 Human Reasons-based Supervision Framework

Our approach to developing a framework that supervises the alignment between AV behaviour
and human reasons builds on the qualitative evaluation steps for the tracking condition outlined
by (Suryana et al., 2025b). These steps involve defining the relevant stakeholders and articulat-
ing their reasons, as well as specifying the features of the AV system that govern its behaviour.
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Figure 3.1: Hierarchical control architecture with human reasons-based supervision for ethical
AV decision-making

While the original approach remains qualitative, our work extends it by developing a quanti-
tative framework. Specifically, after identifying the stakeholders, we formalise their reasons
mathematically. This process is described in this section, while the features of the AV system
that govern its behaviour are presented in Section 3.3.4.

Identification of Stakeholders and Reason Models

To effectively integrate human ethical considerations into AV decision-making, it is essential
to identify the key stakeholders involved and define how system’s behaviour influence their
alignment with stakeholders’ reasons. Accordingly, we model three primary stakeholders in the
designed scenario:

• Road Policymaker: Represents regulatory authorities whose reason is to ensure overall
road safety through regulatory compliance.

• Vulnerable Road User: Represents vulnerable road users whose reason is to commute
with safety and comfort.

• Driver: Represents the vehicle occupant’s motivation for efficiency and arriving at the
destination as fast as possible.

To operationalise stakeholder perspectives within our framework, we establish specific rea-
son models for each. For each stakeholder, we define a reason model that quantifies their sat-
isfaction with the vehicle’s behaviour on a scale from 0 to 1, where 1 indicates full satisfaction
and 0 indicates complete dissatisfaction.

Mathematical Representation of Reason Models
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A key contribution of our framework is the operationalisation of abstract human reasons us-
ing empirically supported, measurable parameters. While previous work has discussed human
reasons conceptually (Suryana et al., 2025b) or proposed initial variables (Calvert & Mecacci,
2020), these efforts have not established an empirically grounded mapping to real-world driv-
ing variables. We address this gap by introducing a reason model grounded in human factors
research.

To translate stakeholder’s reason into a computationally viable form, we adopt a set of
piecewise exponential functions that model how stakeholder satisfaction declines when spe-
cific behavioural threshold are crossed. These modelling choice are grounded based on both
computational simplicity and their ability to approximate human reasons. As demonstrated by
Tversky & Kahneman (1992), individuals tend to overweight low probabilities and underweight
high probabilities, implying a rapid shift in perceived risk once certain thresholds are crossed.
Thus, the exponential function is chosen because it can well capture the rapid change in per-
ceived acceptability. Nevertheless, the proposed equations serve as a representative model that
can be adjusted via thresholds and scaling constants to suit various scenarios.

To ensure realism, each stakeholder’s reason is modelled using scenario-specific variables
informed by human factors research. Details of the experimental case appear in Section 3.4.
For example, the cyclist’s reason—related to comfort and perceived safety—is represented us-
ing lateral distance and tailgating time, based on findings from Road Safety Authority (2018);
Oskina et al. (2023). Here, comfort refers to the cyclist’s subjective experience of emotional
and physical ease during interaction with the vehicle. Empirical studies show that insufficient
lateral clearance and prolonged close following increase stress and perceived risk, justifying the
use of these variables as proxies.

The same vehicle behaviour–prolonged following–also impact driver’s reason, which relates
to driving efficiency. This is modelled as perceived impatience, based on time and distance the
AV follows the cyclist at close range. As shown in Lee (2010), such conditions could lead
to frustration under time pressure. Meanwhile, the policymaker’s reason—regulatory compli-
ance—is satisfied when the AV stays within its designated lane. The reason’s score decreases as
the AV crosses into the opposite lane to overtake the cyclist. This reflects findings from Suryana
et al. (2025a), where experts preferred the AV to overtake gently and return to its lane promptly,
indicating that in such situations, any lane violation should be considered minimal.

Policymaker’s Reason The policymaker’s reason score quantifies regulatory compliance –
specifically, adherence to lane regulations in this scenario:

Rpolicymaker =

{
1, if dveh > 0,
ek1·dveh , otherwise.

(3.2)

where dveh is the lateral displacement of the ego vehicle from the center line (positive when
on the correct side of the road, negative when in the oncoming lane); k1 is a scaling constant.

VRU’s Reason The VRU’s reasons score is decomposed into safety assurance and comfort
preservation.
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- Safety Assurance:

Rsa(t) =

{
1, if dveh-vru > dth,vru,

1
ek2 (dveh-vru−dth,vru)

, otherwise,
(3.3)

where dveh-vru denotes the distance between the vehicle and the VRU; dth,vru is the perceived
safe distance threshold; k2 is a scaling constant.

- Comfort Preservation:

Rcp(t) =


1, if tclose,vru < tth,vru or

dveh-vru > dth,vru,
1

ek3 (tfollow−tth,vru)
, otherwise.

(3.4)

where tclose,vru is the cumulative time during which dveh-vru < dth,vru; tth,vru is the maximum
tolerable time for the cyclist to be followed too closely; k3 is a scaling constant.

The overall VRU’s reason score is then given by:

RVRU(t) = Rsa(t) ·Rcp(t). (3.5)

where RVRU(t) combines the safety and comfort components.

Driver’s Reason The driver’s reason score is defined as:

Rdriver(t) =


1, if tbehind,driver < tth,driver or

dveh-vru > dth,driver,
1

ek4(tbehind,driver−tth,driver)
, otherwise,

(3.6)

where tbehind,driver is the cumulative time during which dveh-vru < dth,driver; tth,driver is the
time threshold for close following that the driver considers acceptable; dveh-vru is the distance
between the vehicle and the VRU; dth,driver is the distance threshold below which the driver
considers the AV to be following too closely, leading to perceived inefficiency; and k4 is a scal-
ing constant. Note that the scores of k1,k2,k3, and k4 = 0.2 in our experiment can be adjusted
depending on how quickly we want the reasons to shift from 1 to 0 when the reason thresholds
are crossed.

3.3.4 Motion Planning and Control Implementation

To demonstrate the generalisability and practical implementability of our framework, we in-
tegrate the human reason-based supervision framework into an AV feature that governs its
behaviour. In this research, we adopt an established motion planning and control framework
(Rahmani et al., 2023). In the following, we briefly describe the underlying motion planning
and control mechanism and explain how the reason-triggered replanning seamlessly fits into
this structure.
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Motion Planning

The motion planner in this study builds a directed graph from the vehicle’s current state us-
ing pre-computed motion primitives. An A* algorithm is applied to find the optimal path by
minimizing the cost function

Jpath =w1 · Jlength +w2 · Jsmoothness

+w3 · Jobstacle clearance +w4 · Jtraffic rule (3.7)

where Jlength is the cost related to the length of the path from the initial state to the goal
state, aiming to motivate the shortest path; Jsmoothness is the cost related to the smoothness of the
path; Jobstacle clearance is the cost for avoiding obstacles; and Jtraffic rule is the cost aiming to avoid
areas prohibited by traffic rules. The output of the planner is a reference trajectory passed to the
controller for execution. We employ a modified version of A* to enhance search efficiency and
applicability for our specific use case. The detailed algorithm implementation is documented
in (Rahmani et al., 2025). It’s worth noting that the cost function has been slightly modified
to fit the purpose of this study. More specifically, the weights related to the costs for obstacle
clearance and traffic adherence have been separated compared to the standard implementation
in (Rahmani et al., 2025).

Controller

We formulate a finite-horizon optimisation problem that is solved at each time step to ensure
trajectory following while respecting user-defined constraints.

The vehicle state at the time step t is represented as:

x(t) = [xt ,yt ,θt ,vt ]
T (3.8)

comprising position coordinates (xt ,yt), heading angle θt , and longitudinal velocity vt . The
control inputs are:

u(t) = [at ,δt ]
T (3.9)

where at denotes acceleration and δt the steering angle.

Vehicle dynamics are modelled using a bicycle model as follows:

ẋ = vcos(θ+β), ẏ = vsin(θ+β), θ̇ =
v
L

sin(β), v̇ = a (3.10)

with slip angle β = arctan( lr
L tan(δ)), wheelbase L, and rear axle distance lr. We discretise

this continuous model using time step Ts:

x(t+1) = Ad x(t)+Bd u(t)+dd (3.11)

where the discrete system matrices are:
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Ad =


1 0 Tscθ −Tsvtsθ

0 1 Tssθ Tsvtcθ

0 0 1 0

0 0
Ts tan(δt)

L
1

 (3.12)

with cθ = cos(θt) and sθ = sin(θt) for brevity. The input matrix and disturbance term are:

Bd =


0 0
0 0
Ts 0

0
Tsvt

Lcos2(δt)

 (3.13)

dd =


Tsvtsθ θt
−Tsvtcθ θt

0

− Tsvtδt

Lcos2(δt)

 (3.14)

Our cost function integrates multiple objectives over prediction horizon N:

J =
N−1

∑
t=0

(∥e⊥t ∥2
Q⊥+∥e

∥
t ∥2

Q∥+∥eθv,t∥2
Qθv

)

+
N−1

∑
t=0

(∥ut∥2
R +∥∆ut∥2

Rd
)

+∥xN−xre f ,N∥2
Q f

(3.15)

where e⊥t and e∥t represent perpendicular and parallel trajectory tracking errors, eθv,t captures
orientation and velocity errors, and ∆ut = ut+1−ut . The matrices Q⊥, Q∥, Qθv, R, Rd , and Q f
are weighting matrices that prioritize different aspects of performance.

The optimisation operates under constraints:

xt+1 = f (xt ,ut);ut ∈U;xt ∈ X (3.16)

where U defines input limitations:

amin ≤ at ≤ amax;δmin ≤ δt ≤ δmax (3.17)

Reason-Triggered Replanning

At each time step, the system evaluates the reason scores for all stakeholders using the formu-
lations provided in Eq. 3.2 to Eq. 3.6. For each stakeholder si ∈ S , the reason score Rsi(xt,ut)
is computed. If any score falls below its corresponding threshold τsi ,

min
si∈S

Rsi(xt,ut)< τsi, (3.18)
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the system immediately triggers a replanning cycle. During replanning, the current scenario
is updated, and a new reference trajectory is generated and passed to the controller. This
continuous evaluation ensures that the vehicle’s motion remains aligned with the ethical and
performance criteria of all stakeholders. In our implementation, the path finding algorithm in-
corporates a set of weights in its cost function (Eq. 3.7) to provide flexibility when replanning is
needed. For instance, under normal circumstances, prohibited areas by traffic rules are treated
similarly to obstacles by assigning large weights to the Jtraffic rule, restraining the A* search
algorithm from generating paths through those areas. When replanning is triggered due to mis-
alignment with human reasons, prohibited areas could temporarily receive lower costs, allowing
the A* algorithm to search through those areas and provide a new trajectory with a different, po-
tentially higher, human-reasoning score. Since the replanning strategy is not within the scope of
this study, we refer the readers to the implementation of our planner detailed in (Rahmani et al.,
2025). We would like to highlight that the proposed evaluation framework remains algorithm-
agnostic and can assess trajectories generated by any motion planning approach.

3.4 Experiment Setup

To evaluate our human reasons-based supervision framework, we test it in an ethically chal-
lenging cyclist overtaking scenario, where an ego vehicle traveling in the right lane encounters
a slow-moving cyclist on a narrow road (Fig. 3.2). Safely overtaking requires the vehicle
to briefly enter the left lane, which is normally reserved for oncoming traffic. This forces a
trade-off between strict lane adherence and efficient, safe manoeuvring, highlighting the ethical
dilemma arising from the conflicting priorities of the involved stakeholders:

• Road Policymakers enforce traffic regulations that prohibit left-lane usage to ensure over-
all road safety.

• Cyclists require a safe and comfortable riding experience, which may be compromised by
vehicles manoeuvring too closely.

• Drivers aim for efficient travel, potentially pressuring the system to overtake despite the
inherent safety and regulatory concerns.

The detailed definitions of the reason models for each stakeholder are provided in Eq. 3.2
to Eq. 3.6. In our experiments, we focus on comparing two configurations:

• Baseline Controller: The ego vehicle operates using a standard baseline controller with-
out the human reasons-based supervision (Rahmani et al., 2023).

• Baseline Controller with Replanner: The baseline controller is augmented with the hu-
man reasons-based supervision framework, which triggers replanning when the vehicle’s
behaviour does not align with the predefined ethical thresholds.

These experiments are designed to assess how integrating human reasons-based supervision
framework impacts decision-making in vehicle behaviour during ethically challenging situa-
tions; specifically in the context of safely overtaking a cyclist on a bidirectional road. To cali-
brate our reason models, we set the threshold values summarised in Table 3.1 based on empirical
studies of cyclist and driver behaviour (Oskina et al., 2023; Hagemeister & Bertram, 2024).
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Cyclist
Ego vehicle
Road infrastructure
Cyclist’s path
Ego Vehicle’s path

Figure 3.2: Illustration of an ego vehicle approaching a cyclist on a narrow bidirectional road,
highlighting the ethical challenge in overtaking due to road constraints.

Table 3.1: Parameter Values for Reason Models

Parameter Value
dth,vru (Cyclist’s perceived too-close distance threshold) 8 m
tth,vru (Max time cyclist tolerates close following) 5 s
dth,driver (Driver’s perceived too-close distance threshold) 12 m
tth,driver (Max time driver tolerates close following) 10 s
τsi (Reason alignment threshold for all stakeholders) 0.7

3.5 Results

The results of validation for the controller with and without the proposed human reasons-based
supervision framework are depicted in Fig. 3.3 and Fig. 3.4, respectively. The timestamps
next to the ego vehicle and the cyclist indicate their positions at that time, helping to visualize
their relative movements. The results for the Baseline controller suggest that while the system
successfully handles basic path planning and collision avoidance, it does not adequately account
for human reasons, particularly in terms of the driver’s and cyclist’s perspectives. As shown
in Fig. 3.3.a, the ego vehicle follows the cyclist and reaches the goal in 35 seconds without
attempting to overtake. This behaviour demonstrates a stop-and-go dynamic, which is further
illustrated in Fig. 3.3.c, where the speed of the ego vehicle is depicted. Initially, the global
planner generates a smooth path toward the goal. However, when the ego vehicle approaches the
cyclist and a potential collision risk arises, the controller activates a collision avoidance strategy,
reducing the ego vehicle’s speed to avoid the potential collision. As the distance between the
two increases, the controller allows the vehicle to accelerate and realign with the planned path.

Despite effectively tracking the planned trajectory (Fig. 3.3.d), the system’s performance in
aligning with human reasons decreases over time (Fig. 3.3.b). It is apparent that from the 10th
second until the end of the simulation, the driver’s reason score for time efficiency decreases
sharply to zero by the end of the simulation. This is because the driver must remain patient to
stay in the mode of following the vehicle from behind. On the other hand, the cyclist’s reason
score for comfort fluctuates (due to the fluctuations of the vehicle’s speed and distance to the
cyclist) but ultimately forms a decay pattern. Over time, the score decreases further due to the
accumulation of time spent being followed by the ego vehicle at a close distance. Meanwhile,
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Figure 3.3: Results of running the model in baseline controller

the system’s performance demonstrates strong alignment with the road policymaker’s reason
score for regulatory compliance since the ego vehicle consistently stays in the right lane.

The Baseline controller with a replanner allows the ego vehicle to successfully overtake the
cyclist, addressing human reason priorities but at the cost of temporary regulatory compliance
violations. Initially, the ego vehicle follows the cyclist from behind for the first 11 seconds,
adhering to its straight path trajectory while exhibiting stop-and-go behaviour, as shown in Fig.
3.4.c. At the 11.5-second mark, the human reason-based supervision framework detects that the
driver’s reason score for time efficiency has fallen below its threshold of 0.7, due to the accu-
mulation of the waiting time of the driver and the cyclist. This triggers the planner to generate a
new feasible trajectory. This new path briefly crosses the bidirectional road before returning to
the right lane to reach the goal. During the overtaking manoeuvre, the close proximity between
the ego vehicle and the cyclist causes a temporary decrease in reason scores, and the violation
of the right-lane regulation further reduces the policymaker’s reason score. However, once the
ego vehicle successfully overtakes the cyclist and returns to the intended lane, all reason values
recover to one. In this scenario, the ego vehicle achieves the goal in just 18 seconds by over-
taking the cyclist, significantly reducing the driver’s waiting time. It is worth noting that the
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Figure 3.4: Results of running the model in baseline controller with replanner

deviations on the order of centimeters in both scenarios may be attributed to the limitations and
constraints of the MPC.

3.6 Discussion

This study reveals three key contributions of the human reasons-based supervision framework:
(1) the ability to detect when current system behaviour no longer aligns with the priorities of
human stakeholders by monitoring reason score againts adaptive thresholds, (2) the modularity
of the framework to adapt controller behaviour without majorly modifying core components
like the global planner or MPC settings, and (3) the inherent explainability of decision-making
processes, enabling autonomous systems to justify behavioural changes based on stakeholder
reason alignment. These features are essential for building trust and acceptance in automated
vehicle deployment. The experimental results yield several insights. While both the Baseline
Controller and the Baseline Controller with Replanner successfully guide the ego vehicle to
follow the planned trajectory and reach the goal area, they differ significantly in how they
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respond to human reasons. This leads to distinct trade-offs in performance and alignment with
the priorities of human reasons.

The Baseline Controller demonstrates a conservative approach, prioritizing the policymaker’s
reason for regulatory compliance. This results in strict adherence to rules, but at the cost of ne-
glecting other human reasons priorities. While the controller achieves basic objectives like
collision avoidance and goal attainment, it fails to address the driver’s reason for time efficiency
and the cyclist’s reason for comfort.

In contrast, the Baseline Controller with Replanner introduces a dynamic and adaptive ap-
proach through the human reasons-based supervision component of the framework. Our results
show that responding to triggers can lead to decisions that better reflect a balance of human
reasons. For example, the system may temporarily violate regulatory compliance (lowering the
policymaker’s reason score) to reduce discomfort for the cyclist or impatience from the driver.
While the trigger does not resolve value conflicts, it signals when the current trajectory may
no longer align with a stakeholder’s reasons. However, how the planner could systematically
select among alternatives is beyond the scope of this research. Future work is needed to extend
this supervision layer with decision-making mechanisms that actively weigh and decide how to
respond when human reasons are in conflict.

The choice of threshold values plays a critical role in this framework. A lower thresh-
old might delay intervention, leading to prolonged misalignment with human reasons, while a
higher threshold could result in overly frequent replanning, which increases the computational
cost. Additionally, the vehicle’s state when the reasons falls below the threshold—such as its
proximity to the cyclist, speed, or surrounding environment—can influence the feasibility of the
replanned trajectory. These factors highlight the importance of carefully pick the right threshold
to ensure feasibility and stability.

However, while the threshold offers an interpretable mechanism for initiating replanning, it
does not capture the full nuance of how human drivers make context dependent trade-offs, such
as deciding when it is safe to pass with oncoming traffic or assessing visibility in hilly terrain.
Rather than prescribing the best course of action, the framework uses thresholds to signal that
the current plan may no longer reflect certain stakeholder priorities. Grounding threshold values
in empirical studies, and learning or tuning them from human data, is a promising direction for
future work.

Nonetheless, we emphasise that our human reasons-based supervision framework, which
triggers replanning based on threshold values, is not intended to compete with existing nuanced
decision-making algorithms for dynamic environments, such as multi-policy decision-making
(MPDM) proposed by Cunningham et al. (2015); Mehta et al. (2016), but to complement them.
While our framework has lower resolution than MPDM’s continuous policy evaluation, its
strength lies in simplicity. It avoids the computational cost of constant replanning by activating
only when a misalignment with human reasons is detected.

Future work could integrate MPDM-style approaches into our architecture, enabling mo-
tion planners that not only generate but also evaluate candidate trajectories based on human
reasons rather than predefined policies. This integration could support more nuanced balancing
of stakeholder priorities while preserving interpretability.

Overall, by aligning system behaviour with human priorities, the proposed framework en-
ables more human-centric decision-making, which is essential for user trust and acceptance in
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real-world applications. Thanks to the framework’s modularity, its integration into existing au-
tomated system architectures is straightforward. Its implementation can be extended to more
complex environments, such as urban driving or multi-agent systems, where balancing multiple
reasons priorities is critical. Future work could explore enhancing the framework’s capabilities,
such as using it not only to trigger replanning but also to identify trajectories that maximise
human reasons across all agents. Testing in dynamic and unpredictable environments would
further validate its robustness and scalability.

This study underscores the importance of incorporating human reason into automated driv-
ing systems. The findings demonstrate that while strict regulatory compliance ensures safety
and rule-following, mechanisms that detect misalignment with human priorities and prompt re-
consideration can lead to decisions that better reflect the reasons of multiple stakeholders. This
insight paves the way for future developments in automated systems that are both technically
robust and socially and ethically aligned with human reasons.

3.7 Conclusion

This study proposes a human based-reason supervision framework to support automated vehi-
cles (AVs) to navigate routine yet ethically challenging scenarios. The framework introduces
a novel approach to AV planning by evaluating whether the vehicle’s behaviour aligns with
human reason and triggering a replan assignment if misalignment is detected. The key contri-
butions demonstrated through this work are: (1) A detection mechanism for identifying mis-
alignment between AV behaviour and stakeholder reasons based on reason score thresholds; (2)
Modular integration into the AV control architecture without modification of the core planner
or motion controller; (3) Explainability through the use of stakeholder reason scores, enabling
interpretable justifications for behavioural changes. These features enable AVs to align with
human reasons in real time, ensuring more human-centric decision-making.



Chapter 4

Trajectory Scoring and Selection

This chapter presents a trajectory scoring and selection framework that evaluates how auto-
mated vehicle (AV) decisions align with the reasons of relevant human agents. Building on the
reasons-based supervision framework introduced in Chapter 3, it focuses on the evaluative as-
pect of tracking by examining whether AV trajectory choices reflect the priorities of drivers, vul-
nerable road users, and policymakers. The chapter introduces a quantitative evaluation method
that assigns scores to candidate trajectories based on their alignment with each agent’s reasons.
The framework incorporates an agent-balance function to discourage neglecting any stakeholder
and to promote fairness in decision-making. Simulation studies demonstrate how varying the
prioritisation of agents’ reasons influences trajectory selection and highlight key trade-offs be-
tween rule adherence and safety.

Whereas Chapter 3 focuses on behavioural adjustment through supervision, this chapter ad-
dresses reason-based evaluation and selection among candidate trajectories.

This chapter is based on the following paper, accepted for publication at the 2025 5th Interna-
tional Conference on Robotics, Automation, and Artificial Intelligence (RAAI):

Suryana, L. E., Rahmani, S., Calvert, S. C., Zgonnikov, A., and van Arem, B. (2026). A Frame-
work for Human-Reason-Based Trajectory Evaluation in Automated Vehicles. In Proceedings
of the 5th RAAI (pp. 734–741). IEEE.

77
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4.1 Abstract

One major challenge for the adoption and acceptance of automated vehicles (AVs) is ensuring
that they can make sound decisions in everyday situations that involve ethical tension. Much at-
tention has focused on rare, high-stakes dilemmas such as trolley problems. Yet similar conflicts
arise in routine driving when human considerations, such as legality, efficiency, and comfort,
come into conflict. Current AV planning systems typically rely on rigid rules, which struggle
to balance these competing considerations and often lead to behaviour that misaligns with hu-
man expectations. This paper introduces a reasons-based trajectory evaluation framework that
operationalises the tracking condition of Meaningful Human Control (MHC). The framework
represents human agents’ reasons (e.g., regulatory compliance) as quantifiable functions and
evaluates how well candidate trajectories align with them. It assigns adjustable weights to agent
priorities and includes a balance function to discourage excluding any agent. To demonstrate
the approach, we use a real-world-inspired overtaking scenario, which highlights tensions be-
tween compliance, efficiency, and comfort. Our results show that different trajectories emerge
as preferable depending on how agents’ reasons are weighted, and small shifts in priorities can
lead to discrete changes in the selected action. This demonstrates that everyday ethical de-
cisions in AV driving are highly sensitive to the weights assigned to the reasons of different
human agents.

4.2 Introduction

Evaluating how automated vehicles (AVs) handle ethically challenging situations in everyday
driving is essential for their adoption and acceptance by society (Lin, 2016; Millar et al., 2017).
Such situations often require trade-offs between competing values, such as safety, legality, and
social norms, for which no clear or universally optimal solution exists. For instance, an AV
may need to decide whether to cross a solid line to safely overtake a cyclist (FSDEvolution,
2025) or whether to come to a full stop at an empty junction when no vehicles or pedestrians
are present (Tesla, 2025). While human drivers usually make such choices intuitively, AVs face
greater difficulty because they often depend on rule-based systems or predefined optimisation
algorithms (Aksjonov & Kyrki, 2021; Yuan et al., 2024). These systems struggle to balance
safety, efficiency, regulatory compliance, and social expectations in real time, which can result
in decisions that diverge from human judgement and values (Bin-Nun et al., 2022).

Addressing these dilemmas remains largely unaddressed in current AV design paradigms
(Himmelreich, 2018). Most existing approaches to ethical decision-making focus on rare, ex-
treme situations, such as the well-known “trolley problem” (Bonnefon et al., 2019). While such
scenarios are philosophically intriguing, they are seldom encountered in routine driving. As Lin
observes (Lin, 2016), everyday ethical challenges go well beyond rare, binary dilemmas. They
require flexible, context-aware reasoning—something current AV algorithms often struggle to
achieve. Similarly, Nyholm nyholm2016ethics argues that focusing too heavily on extreme sce-
narios oversimplifies the probabilistic and dynamic nature of real-world driving environments.

Addressing day-to-day ethical challenges requires reasoning that considers the diverse goals
of multiple human agents. In this research, we use the term human agents to include not only
direct road users, such as drivers, cyclists, and pedestrians, but also those indirectly affected,
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including policymakers and society (Calvert & Mecacci, 2020). These agents may prioritise
safety, legality, efficiency, or social norms differently. As a result, ethical tensions arise when
AVs must navigate between competing expectations. Recent work (Cecchini et al., 2024; Hen-
schke, 2020) has called for more holistic approaches. Such approaches aim to integrate de-
ontological, consequentialist, and virtue-based principles while also ensuring transparency and
alignment with human moral intuitions.

However, integrating ethical principles into AV decision-making remains a challenge. Re-
cent approaches have proposed ethical trajectory planning algorithms grounded in deontological
reasoning (Thornton et al., 2016), or based on risk and cost functions that combine multiple eth-
ical considerations (Geisslinger et al., 2023). While these models represent progress, they have
also been critiqued for lacking transparency (Kirchmair & Paulo, 2023). Key concerns include
how ethical principles are selected, how conflicts are resolved, and how resulting decisions align
with legal and societal expectations.

The principle of Meaningful Human Control (MHC) (Santoni de Sio & Van den Hoven,
2018; Mecacci & Santoni de Sio, 2020) offers a promising foundation to address these critiques.
MHC is a design principle with two aims. First, AV behaviour should reflect the intentions and
moral reasons of relevant human agents, a requirement known as tracking. Second, it should
remain possible to assign responsibility to informed and accountable individuals, a requirement
known as tracing (de Sio et al., 2023). To fulfil the tracking condition, AV behaviour must be
responsive to the reasons of relevant agents, including their values, plans, and intentions. It
must also account for those indirectly affected, such as vulnerable road users and policymakers
(Mecacci & Santoni de Sio, 2020).

MHC could serve as a conceptual bridge between ethical principles and observable AV
behaviour. It links abstract moral values, such as those in deontological or utilitarian ethics, to
practical elements like plans, intentions, and actions (Mecacci & Santoni de Sio, 2020). In this
way, MHC suggests that moral values should be reflected in agents’ practical choices, including
priorities such as safety, comfort, and rule compliance. However, before these principles can
guide design, we must first evaluate whether AV decisions actually reflect them. Without a
systematic evaluation method, it is impossible to judge whether an AV’s behaviour aligns with
ethical expectations such as fairness, harm minimisation, or accountability. Although recent
work has helped clarify the concept of MHC, the challenge remains: how can it be applied
in practice to evaluate AV behaviour? This motivates the need for a framework capable of
assessing whether AVs act in accordance with the moral reasons of relevant human agents.

To address this need, we propose a reason-based evaluation framework that measures how
well planned AV trajectories align with the reasons of relevant human agents. Beyond trajectory
alignment, the framework also tests whether an AV system satisfies the tracking condition of
MHC in practice. It follows the evaluation procedure outlined by Suryana et al. (2024), which
involves three steps: identifying relevant agents and their reasons, specifying the AV behaviours
that should reflect those reasons, and conducting the reason evaluation. Our framework does
not replace existing trajectory planning methods but evaluates their outcomes. In doing so,
it provides a transparent way to determine whether a chosen trajectory aligns with the moral
reasons of the agents involved.

To illustrate our approach, consider a scenario where an AV follows a slow cyclist on a road
marked with double solid yellow lines, which prohibit overtaking (FSDEvolution, 2025). After
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a few seconds, a human driver intervenes and overtakes, exposing a misalignment between
the AV’s rule-based behaviour and human judgement. Our framework evaluates such cases by
modelling the priorities of relevant agents, such as policymakers, vulnerable road users, and
passengers, as mathematical functions. These functions are then used to score and compare
candidate trajectories, similar to existing motion-planning pipelines. The key difference is that,
instead of optimising for fixed performance criteria, we assess alignment with human reasons,
providing a new layer of ethical evaluation.

Specifically, this paper introduces a novel approach for evaluating whether AV behaviour
in everyday ethically challenging scenarios reflects the reasons of relevant human agents. Our
primary contributions are:

1. We develop a reasons-based trajectory evaluation framework that measures the align-
ment between AV trajectories and the reasons of relevant human agents. This allows us
to assess whether the system satisfies the tracking condition of MHC in practice.

2. We demonstrate, through simulation, that the framework supports ethically grounded and
interpretable decision-making. It does so by modelling agent influence as both quantifi-
able and adjustable, and by enabling both forward and inverse analysis of decisions.

The remainder of this paper is organised as follows: Section 4.3 presents the methodology.
Section 4.4 describes the experimental setup. Sections 4.5 and 4.6 report and discuss the results.
Section 4.7 concludes the paper.

4.3 Methodology

Current AV decision-making systems lack a mechanism to evaluate whether a selected trajectory
aligns with the reasons of agents affected by it. To address this, we propose a unified trajectory
scoring function that integrates agent importance, reason-level evaluations, and a fairness ad-
justment, thereby supporting the tracking condition of Meaningful Human Control (MHC). We
begin by defining the components of the framework, then build up to the final scoring formula-
tion.

4.3.1 Human Agents and Their Reasons

We define the human agent set H = {h1,h2, . . . ,hn}, where each human hi has a set of reasons

Ri = {ri1,ri2, . . . ,rimi},

with mi denoting the number of reasons associated with human hi. Here, b∈ {1, . . . ,mi} indexes
the individual reasons of human hi. Each human is assigned a weight wi ∈ [0,1], with ∑

n
i=1 wi =

1. Each agent aggregates their reasons using weights αib ∈ [0,1], where ∑b αib = 1.
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4.3.2 Trajectories and Environment Representation

Given candidate trajectories T = {T1, . . . ,Tk}, each Ta ∈ T is a discretized sequence of ego
states:

Ta = {sa0,sa1, . . . ,sap},
where a∈ {1, . . . ,k} indexes candidate trajectories, p denotes the number of discrete time steps,
and sal is the ego vehicle’s state at time step l ∈ {0, . . . , p}. Each time step corresponds to
tl = l ·∆t, where ∆t is the planning time resolution. States include position, orientation, velocity,
and other kinematic quantities, and are generated via feasible motion models.

In real driving, the ego vehicle’s trajectory must account for dynamic entities such as other
vehicles, pedestrians, and cyclists. Since these entities influence whether human reasons can be
fulfilled (e.g., safety or comfort), we include their trajectories in the evaluation.

Dynamic entities are indexed by q ∈ {1, . . . ,Q}, with trajectories

Eq = {eq0, . . . ,eqp},

and we denote the set of all such trajectories as E = {E1, . . . ,EQ}. At time tl , the environment
snapshot is

El = {eql | q = 1, . . . ,Q}.

4.3.3 Reason-Level Evaluation

Each reason rib has a per-time-step evaluation function

fib(sal,El, tl) : (sal,El, tl)→ [0,1],

and a trajectory-level score obtained via a temporal aggregation operator:

Fib(Ta,E) = Φ
(
{ fib(sal,El, tl)}p

l=0

)
. (4.1)

Here, Φ maps per-time-step evaluations to a trajectory-level value. In this work, we adopt
the uniform average

Φ =
1

p+1

p

∑
l=0

(·), (4.2)

though alternative operators (e.g., weighted multi-objective sums (Xu et al., 2012) or cumula-
tive integral costs (Williams et al., 2017)) may be used depending on design requirements or
normative assumptions.

4.3.4 Aggregating Reasons and Agents

Each agent’s reason-level score is

Si(Ta) =
mi

∑
b=1

αibFib(Ta,E). (4.3)

Combining these across agents gives the unbalanced score:

Sw(Ta) =
n

∑
i=1

wiSi(Ta). (4.4)
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4.3.5 Agent Balance Function

To ensure equitable agent influence and preserve MHC, we introduce an agent balance function
B(w,w∗), which penalizes highly skewed weight configurations:

B(w,w∗) =

1−

√
1
n ∑

n
i=1(wi−w∗i )2√
∑

n
i=1(w

∗
i )

2

 ·min
i

(
wi

w∗i

)
(4.5)

where w∗ is the ideal distribution, typically uniform (w∗i = 1/n). The first term measures
deviation from the ideal via RMS error, while the second ensures no agent is excluded (i.e.,
wi > 0). Together, they promote proportional fairness and representation, addressing concerns
in (Calvert et al., 2020b; Mecacci & Santoni de Sio, 2020) about agent exclusion in autonomous
systems.

4.3.6 Final Scoring and Trajectory Selection

The final balanced score is
S(Ta) = B(w,w∗) ·Sw(Ta). (4.6)

After computing S(Ta) for all trajectories, we select the one that maximises alignment with
human reasons:

T ∗ = argmax
Ta∈T

S(Ta). (4.7)

In this work, this selection is used solely for evaluation and comparison purposes, illustrat-
ing which trajectory best aligns with human reasons.

Figure 4.1, adapted from the framework structure in (Suryana et al., 2025d), illustrates how
the proposed human-reasons-based trajectory evaluation module integrates into a standard hier-
archical AV decision-making stack. In a conventional architecture, the global planner typically
generates a single nominal trajectory that is passed directly to the local controller. Following
the practice in (Rahmani et al., 2025), we instead assume that the global planner can generate
a set of feasible candidate trajectories and select among them according to specific evaluation
criteria. In our framework, this set of candidate trajectories is intercepted before reaching the
controller and evaluated by the human-reasons module. After scoring, the global planner se-
lects the trajectory with the highest alignment score, T ∗, and returns it to the standard control
pipeline for execution.

In this way, our method does not alter the control architecture itself; rather, it inserts a
normative evaluation layer that ensures Meaningful Human Control over the trajectory-selection
stage.
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Figure 4.1: Integration of the proposed human-reasons-based trajectory evaluation module into
a hierarchical AV control architecture. The module does not generate or select tra-
jectories; instead, it evaluates candidate trajectories produced by the global planner
for alignment with human reasons. The global planner then uses these scores to
select the trajectory that best satisfies both motion-planning and human-reason con-
siderations.

4.4 Experimental Setup

4.4.1 Overtaking Scenario Description

To demonstrate our reasons-based trajectory evaluation framework, we implement an ethically
challenging overtaking scenario involving three agents: a policymaker, a driver, and a cyclist.
The scenario is adapted from a real-world case FSDEvolution (2025), where Tesla’s Full Self-
Driving Beta chose to remain behind a cyclist on a no-passing road, while a human driver ahead
illegally overtook—highlighting tensions between safety, legality, and efficiency.

This situation reflects conflicts between regulatory compliance (policymaker), travel effi-
ciency (driver), and safety/comfort (cyclist). The AV must decide whether to stay behind or
overtake, trading off compliance for potential gains in efficiency. The AV encounters a slow-
moving cyclist (5 km/h) on a rural two-lane road (7 m wide, 3.5 m per lane) with no oncoming
traffic and a 30 km/h speed limit. A visual depiction, including the AV’s trajectories, is shown
in Fig. 4.2.

4.4.2 Agents and Their Reasons

Suryana et al. (2024) evaluated safety reason alignment in partially automated driving systems
using a simplified setting with two human agents and a single shared reason. While their study
introduced a foundational approach to reason-based evaluation, it did not address conflicts that
may arise between distinct agents with differing priorities.

To explore such conflicts, this work models three agents, each associated with their own
reason. These agents reflect a range of viewpoints commonly encountered in AV scenarios.
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Figure 4.2: Illustration of the vehicle-cyclist overtaking scenario showing the initial configura-
tion, possible trajectories, and relevant parameters.

While we focus on three agents for illustration, the framework can scale to any number of
human agents, as each agent is represented as a vector w ∈ Rn.

The policymaker (h1) prioritises regulatory compliance, such as maintaining lane discipline
and ensuring the vehicle returns to the correct lane after overtaking. The driver (h2) values time
efficiency, aiming to minimise delays caused by slower vehicles while still maintaining safety.
Meanwhile, the cyclist (h3) is concerned with safety and comfort, which includes maintaining
sufficient lateral clearance and expecting appropriate overtaking behaviour from surrounding
vehicles. Each agent uses a single reason (αi1 = 1) with equal initial weight (wi = 1/3). We
explore other weight configurations in a sensitivity analysis.

4.4.3 Candidate Trajectories

We define four candidate AV trajectories T = {T1,T2,T3,T4}, representing different patterns
of agent prioritisation in the overtaking scenario. These trajectories vary in clearance distance,
lane use, and alignment with the reasons of drivers, cyclists, and policymakers. Their generation
follows the procedure outlined by Rahmani et al. (2023), which provides a structured approach
for producing AV trajectories in interaction with surrounding agents. To generate these four
alternatives, we experimented with the heuristic function in the global planner introduced by
Rahmani et al. (2023); however, the details of this adaptation are beyond the scope of this
paper.1

Rather than presenting a binary decision, such as death or alive, this setup reflects the kind
of everyday ethical challenges AVs are more likely to encounter—such as balancing safety, le-
gality, and mobility. This design aligns with the critique of trolley problem framings offered by
Himmelreich (2018), who advocate for a shift towards mundane driving scenarios that require
context-sensitive reasoning rather than abstract moral binaries.

Figure 4.3 illustrates the four candidate trajectories considered in this study. The ego vehicle
is depicted as a black box, and the cyclist as a blue box. The solid blue line represents the

1Trajectory generation code: https://github.com/lucassuryana/AV-Simulation

https://github.com/lucassuryana/AV-Simulation


4.4.4 Evaluation Functions and Implementation 85

cyclist’s trajectory, assumed to continue forward at a constant speed. The four ego trajectories
(T1−T4) differ in their lateral clearance and overtaking behaviour:

• Trajectory 1 (T1): Small-gap overtaking — minimal clearance; prioritises driver conve-
nience, with limited regard for cyclist and policymaker considerations.

• Trajectory 2 (T2): Medium-gap overtaking — balanced clearance, moderate consideration
of cyclist and policymaker.

• Trajectory 3 (T3): Large-gap overtaking — wide clearance, prioritises cyclist comfort and
safety, least compliant with policymaker expectations.

• Trajectory 4 (T4): Conservative following — no overtake, prioritises legal compliance,
lowest consideration for driver efficiency.

Figure 4.3: Spatial visualisation of four candidate AV trajectories (T1–T4) relative to a cyclist.
The trajectories vary in lateral clearance and lane usage, reflecting different priori-
tisation patterns across safety, efficiency, and legal compliance.

4.4.4 Evaluation Functions and Implementation

Each agent’s evaluation is computed via a per-time-step function fib(sal,El, tl), introduced in
Section 4.3, and averaged over the trajectory duration (Equation 4.1). In our scenario, each
agent as described in Section ?? has a single reason (b = 1 and αib = 1); therefore, we denote
reason-evaluation functions as f1, f2, and f3 for readability.

Policymaker Evaluation Focusing on lane compliance, the policymaker’s evaluation is:

f1(sal,El, tl) =

{
1, dveh(sal)> 0,
ek1·dveh(sal), otherwise,

(4.8)
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where dveh(sal) is the lateral distance from the lane centerline, and k1 = 0.2 controls penalty
severity.

Driver Evaluation To model time efficiency, we define a cumulative follow time telapsed,l
(initialized as 0). It updates each step by ∆t if the AV is within ddriver of a cyclist: telapsed,l+1 =
telapsed,l +∆t if dvc ≤ ddriver, else unchanged.

The driver’s evaluation is:

f2(sal,El, tl) =


1, telapsed,l < tdriver

∨dvc > ddriver,
1

ek2(telapsed,l−tdriver)
, otherwise,

(4.9)

where dvc is the distance to the cyclist, and k2 = 0.2. This formulation is supported by be-
havioural studies showing that driver patience declines with prolonged close following. Naveteur
et al. (2013) link waiting time and time pressure to rising impatience. Together, these findings
justify modeling satisfaction as a decaying function of follow time.

Cyclist Evaluation The cyclist’s evaluation combines spatial safety and temporal comfort:

f3(sal,El, tl) = Rsa(sal,El) ·Rcp(sal,El, tfollow,l) (4.10)

Spatial safety component:

Rsa(sal,El) =

{
1, dvc > dth,

1
ek3(dth−dvc) , otherwise,

(4.11)

Spatial temporal comfort component: The follow time tfollow,l (initially 0) updates as tfollow,l+1 =
tfollow,l +∆t if dvc ≤ dth, else unchanged. The comfort score is:

Rcp(sal,El, tfollow,l) =


1, tfollow,l < tth

∨dvc > dth,
1

ek4(tfollow,l−tth)
, otherwise,

(4.12)

Constants: k3 = k4 = 0.2, ∆t is the time step, and dth, tth are the cyclist’s safety thresholds.
This formulation aligns with findings from Oskina et al. (2023), showing that cyclists adapt
behaviour—such as increasing speed and reducing lateral spacing—when followed for extended
periods, indicating rising discomfort and feeling unsafe.

4.4.5 Balance Function Implementation

As per Section 6.3, the balance function B(w,w∗) penalizes uneven agent weightings. For equal
weights (wi = 1/3), B = 1; for w2 = 0.6, w1 = w3 = 0.2, we get B = 0.487. Fig. 4.4 shows the
balance values across the weight simplex. The function peaks with equal influence and reaches
0 when any agent is excluded (wi = 0).
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Figure 4.4: Ternary plot showing the output of the balance function B(w) across combinations
of agent weights. Maximum balance occurs when all weights are equal.

4.5 Results

This section presents simulation results from the overtaking scenario, where each trajectory was
evaluated based on its alignment with agents’ reasons. Scores were computed both per agent
and in aggregate using equal weighting (wi = 1/3).

We first evaluate alignment under equal agent weighting. Figure 4.5 shows the evaluation
results for the four candidate trajectories. The final score S(Ta) quantifies how well each trajec-
tory aligns with the reasons of the policymaker, driver, and cyclist. The red region represents
the historical progression of reason-based scores and the triggering condition for supervision,
as established in previous work by Suryana et al. (2025d). Once the score drops below the
0.7 threshold, the system generates several alternative trajectories. The blue region then be-
gins—this marks the activation of our reason-based evaluation framework, which re-assesses
the new trajectories in terms of alignment with agents’ reasons.

Among the four options, Trajectory 1 (Small-Gap Overtake) achieves the highest overall
score under equal weighting, while Trajectory 4 (Conservative Following) records the low-
est. This suggests that in this context, overtaking with minimal clearance better satisfies the
tracking requirement across agents than remaining behind. However, trajectory rankings vary
significantly depending on how agents’ importance is weighted.

To explore this sensitivity, we varied two agents’ weights while keeping the third constant.
The resulting trajectory preferences are visualised in the ternary plot in Figure 4.6, illustrating
how the optimal choice depends on agent prioritisation.
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Figure 4.5: Trajectory scores for four candidate trajectories evaluated against agents’ reasons.
The red region shows historical score progression; the blue region begins when the
score drops below 0.7, prompting trajectory reevaluation.

Colored regions indicate which of the four trajectories achieves the highest score under each
weight configuration. Blue (Trajectory 1) reflects strong driver prioritisation; Yellow (Trajec-
tory 3) favors the cyclist; and Red (Trajectory 4) aligns with the policymaker. Other colors
represent tie cases. Notably, when one agent receives zero weight (along triangle edges), all
scores converge, and no clear preference emerges. White contour lines indicate score magni-
tudes; higher scores concentrate near regions of balanced agent influence.

These results highlight that minor shifts in agents’ weights can lead to discrete changes in
trajectory preference. Such critical thresholds underscore the ethical sensitivity of AV decision-
making and the importance of transparent value prioritisation.

4.6 Discussion

Our reasons-based evaluation framework enables automated vehicles (AVs) to assess candidate
trajectories by measuring their alignment with agents’ reasons. It assigns weights to each agent,
computes scores, and shows how different prioritisations influence decision outcomes.

Scenario illustration and normative tension: The simulation reflects the real-world case de-
scribed in Section 4.4.1, where strict rule-following created a misalignment between the AV’s
behaviour and the reasons of relevant agents. Through weighting, the framework captures such
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Figure 4.6: Agent Weight Sensitivity: Optimal Trajectory Selection Across Different Priority
Distributions

misalignments and demonstrates how adjusted priorities can lead to alternative trajectories.
These alternatives may involve short-term trade-offs but achieve closer alignment with agents’
collective reasons.

In the overtaking case, the chosen trajectory briefly enters the oncoming lane before return-
ing. Although it achieved the highest aggregate score, it violated traffic rules and conflicted
with public expectations of strict AV compliance (Leenes & Lucivero, 2014). Rather than en-
dorsing such violations, the framework highlights the tensions that arise when concerns beyond
regulation—such as safety and comfort—are taken into account. A similar dilemma appears
when a driver mounts a kerb to let an emergency vehicle pass: technically illegal, yet often seen
as serving the common good (Bonnefon et al., 2020).

This example also illustrates how ethical principles surface indirectly through agents’ rea-
sons and resulting trajectories. Prioritising safety and comfort reflects consequentialist reason-
ing, which focuses on outcomes. In contrast, prioritising regulation reflects deontological rea-
soning, which stresses rule adherence. The framework does not encode these theories directly,
but their influence becomes visible through structured reasoning and trajectory evaluation.

Flexibility in prioritisation: The overtaking case highlights one type of tension, but the
framework can also accommodate AV designs that prioritise strict regulatory compliance. Giv-
ing more weight to policymakers’ reasons naturally downplays comfort and efficiency. Yet
adjusting weights alone may not always change the decision. In some cases, the balance func-
tion B(w,w∗) must also be updated so that the evaluation favours regulatory compliance. This
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reflects the principle of tracking in Meaningful Human Control.

As shown in the ternary plot, even small weight adjustments can trigger abrupt shifts in
the selected trajectory. These threshold effects underline the importance of designing weight-
setting strategies carefully and, when needed, updating the balance function to match intended
design priorities.

Scalability and modular integration: Beyond single-case illustrations, the framework is
modular and can be added to existing AV motion-planning stacks. It operates as an evaluation
layer over candidate trajectories, enabling the selection of the option that best balances agents’
reasons. Because it works at the evaluation layer, the framework can integrate with both mod-
ular pipelines and end-to-end learning-based planners (Teng et al., 2023), without requiring
major changes to core control systems.

Transparency and interpretability: A further benefit is interpretability. By quantifying
agents’ reasons and assigning weights, the framework turns moral values into operational fac-
tors that directly influence trajectory selection. For example, if a chosen trajectory scores lower
on regulatory compliance but higher on safety and comfort, this trade-off can be surfaced and
examined.

Interpretability works in two directions. Forward interpretability checks whether trajec-
tory selection matches predefined agent priorities. Inverse interpretability, by contrast, infers
which weight configurations could have produced a given decision. Together, these support
transparency by design, as proposed by Felzmann et al. (2020).

This transparency could also benefit regulators. During type approval, for instance, author-
ities could use the framework to check whether an AV’s planned behaviour aligns with ethical
expectations such as fairness and accountability European Union (2018). They could do this
without access to proprietary source code, since the framework functions as a white-box layer
over decision outputs, revealing how behaviours reflect agents’ reasons.

Operationalising meaningful human control: In addition to interpretability, the framework
supports the tracking condition of Meaningful Human Control. The score function S(Ta) mea-
sures how well each trajectory aligns with human reasons, while the balance function B(w,w∗)
discourages ignoring any agent. By preventing complete exclusion, the framework helps ensure
that AV behaviour remains responsive to human reasons.

Limitations and future directions: Several limitations remain. First, the framework currently
assumes equal weighting across agents. While this simplifies evaluation, real-world contexts
often demand unequal prioritisation—for example, stronger emphasis on safety or regulation.
The balance function discourages exclusion but does not prescribe appropriate weight settings
or whether they should adapt dynamically. Future work should investigate principled methods
for assigning and adjusting weights.

Second, the framework assumes a correct mapping between agents’ reasons and their formal
representations. This overlooks interpretive challenges in human–AV interaction. For example,
regulatory compliance may be modelled as continuous, but some agents (such as law enforce-
ment) may view it as binary. Such mismatches could undermine perceived alignment. Future
studies should explore how humans interpret AV actions and whether they feel their reasons are
being tracked.

Third, our evaluation focuses on a simplified overtaking scenario involving one AV and one
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cyclist. It does not yet capture complex planning problems, such as dense traffic, multi-agent
negotiation, or long-term strategies. Extending the framework to richer scenarios would help
align it more closely with real-world challenges.

Finally, future work could apply the framework to trajectories generated by different plan-
ning systems to compare their ethical alignment. Beyond AVs, the approach could be gener-
alised to other robotic systems that rely on trajectory planning in ethically sensitive situations.

4.7 Conclusion

In this work, we presented a reasons-based trajectory evaluation framework for AVs that sup-
ports decisions aligned with human agents’ reasons. The framework enables principled com-
parison of candidate trajectories by quantifying their alignment with agent perspectives and
weighting them according to assigned priorities. Our results show that no single trajectory is
universally optimal across scenarios. Instead, the best choice depends on how agent weights are
configured, with different weighting schemes leading to different outcomes. This highlights the
importance of carefully defining agent priorities and examining how these priorities shape AV
decision-making. The framework also improves transparency by making the reasoning behind
trajectory selection explicit and by supporting validation under the tracking principle of mean-
ingful human control. Although our evaluation is simulation based, the findings demonstrate
the framework’s value as a tool for assessing how AV decisions reflect agent reasons and pro-
vide a foundation for future empirical studies. Further work should investigate how to derive
agent weights empirically, test the framework in real-world AV decision-making, and explore
its applicability to other robotic systems.





Chapter 5

Perceptions of Safety and Trust in
Meaningful Human Control

This chapter examines how the concept of Meaningful Human Control (MHC) relates to
drivers’ subjective perceptions of safety and trust in partially automated driving systems. While
previous chapters focused on the design and computational implementation of human-reason-
based frameworks, this chapter initiates the evaluation aspect of the thesis by asking how well
the tracking condition of MHC is satisfied in real-world driving experiences. Using qualitative
interview data from Tesla “Full Self Driving” (FSD) Beta users, it explores how the system
tracks drivers’ reasons for action, such as braking and lane changing, and how this ability relates
to users’ perceived safety and trust. The analysis identifies alignment points between perceived
safety, trust, and the degree of MHC, as well as cases where misalignment occurred despite
technically safe behaviour. These findings reveal how factors such as reliability, transparency,
and ease of driver intervention shape users’ experience of control and trust in automation.

Chapters 5 and 6 draw on the same dataset of 103 semi-structured interviews with Tesla
FSD Beta and Autopilot users, originally collected to develop a conceptual framework for au-
tomation disengagement (Nordhoff, 2024). Both chapters rest on two premises. First, failures
of automated systems to track drivers’ reasons may underlie drivers’ disengagement from the
supervisory role. Second, no existing automated driving system has been designed under MHC
principles, yet any automated driving system inherently satisfies the tracking condition to some
extent (Mecacci & Santoni de Sio, 2020), making real-world systems appropriate for evaluating
how far current practice falls from the MHC standard. This chapter focuses on the tracking
condition, examining how alignment between system behaviour and drivers’ reasons relates to
perceived safety and trust. This chapter initiates the evaluation aspect of the thesis by examining
MHC from the perspective of user experience rather than system design.

This chapter is based on the following paper, published at the 2024 IEEE Intelligent Vehicles
Symposium (IV):
Suryana, L. E., Nordhoff, S., Calvert, S. C., Zgonnikov, A., and van Arem, B. (2024). A Mean-
ingful Human Control Perspective on User Perception of Partially Automated Driving Systems:
A Case Study of Tesla Users. In Proceedings of the 2024 IEEE IV (pp. 409–416). IEEE.
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5.1 Abstract

The use of partially automated driving systems raises concerns about potential responsibility
issues, posing risk to the system safety, acceptance, and adoption of these technologies. The
concept of meaningful human control has emerged in response to the responsibility gap prob-
lem, requiring the fulfillment of two conditions, tracking and tracing. While this concept has
provided important philosophical and design insights on automated driving systems, there is
currently little knowledge on how meaningful human control relates to subjective experiences
of actual users of these systems. To address this gap, our study aimed to investigate the align-
ment between the degree of meaningful human control and drivers’ perceptions of safety and
trust in a real-world partially automated driving system. We utilized previously collected data
from interviews with Tesla “Full Self-Driving” (FSD) Beta users, investigating the alignment
between the user perception and how well the system was tracking the users’ reasons. We
found that tracking of users’ reasons for driving tasks (such as safe manoeuvres) correlated
with perceived safety and trust, albeit with notable exceptions. Surprisingly, failure to track
lane changing and braking reasons was not necessarily associated with negative perceptions of
safety. However, the failure of the system to track expected manoeuvres in dangerous situa-
tions always resulted in low trust and perceived lack of safety. Overall, our analyses highlight
alignment points but also possible discrepancies between perceived safety and trust on the one
hand, and meaningful human control on the other hand. Our results can help the developers
of automated driving technology to design systems under meaningful human control and are
perceived as safe and trustworthy.

5.2 Introduction

The increasing use of automated driving systems raises concerns about potential responsibil-
ity issues, which can impact safety, adoption, and acceptance of these systems (Nyholm &
Smids, 2020; Calvert et al., 2020b). In particular, delegating control to automated systems, ei-
ther partially or fully, could create responsibility gaps —- situations where no human agent is
responsible for the behaviour of the system (Matthias, 2004; Santoni de Sio & Mecacci, 2021).
The concept of meaningful human control (MHC) recently gained prominence in addressing
the responsibility gap problem (Santoni de Sio & Van den Hoven, 2018; de Sio et al., 2023;
Mecacci et al., 2023).

This concept posits that humans, not artificial agents, should remain morally responsible for
the behaviour of automated systems (Santoni de Sio & Van den Hoven, 2018). This entails that
(partially or fully) automated systems should be designed in such a way that humans interacting
with the systems maintain some form of meaningful control over the system behaviour, even
when not in operational control of the system (Santoni de Sio & Van den Hoven, 2018). Recent
work on operationalizing meaningful human control made steps towards specific frameworks
and design principles for developing automated driving systems (Heikoop et al., 2019; Calvert
et al., 2020a; Cavalcante Siebert et al., 2023). However, there is currently a lack of understand-
ing of how meaningful human control relates to subjective experiences of actual humans, in
particular human drivers/users of driving automation.

In this paper, we aim to investigate the alignment between the degree of meaningful human
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control and drivers’ perceptions of safety and trust in a real-world partially automated driving
system. To this end, analyzing subjective evaluation data from participants with real driving
experience is crucial.

In this research, we analyzed previously collected data from interviews with Tesla FSD Beta
users (Nordhoff & De Winter, 2023) from the meaningful human control perspective. From
this data, we gathered information when the participants indicated their perception of trust and
safety while describing the behaviour of the automated driving technology. Then, we analyzed
that information by classifying whether the behaviour of the vehicles was tracking the users’
reasons, along with the corresponding perception of trust and safety.

5.3 Related work

5.3.1 Meaningful human control of automated driving systems

Santoni de Sio & van den Hoven (Santoni de Sio & Van den Hoven, 2018) provide a compre-
hensive philosophical account of two conditions for a system to be under meaningful human
control. First, the tracking condition requires that a system should be capable of responding
to relevant moral, strategic, and intentional reasons of humans in the environment where the
system operates. Second, the tracing condition implies that a system should be designed in a
way that allows tracing back the outcome of its operation to at least one human in the loop of
control. The tracking condition has been operationalized for partially automated driving sys-
tems (Mecacci & Santoni de Sio, 2020), connecting strategic and tactical reasons with Michon’s
classical theory of the driving task (Michon, 1985). In this approach, the tracking condition is
satisfied when the behaviour of the automated driving system aligns with the moral (e.g. re-
specting regulations), strategic (e.g., going home), tactical (e.g., overtaking), and operational
(e.g., steering) reasons of relevant humans (e.g., the driver). For instance, if a driver has a
tactical reason to change lanes smoothly, the system should perform a lane change considered
smooth by the driver. Findings from (Mecacci & Santoni de Sio, 2020) have then been used as
a basis for design guidelines on human-automation interaction in mixed-traffic (Mecacci et al.,
2023). Furthermore, (Calvert & Mecacci, 2020) applied these findings to create a quantitative
formulation for vehicle control.

5.3.2 User perception of safety and trust in automated driving systems

Studies consistently demonstrate that drivers’ perceptions, particularly their perceptions of safety
and trust, significantly influence their willingness to adopt automated driving systems (Ljubi &
Groznik, 2023; Montoro et al., 2019). However, such studies have so far been mostly lim-
ited to driving simulator experiments and public surveys (Koglbauer et al., 2018; Bellet et al.,
2022), which warrants caution in assuming that the results accurately reflect real-world driv-
ing experiences. A systematic review of driving simulator experiments revealed variations in
the representations (Wynne et al., 2019). Furthermore, many survey studies primarily relied
on drivers’ imaginative perceptions and expectations of automated vehicles, lacking practical
experience and detailed knowledge about the vehicles’ functionality (Lee et al., 2023). Survey
studies also have disadvantages in terms of information access, reliability, and validity (Burcu,



96 5 Perceptions of Safety and Trust in Meaningful Human Control

2000). For this reason, in this work we focus on semi-structured interview data collected previ-
ously (Nordhoff & De Winter, 2023) that avoids these issues but also provides in-depth insight
into the tactical reasons of users.

5.4 Methodology

5.4.1 Vehicle behaviour

In this work, we connect the concept of meaningful human control to perceived safety and trust
via the behaviour of automated driving systems. According to (Nordhoff & Hagenzieker, 2024),
automation capabilities, including behaviours such as lateral-longitudinal control and collision
avoidance, influence the level of perceived safety and trust. These behaviours closely parallel
the behaviours of a system that should adhere to the tracking condition, aligning with relevant
human reasons. To the best of our knowledge, no existing automated driving systems have been
designed with the concept of meaningful human control in mind. Nevertheless, any automated
driving system inherently satisfies the tracking condition to some extent (Mecacci & Santoni de
Sio, 2020). Therefore, our focus in this paper will be on the tracking condition. When we refer
to reasons being tracked or not tracked in subsequent sections, it implies whether the vehicle
can fulfill the expected tactical or operational reasons of the driver.

The vehicle behaviour analyzed in this research is related to the driving tasks of vehicles
equipped with automated driving technology. When drivers discussed how the vehicle per-
formed the driving task, it indicated whether the vehicle tracked their reasons or not. Given that
the subject of this research is SAE Level 2 vehicles, our focus was on examining the driving
tasks that automated driving technologies can perform according to the SAE standard (SAE
International, 2021). According to this standard, vehicles should have driving assistance fea-
tures, such as adaptive cruise control and lane centering, at the same time. However, most of
the participants did not explicitly mention the names of these features when explaining the be-
haviour of FSD Beta and standard Autopilot and their perceived safety and trust. Therefore,
we only highlighted driving tasks that encompass these features, namely steering, braking, and
accelerating.

5.4.2 Data

In this study, we utilized transcribed conversation data from (Nordhoff & De Winter, 2023).
Our analysis covered aspects that were not discussed in previous research that used this data
(Nordhoff & De Winter, 2023; Nordhoff et al., 2023; Nordhoff & Hagenzieker, 2024). The data
comprised responses from 103 respondents in the FSD Beta program, collected through inter-
views using a semi-structured protocol that included a total of 35 questions, comprising both
open-ended and closed-ended questions. The questions consisted of five sections: general ex-
perience, perceptions of vehicle operation, perceptions of safety, exploration of trust level, and
typical vehicle usage. The interviews were conducted via Zoom and the participants were re-
cruited through social media. On average, each interview lasted 78 minutes and yielded approx-
imately 12,200 words. Following quality checks, which involved the removal of non-English
interview data and addressing missing transcriptions, only 99 interview data were deemed suit-
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able for further analysis in this research. We only used the answers to the open-ended questions
because the purpose was to look for reasons that were only mentioned when the participants
explained them. Throughout the interviews, both video and conversation were recorded. The
interviewer’s role was limited to reduce the possibility of bias.

5.4.3 Data processing

Based on the collection of documents where the transcribed conversation data was saved, we
further processed the data so that it could be used for further analysis in our keyword search
algorithm. We processed each transcript by applying a series of text preprocessing steps: re-
moving newline characters, adding spaces between digits and alphabets, and combining these
operations to create a cleaned version of the conversation. The text was then tokenized using
the ‘word tokenize‘ function in NLTK (https://www.nltk.org) to break it into individual words.
Subsequently, a text cleaning function was applied, removing short words, eliminating spurious
characters, transforming letters to lowercase, and removing stopwords and specific words de-
fined in the process, such as the names of participants. The final step involved lemmatization,
which normalizes the tokens using NLTK’s WordNet lemmatizer. To illustrate, consider a sam-
ple text such as ”So changing lanes and avoiding blind spot collisions is very, very good here.
I’m maintaining speeds and safe speeds.”. After applying the data processing, the lemmatized
tokenized data results will be formatted as a list: [’changing’, ’lane’, ’avoiding’, ’blind’, ’spot’,
’collision’, ’good’, ’maintaining’, ’speed’, ’safe’, ’speed’].

5.4.4 Seed words and keyword search

To identify instances in the transcribed conversation data where interview participants men-
tioned the driving tasks and their perceived safety and trust, we employed seed words and a
keyword search algorithm with the data. Seed words were defined as individual terms asso-
ciated with driving tasks, perceived safety, and trust. For driving tasks, we defined the seed
words as the verb corresponding to each driving task, except for steering. The choice of the
seed word ”steer” was often connected to the expression ”steering wheel,” which was not our
focus. Therefore, we sought alternative terms describing the steering process, namely ’change
lane’ and ’keep lane’. Defining seed words is an iterative step, aligning with Watanabe & Zhou
(2022)’s suggestion to derive seeds based on the researcher’s subject knowledge. For perceived
safety and trust, we adapted the seed words used by Nordhoff & Hagenzieker (2024). Sub-
sequently, our keyword search algorithm, which operates by using the defined seed words as
keywords, was employed to identify instances in each conversation where participants men-
tioned these seed words. We chose keyword search over manual inspection because relevant
content could potentially span across various answers to different questions, and the consider-
able length of the conversations made manual inspection impractical. The seed words and the
algorithm can be found in Table 5.1 and Algorithm 5.1. In Table 5.1, the use of ’and’ indicates
that both words must be present for the keyword search algorithm, while the use of ’or’ indicates
that the presence of either one is sufficient. As an example, assume we have a list of lemmatized
tokenized data: [’vehicle’, ’good’, ’brake’, ’really’, ’hard’, ’try’, ’make’, ’left’, ’turn’, ’reason’,
’turn’, ’blinker’, ’quick’, ’definitely’, ’make’, ’feel’, ’unsafe’, ’house’, ’spot’, ’signal’, ’make’,
’better’, ’before’]. We are looking for words discussing perceived safety and trust, particularly
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those related to braking. We set ’brake’ as the seed word for braking and ’safe,’ ’happy,’ ’relax,’
’comfort,’ ’glad,’ ’trust,’ ’distract,’, ’rely,’ and ’trustworthy’ as seed words for perceived safety
and trust. The algorithm goes through the list, searching for occurrences of these seed words.
When it finds one occurrence in one of the seed words, for instance, the word ’brake’, it will
expand the search over the next 20 words, resulting in a new list of words [’brake’, ’really’,
’hard’, ’try’, ’make’, ’left’, ’turn’, ’reason’, ’turn’, ’blinker’, ’quick’, ’definitely’, ’make’, ’feel’,
’unsafe’, ’house’, ’spot’, ’signal’, ’make’]. Then, the algorithm checks for any words related to
the seeds of perceived safety and trust, and it identifies the word ’safe’ inside the term ’unsafe’.
Now, there are two occurrences of seed words in the list, and the list will be retrieved.

Algorithm 5.1 Keyword Search Algorithm
Require: Seed words seeds, tokenized data tokenList, buffer size bu f f erSize
Ensure: Retrieved list L

1: bu f f erSize← 20
2: L← [ ] ▷ empty list
3: threshold← |seeds| ▷ number of distinct seed words
4: for index← 1 to |tokenList| do
5: token← tokenList[index]
6: if token ∈ seeds then
7: end←min(index+bu f f erSize, |tokenList|)
8: tokenBu f f er← tokenList[index : end]
9: seedCount← ∑

s∈seeds
1[s ∈ tokenBu f f er ]

10: if seedCount > threshold then
11: append tokenBu f f er to L
12: end if
13: end if
14: end for

Table 5.1: Seed words

Category Sub-category Seed words

Driving
tasks

Accelerating accelerate
Braking brake
Lane changing lane and change
Lane keeping lane and keep

Perceived safety –
safe or happy or relax
or comfort or glad

Trust –
trust or distract or rely
or trustworthy or comfort

After defining seed words and implementing keyword search, we qualitatively classified
perceptions by analyzing the word context surrounding the keywords in the transcribed con-
versations. The classification process began with an initial assessment conducted by the first
author. Subsequently, to minimize subjectivity in categorization, discussions were held with the
co-authors to ensure alignment with others’ perspectives. These discussions involved verifying
whether the systems tracked participants’ reasons during actions such as braking and determin-
ing whether the braking process indicated positive or negative perceptions of safety and trust.
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5.5 Results

After performing the keyword search algorithm and qualitative classification, we obtained the
results displayed in Table 5.2. The first column represents the driving tasks of the automated
driving systems. The second column classifies perceived safety and trust into four categories:
safe, unsafe, trust, and lack of trust. The numbers in the third and fourth columns indicate
whether the vehicle satisfied the tracking condition of meaningful human control (i.e., tracked
or did not track the participant’s reasons).

In addition to summary statistics (Table 5.2), we qualitatively analyzed the instances of
participants’ perceptions of driving tasks performed by automated driving systems, along with
details regarding whether their reasons were tracked or not. As the primary focus of this re-
search was to investigate the alignment between tracking and perceived safety and trust, we
specifically chose parts of the results that fall within the same category for each perception for
further analysis. We developed three categories by examining the pattern of reasons tracked and
not tracked for each perception. The first category, ’Controversy,’ includes perceptions where
both reasons were tracked and not tracked. The second and third categories, ’Reasons mostly
tracked’ and ’Reasons mostly not tracked,’ show perceptions where the majority of reasons
were either tracked or not tracked.

Table 5.2: Driving task and user perception analysis results

Driving tasks Perception Reasons
tracked

Reasons
not tracked

Accelerating

Safe 2 2
Unsafe 0 8
Trust 1 0
Lack of trust 0 4

Braking

Safe 19 7
Unsafe 0 21
Trust 8 2
Lack of trust 1 5

Lane
changing

Safe 9 4
Unsafe 0 5
Trust 4 0
Lack of trust 0 0

Lane
keeping

Safe 11 0
Unsafe 0 3
Trust 9 0
Lack of trust 0 0

5.5.1 System perceived as safe

The results showed that when the participants perceived the driving tasks of accelerating, brak-
ing, and lane changing as safe, there were instances where their reasons were tracked and not
tracked.
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Controversy: lane changing

The participants mentioned thirteen instances where they felt safe with the systems. Nine in-
stances indicated that the systems tracked participants’ reasons, while the rest did not. One
participant emphasized that significant improvements in automatic lane changes contributed to
their sense of safety. Previously, their vehicle would perform several unsafe lane changes, but
now it has become as safe as their own driving. Another participant simply did not want to be
bothered with lane-changing, as they believed that the systems worked properly and safely.

• ”I do feel safe when it’s doing automatic lane changes, and that’s a massive improvement
since when it first was released, it used like almost every autopilot lane change when it
first came out. Would be cutting someone off. Pulling into a lane with someone rapidly
approaching or some other form of unsafe lane change now..The automatic lane change
feature is.. about as safe as I am. (R007)”

• ”I don’t want to be bothered with changing lanes.. So from my perspective, let the car do
it. I know the car is safe, it will do it properly. (R035)”

Four participants mentioned that they felt safe even though their reasons were not tracked.
One of them described how the vehicles kept their turn signals differently from human drivers,
but they believed it was because the system was a better driver. Another participant felt safe
and shared an occasion where they were impressed with how the system took a lane. They were
initially unsure if it was a faster lane, but it turned out to be correct several seconds later.

• ”I feel safe when I am on the freeway.. it’s s better driver than I am at taking turns on the
freeway.. Changing lanes.. I like how it keeps his turn signal on all the way through the
entire lane change and sometimes human drivers will just do a couple blinks. (R043)”

• ”I do feel safe with autopilot.. but I feel like it’s more of a clever thing like it makes really
interesting decisions.. like changing into a lane that doesn’t yet appear to be faster, but
it says it’s changing into a faster lane and then 10 seconds later it is the faster lane.. au-
topilot picked the correct lane and it does it so many times it’s like it can’t be coincidence.
(R074)”

Controversy: braking

Participants mentioned nineteen instances where the system tracked their reasons. One partic-
ipant emphasized feeling safe due to the automated driving system’s ability to slam the brakes
faster than they could react. Another participant indicated a feeling of relaxation, which is
linked to the perception of safety, as it reduced repetitive driving tasks during traffic jams. For
example:

• ”Completely safe.. You know, it slammed on the brakes when the guy in front of me
slammed on the brakes, faster than I could. (R084)”

• ”It can just kind of help you relax a bit.. one time I was stuck in a traffic jam and autopilot
was nice because.. I didn’t have to.. put the gas on and then put the brake on and then
put the gas on in there.. like over and over and over again. (R059)”
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However, seven instances were perceived as safe situations even when participant’s reasons
were not tracked. Two participants felt safe in braking scenarios, like sudden brakes or brakes
that were too slow in their perception, because they could quickly take over. For example:

• ”I keep my foot almost always on the gas pedal so that if it brakes suddenly, I can quickly
override it.. That’s how I feel very safe. (R047)”

• ”So if I’m coming up on a stop sign and it’s not slowing down soon enough for what I
would expect, then I will manually hit the brakes and disengage.. I’ve never felt unsafe
though and using it. (R087)”

Reasons mostly tracked: lane keeping

When the participants perceived lane keeping as safe, all instances showed that their reasons
were tracked. Participants mentioned eleven instances where the automated driving system’s
lane keeping tracked their reasons and gave them safe perceptions. One participant described
that they felt safe because the systems reduced their main workload so that they did not have to
pay attention to lane keeping. Another participant mentioned that the systems did a very good
job of lane keeping. For example:

• ”I feel like Autopilot makes me safer because it reduces my workload.. in terms of lane
keeping mainly.. It makes me feel more comfortable as a driver just because I don’t have
to pay attention to the lines on the road. (R024)”

• ”I feel safe when autopilot and FSD beta..they’re not perfect, but yes. They do a very
good job of keeping you in your lane. (R099)”

5.5.2 System perceived as unsafe

When the participants perceived all driving tasks as unsafe, all instances showed that their
reasons were not tracked.

Reasons mostly not tracked: lane changing

When the participants explained the situations in which they felt unsafe while changing lanes,
the automated driving systems did not track their reasons at all. One of the participants men-
tioned that they did not feel safe because the system did not have human-like behaviours. They
further emphasized that it was too fast or too close to other vehicles at stop signs or traffic
lights. Another participant highlighted that they could feel safer if the systems could adapt to
how humans drive and incorporate a more human-like feeling into them.

• ”How do you feel when you feel safe or unsafe?.. once they start getting to the point
where it has more human like behaviours and doesn’t have those.. conflicts in what it’s
seeing and hitting the brakes or making a turn, you know, changing lanes. (R081)”
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• ”Having a limit on acceleration when changing lanes.. might make sense in kind of a
textbook way of safety driving.. it does not match up with the way that humans drive and
how you should be adapting to how humans drive.. putting in some more.. natural feeling
or more human feeling.. would make me feel safer.” (R050)

Reasons mostly not tracked: accelerating

No reasons were tracked when the participants indicated that they felt unsafe with the automated
driving system’s acceleration. Out of eight instances where they described feeling unsafe, their
reasons were not tracked. One of them mentioned that the vehicle did not feel like a safe driver
because it did not blend its speed to accelerate with the flow of traffic. Another participant felt
unsafe when merging on the highway because the vehicle did not do a good job of accelerating
to match the other vehicle.

• ”It would be safer for the car to accelerate more just with the flow of traffic.. just being
able to kind of blend in with the drivers around you, I think as part of being a safe driver.
And so since our still situations where the car will not speed up when appropriate or when
safe, I’m going to say that there are safety issues. (R050)”

• ”But when I’m merging on to the highway. That’s when I feel the most unsafe because it
it will get on to the on ramp. Accelerate to match the speed of the other vehicles, which it
doesn’t really good job of. (R074)”

5.5.3 Trust

Our results indicate that participants had trust in the automated driving system’s braking in
eight instances when their reasons were tracked and in two instances when their reasons were
not tracked.

Controversy: braking

The participants described instances when they had high and low levels of trust in the brak-
ing experience. When they mentioned that they had trust in the automated driving systems,
their reasons were tracked eight times, and two times their reasons were not tracked. Things
that made the participants trust the automated driving systems were their capability to brake
according to the traffic rules and brake to stop better than themselves.

• ”One advantage of the larger Autopilot is that it can automatically stop at traffic lights.
That works pretty well too. It’s comfortable. (R047)”

• ”Stays safe distances I have been in on-air state whenever they just slammed on their
brakes and it has stopped very well. Probably better and I would have done. I would
have panic stopped and it stopped perfectly. Maintains a good distance. Ohh. So yes, I
trust it. (R062)”
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However, there were also instances when they had trust even though the vehicle did not track
their reasons. One participant mentioned that even though they intervened in some instances
where they felt unsafe, they felt more comfortable the more they drove because the level of
perceived safety changed over time. Another participant described a situation where they hit
the brake to avoid a long truck but still felt comfortable with the system. They attributed this
comfort to the benefit of feeling less tired, even though they still needed to monitor the system.

• ”So whenever I feel unsafe or even uncertain, I’ll.. tap the brakes or move the stock up..
it’s not difficult for me to do that.. I go in and out of FSD all the time, and that’s how I
handle this issue of when I don’t feel safe.. As your perceived safety changed over time..
the more I drive it, the more comfortable I get.” (R103)

• ”That truck tried to turn into my lane and the car. I didn’t realize that it was a really long
trailer. So I had to just slow it down, hit the brake, but so you can get pretty comfortable
with it and pretty relaxed. I would say you know, so still watching, but it’s it actually
you’re less tired when you get where you’re going.” (R100)

Reasons mostly tracked: lane changing

Nevertheless, when the participants had trust in the driving tasks of accelerating, lane changing,
and lane keeping, all instances indicated that all of the participants’ reasons were tracked. Dur-
ing lane-changing situations, participants mentioned four instances where their reasons were
tracked and they had a higher level of trust. One participant initially faced trust issues with
the system because it frequently placed them in the wrong lane. However, after an update
that required confirmation before lane changes and smooth experiences, the participant’s trust
started to build. Another participant described a trust-building process with a software upgrade,
allowing the system to perform complex manoeuvres in city traffic.

• ”You frequently get in the wrong lane.. And so I did all the driving through there. Uh,
because I didn’t trust Autopilot.. but by then I gained some confidence in the lane chang-
ing.. so I let it tell me when to change lanes and I just confirmed it.. do the lane changing.
It was the smoothest trip I’ve ever taken. (R010)”

• ”I got the full self-driving upgrade software.. and then I had to get used to it. Changing
lanes had to get used to it, doing on ramps and off ramps.. And then I went to FSD beta.
And then now I’ve got to be able to.. trust and get used to the car doing city traffic and
these very complex interceptions, these complex intervals (R048)”

5.5.4 Lack of trust

When participants expressed lower trust in the automated driving system’s braking, one instance
showed that their reasons were tracked, while five instances indicated that their reasons were
not tracked.
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Reasons mostly not tracked: braking

Participants who felt lack of trust described that the systems failed to track their reasons. They
mentioned that they did not trust the automated driving systems because the systems could
make unexpected wrong decisions very fast, such as braking when there was a pedestrian on
the crosswalks. Another participant described that they did not trust the systems when entering
a highway because the systems did not brake when there was not much of a gap.

• ”I don’t fully trust it when it’s active.. it can just do something wrong very fast.. you just
do not expect it. For example, if it sees a pedestrian.. on the crosswalk, it’ll kind of just
slam on the brakes. (R065)”

• ”You’re gonna turn onto that highway.. It will creep forward.. it’ll sometimes creep into
the other highway. So you have to hit the brakes, or it’ll appear to start going when
there’s not much of a gap, so you slam on the brakes again. So I don’t trust it. (R010)”

However, in one instance, the systems tracked their reasons. The only participant who felt
lack of trust, even though the systems tracked their reasons, mentioned they admitted Autopilot
may react and brake faster than a human, but they felt uncertain because they still needed to
rely on themselves.

• ”I think the Autopilot may even be better than a human, and if we take emergency braking,
then it can probably react and brake faster than me or certainly close to that, but.. you
have to assess the situation, then it’s uncertain, and that’s why I always have to rely on
myself. (R015)”

5.6 Discussion

5.6.1 Alignment between tracking and perception of safety

Perceived safety

Our results revealed that participants could feel that lane-changing and braking behaviours of
the vehicle were safe, even when the reasons were not being tracked (the ‘controversy‘ cate-
gory). Additionally, we also found the ’reasons mostly tracked’ category, where participants
perceived lane-keeping tasks as safe, and all their reasons were tracked. Participants who felt
safe with lane changing observed better vehicle performance in tracking their reasons, noting
that actions like acceleration, deceleration, and lane changes were as safe as manual driving.
This aligns with Koglbauer et al. (2018), where positive experiences with vehicle adaptation led
to increased perceived safety and trust. The system’s performance in lane-changing, braking,
and lane-keeping tasks influenced participants’ safety perceptions by meeting expectations and
providing a relaxed driving experience with less difficulty and workload. According to Xu et al.
(2018), reliable experiences with self-driving vehicles increased trust, perceived usefulness, and
perceived ease of use. This likely explains why participants believed the system was safe.
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On the other hand, feeling safe doesn’t always mean that the automated driving systems
tracked all their reasons; there were instances of lane-changing and braking tasks where track-
ing failed. One participant noted that braking was too slow for them, indicating their expected
deceleration reason was not tracked. However, they felt safe as long as they were ready to take
over. When the driver realized operational reasons for deceleration were not fulfilled, they of-
ten took control. The participant also reported no difficulties with the takeover process. Ma
& Zhang (2021) found that aggressive drivers were more likely to take control when driving
defensively programmed automated vehicles (AVs), potentially explaining the frequent initia-
tion of takeover processes by drivers. The study also revealed that perceived safety levels were
similar when aggressive drivers operated both aggressive and defensive AVs. Despite this, the
safety score remained higher than when defensive drivers operated aggressive AVs, potentially
explaining the continued feeling of safety.

The other instances indicated that the vehicle acted differently from what they expected,
but it still led to perceived safety because they believed it was a better driver. The experience
of many unexpected manoeuvres that turned out to be correct decisions also influenced their
belief. The more the vehicles behaved according to the expected reasons, the more they gained
trust from the driver. This trust would make people perceive the system as safe, even if it fails
to track their reasons. This is in line with the findings on the effect of reliable experiences
with trust that the system is safe (Xu et al., 2018). Thus, we found indications that tracking
driver expectations, such as performing safe manoeuvres like lane-keeping, braking, and lane-
changing like human drivers, positively correlated with perceived safety. However, failure to
track reasons for lane changing and braking was not necessarily associated with perceived lack
of safety; it depended on other factors like the numerous reliable experiences, the driver’s trust
level, and ease of taking over control.

Perceived lack of safety

We observed instances where participants felt unsafe during accelerating and lane-changing
experiences. Interestingly, in all these instances, the systems failed to track their reasons. Par-
ticipants noted that the vehicles did not drive in a manner consistent with human behaviour.
According to Peng et al. (2022), human drivers express a higher comfort level with systems that
mimic human driving. In this research, we linked the term ’comfort’ to the perception of safety
and trust, aligning with our observations. Another instance occurred when the vehicle failed to
adjust its speed to match the surrounding vehicles during merging or while on the road. It seems
that when the vehicle does not track the driver’s reasons in situations involving other vehicles
that might lead to dangerous situations, it contributes to the perception of being unsafe. This
observation aligns with findings from Borowsky et al. (2010), which suggest that drivers tend
to intensely pay attention to potential dangers with other vehicles in specific traffic situations,
such as merging roads. Our findings suggest that the failure of automated driving systems to
track drivers’ reasons for human-like acceleration and lane-changing behaviours in potentially
dangerous traffic situations can contribute to perceived lack of safety.
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5.6.2 Alignment between tracking and level of trust

Trust

Our findings highlighted that participants could exhibit trust in vehicle’s behaviour during brak-
ing tasks regardless of whether their reasons were tracked (the ‘controversy‘ category). Addi-
tionally, we observed another category: ’reasons mostly tracked,’ where participants expressed
higher trust in lane changing, and all of their reasons were tracked. We further examined situ-
ations where participants demonstrated a higher level of trust in both braking and lane chang-
ing, analyzing scenarios where their reasons were tracked. In these instances, participants em-
phasized that their positive experiences with the system’s performance in intended situations
contributed to a higher level of trust. Again, this is in line with the finding from Koglbauer
et al. (2018). Furthermore, the transparency experienced during lane changes, where the driver
could anticipate the direction of the vehicle’s lane change and had the chance to confirm it,
significantly contributed to building the driver’s trust. This aligns with a study by Nordhoff &
Hagenzieker (2024) that indicates transparency positively impacts trust levels. Additionally, it
supports findings from Detjen et al. (2021), suggesting that using displays to indicate manoeu-
vre intentions increases overall transparency in the driving experience.

In contrast, there were instances where participants expressed trust even though the auto-
mated driving systems failed to track their reasons for braking tasks. Despite encountering
situations where the vehicle made them feel unsafe, the participants maintained their trust in
the system due to the ease of taking over and the relaxed experience it provided. When the
driver took over control of the system, we expected they did that to reduce the perceived risk
they faced. As they had ease of taking over, they could reduce the perceived risk. According to
Zhang et al. (2019) and He et al. (2022), perceived safety risk has a negative correlation with
trust. Thus, these findings might justify why the driver kept feeling safe because they could
take over control to reduce the perceived risk, thereby increasing their trust level. Furthermore,
the relaxed experience with the system suggests that participants have previously had positive
experiences, contributing to a higher level of trust (Xu et al., 2018). These situations could
recover the trust that might temporarily decline during the takeovers or failure of the systems to
track the participant’s reasons (Kraus et al., 2020).

We found indications that tracking driver expectations, including improved manoeuvre exe-
cution and human-like performance in intended traffic situations in lane-changing and braking
tasks, positively relates to trust. Additionally, transparency, which does not relate to tactical
or operational reasons, was also positively associated with trust. Notably, the failure to track
reasons for braking tasks did not always result in the lack of trust; factors such as positive
experiences and the ease of taking over control played a crucial role here.

Lack of trust

Our analysis showed situations where participants reported a lower level of trust in braking
tasks; their reasons were always not tracked in such cases. Participants expressed concerns
that the system could make unexpected decisions, potentially leading to collisions with other
vehicles, thereby reducing their trust. In one contrasting case, a participant had lack of trust,
but their reasons were tracked. They believed the system could outperform humans in reaction
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time and braking. However, the uncertainty introduced by the need to assess situations led
them to consistently rely on themselves. Manufacturers of automated driving systems explicitly
instructed FSD Beta program users to maintain constant attention and be ready to act at any
time (Nordhoff et al., 2023). This requirement might explain their lack of trust, as it implies
reliance on personal judgment.

5.6.3 Limitations

First, the data in this research focused on drivers’ subjective perceptions which may not accu-
rately reflect the actual on-road situation (e.g., findings from von Stülpnagel & Lucas (2020)
indicate that subjective risk can significantly differ from actual crash risk). Future research
should investigate telemetry data in addition to subjective reports. Second, we limited the tac-
tical and operational reasons for relevant human agents only to the driver’s perspective. How-
ever, many other agents (e.g., vehicle manufacturers and other road users) could and should
have meaningful human control over automated driving systems (Mecacci & Santoni de Sio,
2020). We recommend further research to evaluate the tracking of the reasons of other relevant
human agents for a more holistic analysis. Third, our results (e.g., Table 5.2) might not have
fully captured the entirety of the participants’ responses. The use of seed words may restrict
instances that are essentially the same but articulated with different words. We recommend in-
corporating a more extensive set of alternative seed words, especially in the context of driving
tasks, for more comprehensive results. Fourth, our findings are limited by the small number of
participants in the FSD Beta program. Future research should aim for a more diverse sample en-
compassing a wider range of manufacturers and participants to better represent the population.
Finally, the qualitative nature of our evaluation presents challenges in scalability, particularly
when confronted with a larger database of interviews. Given the expansive volume of data, our
current methods may prove impractical to implement.

5.7 Conclusions

This study investigated the alignment between tracking component of meaningful human con-
trol and user perception of safety and trust. Successfully tracking drivers’ reasons for driving
tasks, such as safe manoeuvres, performance improvement, and transparency, positively influ-
enced the perception of safety and trust levels. However, the failure to track reasons for lane
changing and braking tasks did not necessarily result in negative perception of safety and low
trust. Factors such as the ease of taking over control and reliable experiences contributed to
drivers feeling safe and maintaining trust. Nevertheless, the failure to track drivers’ reasons for
expected movements and human-like behaviours in potentially dangerous traffic situations was
associated with perceived lack of safety and low trust. Our results can help the developers of
automated driving technology to design systems that are under meaningful human control and
are perceived as safe and trustworthy.





Chapter 6

Subjective Assessment of Meaningful
Human Control

This chapter offers an empirical assessment of Meaningful Human Control (MHC) in par-
tially automated driving systems, with particular attention to drivers’ perceptions of safety and
trust in their interactions with automation. Building on the conceptual and empirical founda-
tions established in Chapter 5, it extends the analysis from perceived safety and trust to a com-
prehensive assessment of MHC compliance through both the tracking and tracing conditions.
Using a dataset of 103 semi-structured interviews with users of Tesla’s Autopilot and Full Self-
Driving (FSD) Beta systems, the chapter examines how real-world user experiences align with
theoretical MHC principles. The analysis uncovers key influences on perceived meaningful hu-
man control, such as system reliability, driver vigilance, and moral awareness of responsibility.
By operationalising tracking and tracing into qualitative evaluation criteria, the chapter reveals
how drivers interpret their supervisory role and how automation design shapes the distribution
of responsibility between human and machine.

The conclusion that Tesla’s systems do not fully meet MHC requirements should be under-
stood as a diagnostic finding. The value of the analysis lies not in the fact of non-compliance,
which could be anticipated given a system design that assigns all formal responsibility to the
driver while keeping decision logic opaque, but in the specific dynamics that empirical analy-
sis reveals: which safety features produce tracking gaps and under what conditions, how trust-
induced complacency erodes tracing compliance at the behavioural level despite drivers’ formal
awareness of their supervisory responsibility, and why assigning formal responsibility alone is
insufficient to achieve meaningful human control in practice. This chapter advances the evalua-
tion aspect of the thesis by extending the user-centred analysis of MHC from tracking alone to
the combined assessment of tracking and tracing.

This chapter is based on the following paper, published in Transportation Research Part F:
Traffic Psychology and Behaviour:
Suryana, L. E., Nordhoff, S., Calvert, S. C., Zgonnikov, A., and van Arem, B. (2024). Meaningful
Human Control of Partially Automated Driving Systems: Insights from Interviews with Tesla
Users. Transportation Research Part F, Vol. 113, pp. 213–236.
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6.1 Abstract

Partially automated driving systems are designed to perform specific driving tasks—such as
steering, accelerating, and braking—while still requiring human drivers to monitor the environ-
ment and intervene when necessary. This shift of driving responsibilities from human drivers to
automated systems raises concerns about accountability, particularly in scenarios involving un-
expected events. To address these concerns, the concept of meaningful human control (MHC)
has been proposed. MHC emphasises the importance of humans retaining oversight and re-
sponsibility for decisions made by automated systems. Despite extensive theoretical discussion
of MHC in driving automation, there is limited empirical research on how real-world partially
automated systems align with MHC principles. This study offers two main contributions: (1)
an empirical evaluation of MHC in partially automated driving, based on 103 semi-structured
interviews with users of Tesla’s Autopilot and Full Self-Driving (FSD) Beta systems; and (2)
a methodological framework for assessing MHC through qualitative interview data. We opera-
tionalise the previously proposed tracking and tracing conditions of MHC using a set of eval-
uation criteria to determine whether these systems support meaningful human control in prac-
tice. Our findings indicate that several factors influence the degree to which MHC is achieved.
Failures in tracking—where drivers’ expectations regarding system safety are not adequately
met—arise from technological limitations, susceptibility to environmental conditions (e.g., ad-
verse weather or inadequate infrastructure), and discrepancies between technical performance
and user satisfaction. Tracing performance—the ability to clearly assign responsibility—is af-
fected by inconsistent adherence to safety protocols, varying levels of driver confidence, and
the specific driving mode in use (e.g., Autopilot versus FSD Beta). These findings contribute
to ongoing efforts to design partially automated driving systems that more effectively support
meaningful human control and promote more appropriate use of automation.

6.2 Introduction

Partially automated driving systems—classified as SAE Level 2 automation—are designed to
assist drivers with specific tasks such as steering, accelerating, and braking, while still requir-
ing human drivers to maintain vigilance and be prepared to take control when necessary (SAE
International, 2021). The deployment of these systems raises critical questions about the al-
location of driver responsibility, especially in unexpected situations. Recent fatal collisions
involving Tesla’s Autopilot and Ford’s BlueCruise have brought these concerns to prominence,
particularly in instances where neither the driver nor the system adequately responded to visible
obstacles (National Transportation Safety Board, 2017, 2018; Robins-Early, 2024). Currently,
manufacturers such as Tesla explicitly assign oversight responsibility to the driver, as clearly
stated in official safety documentation, which instructs users to remain attentive and ready to
intervene when required (Tesla, 2024a). Consequently, a driver’s failure to take timely correc-
tive action may render them liable in the event of a collision.

However, supervising partially automated driving systems presents significant challenges
for human drivers (Martinho et al., 2021). Empirical studies involving Tesla Autopilot users
have shown that prolonged exposure to reliably performing Level 2 automation often results
in ”passenger-like viewing behaviours,” including extreme cases such as drivers sleeping at the
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wheel (Nordhoff et al., 2023). These behaviours illustrate the risks associated with overreliance
on automation, leading to reduced attention and increased distraction. This phenomenon echoes
Bainbridge’s seminal analysis of the ”ironies of automation,” which demonstrated how automa-
tion can undermine operator engagement, foster overdependence, and degrade manual driving
skills over time Bainbridge (1983). Supporting this perspective, Banks et al. (2018b) found that
drivers responsible for monitoring partially automated systems frequently become complacent,
raising concerns about their capacity to intervene effectively. Banks further argued that attribut-
ing fault to drivers for failures arising from the design and implementation of Level 2 and Level
3 systems is ethically questionable. Moreover, research indicates that drivers of partially auto-
mated vehicles are often held disproportionately accountable for collisions, even in situations
where system limitations significantly constrain their ability to respond (Li et al., 2016; Awad
et al., 2020; Beckers et al., 2022). These findings underscore ongoing concerns regarding the
fair distribution of responsibility in the context of partially automated driving.

6.2.1 Meaningful Human Control

Delegating control to automated systems—those capable of executing tasks with varying de-
grees of autonomy, ranging from partial to full automation—may give rise to responsibility
gaps, in which it becomes unclear which human agent should be held accountable for the out-
comes of the system’s actions (Matthias, 2004; Santoni de Sio & Mecacci, 2021). To address
this challenge, the concept of meaningful human control (MHC) has gained increasing promi-
nence in scholarly debates on responsibility attribution within automated contexts (Santoni de
Sio & Van den Hoven, 2018). Originally proposed in relation to autonomous weapon sys-
tems (Docherty, 2015), MHC emphasises the principle that humans must retain some degree
of control over automated decisions to remain morally and legally accountable for the system’s
behaviour (Santoni de Sio & Van den Hoven, 2018).

Although MHC was initially formulated in the context of fully automated systems—those
functioning without human intervention, such as SAE Level 5 vehicles—it has since been ex-
panded to encompass a broader range of automated technologies, including systems that still
require human supervision, such as partially automated driving systems (Mecacci & Santoni de
Sio, 2020). This wider applicability is particularly relevant in road transport, where system
deployment must consider not only the vehicle’s operational capabilities but also the complex
nature of the transport ecosystem, including interactions with human drivers, pedestrians, cy-
clists, infrastructure, and the inherently unpredictable dynamics of traffic and weather.

To enhance understanding of how MHC applies across different levels of vehicle automa-
tion, the CCAM Taxonomy provides a useful conceptual framework (Connected Automated
Driving, 2024). According to this classification, SAE Level 5 vehicles are fully autonomous
and operate without any human intervention. In contrast, SAE Levels 1 to 4 represent varying
degrees of automation, each requiring some level of human oversight. For instance, Level 1
systems incorporate minimal automation, such as basic cruise control, while Level 4 systems
are highly automated but may still necessitate driver intervention under certain conditions.

Designing automated systems in accordance with the principles of meaningful human con-
trol (MHC) is essential for addressing responsibility gaps—particularly in contexts where eth-
ical decision-making depends upon clearly defined parameters for human intervention and ac-
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countability (Cavalcante Siebert et al., 2023; Santoni de Sio & Mecacci, 2021). Even when
human operators are not directly managing a system’s real-time functions, they must retain
meaningful control over its behaviour to ensure ongoing oversight and the appropriate assign-
ment of responsibility.

While there is broad consensus in the literature regarding the importance of maintaining
MHC in the context of automation (Mecacci & Santoni de Sio, 2020; Cavalcante Siebert et al.,
2023; Calvert et al., 2024), there is less agreement on how MHC should be conceptualised and
implemented (George et al., 2023; Santoni de Sio & Van den Hoven, 2018; Kwik, 2022; Steen
et al., 2023). Despite these differing interpretations, Robbins (2023) identify the framework
developed by Santoni de Sio & Van den Hoven (2018) as a valuable foundation for designing
systems in line with MHC principles. In their work, Santoni de Sio & Van den Hoven (2018)
proposed a philosophical framework through which systems can be evaluated for meaningful
human control, outlining two key conditions that must be satisfied: tracking and tracing.

The tracking condition requires that automated systems respond appropriately to the relevant
reasons of the human agents involved in their design and deployment. These ”reasons” can be
understood as expectations—that is, the considerations that justify how an automated system
ought to behave to align with human values, objectives, and societal norms (Veluwenkamp,
2022). For clarity, the term expectations” will be used throughout this paper to refer to these
reasons. In essence, the tracking condition stipulates that the behaviour of automated systems
should reflect the expectations of the relevant human stakeholders.

The tracing condition, by contrast, requires that automated systems be designed in a manner
that enables their actions to be attributed to at least one human agent involved in their develop-
ment or operation. Tracing presupposes the existence of an individual who not only understands
the system’s functionality but also accepts moral responsibility for its behaviour.

Taken together, the tracking and tracing conditions proposed by Santoni de Sio & Van den
Hoven (2018) provide a foundational conceptual framework for operationalising meaningful
human control in cooperative and automated driving contexts (Calvert & Mecacci, 2020), as
well as for the broader design and engineering of automated systems, including automated
vehicles (Cavalcante Siebert et al., 2023).

6.2.2 Evaluation of MHC over partially automated driving systems

To ensure that MHC principles are upheld, comprehensive assessments of partially automated
driving systems are essential. This involves examining how well these systems comply with
MHC principles by evaluating both the tracking and tracing conditions (Mecacci & Santoni de
Sio, 2020). In the context of automated driving systems, tracking emphasises that the system
should respond to the expectations of its designers and the humans who interact with it. For
example, if a driver of a partially automated system expects the system to comply with road
regulations, the system should behave in accordance with those regulations to effectively track
the driver’s expectations.

Tracing, on the other hand, requires that at least one human agent involved in the design
or operation of the system understands its capabilities and accepts moral responsibility for its
actions. In the context of automated driving systems, this means that drivers must be fully
aware of their supervisory role and receive adequate training to supervise and intervene when
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necessary (Cabrall et al., 2019).

Several studies evaluating MHC have employed the tracking and tracing framework as a
basis for analysis. For instance, Calvert et al. (2020b) used the framework to evaluate partially
automated driving systems, while Calvert et al. (2021) applied these criteria to assess coopera-
tive vehicles and truck platooning systems.

While these contributions offer valuable insights into the assessment of partially automated
driving systems, they primarily rely on hypothetical scenarios or post-incident analyses. No-
tably absent from much of the existing literature are the subjective experiences of real-world
users of such systems. Yet these experiential insights are critical for understanding how users
interact with automated driving technologies in everyday contexts. This perspective is essential
for ensuring appropriate system use, a core element of both MHC and broader traffic safety
considerations (Cavalcante Siebert et al., 2023).

Recent work by Suryana et al. (2024) has begun to address this gap by examining drivers’
perceptions of safety and trust in relation to the tracking dimension of MHC. However, com-
prehensive evaluations of MHC compliance—encompassing both the tracking and tracing con-
ditions—based on users’ subjective experiences remain limited in the current literature.

6.2.3 Research Gaps and Objectives

1. Theoretical Gap: There is a lack of clarity regarding the application of tracking and
tracing methodologies to assess MHC in real-world driving contexts. This issue is par-
ticularly critical, as previous studies have demonstrated that drivers frequently exhibit
unsafe behaviours—such as complacency, falling asleep behind the wheel, or engaging in
non-driving activities—while using automated systems (Wörle & Metz, 2023; Nordhoff
et al., 2023). Such behaviours challenge adherence to MHC principles and raise concerns
about whether these systems are genuinely under meaningful human control in everyday
driving scenarios.

2. Practical Gap: Existing assessments of MHC have largely neglected the subjective expe-
riences of drivers operating partially automated systems in real-world settings. For exam-
ple, the ways in which drivers perceive their supervisory role, interpret system behaviour,
and how their perceptions of accountability evolve over time remain insufficiently ex-
plored. These experiential factors are essential for determining whether partially auto-
mated systems are truly under meaningful human control.

3. Methodological Gap: Current approaches to evaluating MHC often overlook critical
elements of human-automation interaction. They fail to investigate whether the sys-
tem’s performance consistently aligns with human expectations, or whether drivers fully
comprehend their responsibilities and are capable of reclaiming control when necessary.
These limitations hinder the effective evaluation of meaningful human control in real-
world driving contexts.

To address these gaps, this study applies the framework of MHC to real-world driving con-
texts, drawing on previously collected interview data from users of Tesla Autopilot and Full
Self-Driving Beta systems (Nordhoff et al., 2023). By moving beyond hypothetical scenarios
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and post-accident analyses, this research offers a dynamic assessment of MHC in everyday
driving situations. It further investigates how drivers perceive their responsibility in supervising
automation, the evolution of their trust and safety perceptions, and how they interpret system
behaviour—dimensions that have been largely neglected in prior evaluations. Finally, by em-
ploying a qualitative methodology that captures the nuanced and context-dependent nature of
human-automation interaction, this study provides a more comprehensive approach to evaluat-
ing MHC compliance. Collectively, these contributions deepen the understanding of meaning-
ful human control in partially automated driving systems, offering valuable insights for both
theoretical development and practical design improvements aimed at enhancing the safety and
accountability of driving automation.

6.3 Method

6.3.1 Dataset

This study draws on a dataset comprising 103 semi-structured interviews with active users of
Tesla’s Autopilot and Full Self-Driving (FSD) Beta systems. The interviews focused on partici-
pants’ real-world experiences and interactions with these technologies, capturing a broad range
of topics including perceived safety, trust, control, and responsibility.

Although participants were not explicitly introduced to the concept of Meaningful Hu-
man Control (MHC), the interviews contained numerous responses that align with its theo-
retical components—specifically, aspects related to tracking (e.g., alignment between system
behaviour and human expectations) and tracing (e.g., attributions of responsibility and con-
trol). This made the dataset well-suited for retrospective analysis through the lens of the MHC
framework.

Details regarding recruitment and study procedures are provided in the following subsec-
tions.

Recruitment

The dataset utilised in this study was collected through a recruitment process and interview
procedure approved by the Human Research Ethics Committee of Delft University of Technol-
ogy (ID: 2316). Participants were initially identified through special interest groups related to
Tesla vehicles on various social media platforms, including Discord, Facebook, Twitter, Red-
dit, YouTube, Instagram, Tesla Motors Club, and the Tesla Motors Forum. Snowball sampling
was subsequently employed, with participants referring others via email. As Full Self-Driving
(FSD) Beta was available only to residents of North America and Canada during the study
period, recruitment efforts were predominantly focused on these regions. Eligibility for partic-
ipation was determined based on self-reported access to Autopilot and FSD Beta. FSD Beta
users were individuals selected by Tesla according to safety scores and ownership status. Prior
to granting access, Tesla provided the following usage guidelines to FSD Beta users:

”Full Self-Driving is in limited early access Beta and must be used with additional caution.
It may do the wrong thing at the worst time, so you must always keep your hands on the wheel
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and pay extra attention to the road. Do not become complacent. When Full Self-Driving Beta is
enabled, your vehicle will make lane changes off highway, select forks to follow your navigation
route, navigate around other vehicles and objects, and make left and right turns. Use Full
Self-Driving Beta only if you will pay constant attention to the road, and be prepared to act
immediately, especially around blind corners, crossing intersections, and in narrow driving
situations. Every driver is responsible for remaining alert and active when using Autopilot
and must be prepared to take action at any time. As part of receiving FSD Beta, your vehicle
will collect and share VIN-associated vehicle driving data with Tesla to confirm your continued
eligibility for FSD Beta feature. If you wish to be removed from the limited early access FSD
Beta please email xxx.”

Procedure

Interviews were conducted remotely via Zoom, with both audio and video recordings. To ensure
consistency and minimise interview bias, a predefined interview protocol was developed using
Qualtrics (https://www.qualtrics.com). The link to the protocol was shared with participants
via Zoom’s chat function at the commencement of the interview, enabling them to follow the
questions and progress through them independently. This approach was specifically designed
to reduce the interviewer’s potential influence on participants’ responses.

At the outset of the interviews, participants provided their informed consent to take part in
the study. The first section of the interview primarily comprised open-ended questions, focus-
ing on participants’ perceptions and experiences with Autopilot and Full Self-Driving (FSD)
Beta, including aspects such as feelings of safety, trust, and typical usage (see B). For example,
participants were asked to describe situations in which they felt unsafe using these systems, as
well as how their trust and safety perceptions evolved over time. The second section of the in-
terview comprised closed-ended questions concerning participants’ socio-demographic profile,
travel behaviour (e.g., age, gender, education level, frequency of Autopilot/FSD Beta use), and
their general attitudes towards traffic safety.

The interviewer’s role was primarily observational, intended to minimise bias by allowing
participants to navigate the questionnaire independently. However, follow-up questions were
posed to clarify responses or explore new themes that emerged during the interview. Participants
were also encouraged to skip any questions that had already been addressed. The interviews
lasted an average of 78 minutes, resulting in approximately 12,200 words of transcribed data.

To ensure the integrity of the data, four interviews conducted in German were excluded from
the analysis to avoid potential issues associated with missing transcriptions or mistranslations
that could arise from translating the responses into English. Consequently, 99 of the original
103 interviews were considered suitable for further analysis.

6.3.2 Data analysis

An evaluation framework for MHC was developed to assess whether Tesla’s Full Self-Driving
(FSD) Beta and Autopilot systems align with the expectations of relevant human agents (track-
ing), and to what extent individuals involved in the operation and design of these systems un-
derstand their capabilities and recognise their moral accountability for the systems’ actions
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(tracing). This evaluation follows a structured five-step process, as detailed below.

MHC Component Identification

Tracking Component: (1) Human Agents and (2) Their Expectations In this step, we
identified the human agents and their safety expectations in order to evaluate tracking alignment.
Using the MHC taxonomy as a framework (Figure 6.1), we defined two categories of human
agents based on their relationship with the system: drivers, classified as proximal internal agents
(those who interact directly with the system), and manufacturers, classified as distal internal
agents (those responsible for designing and regulating system functionality). We also defined
their safety expectations as tactical expectations, reflecting real-world interactions. Specifi-
cally, drivers expected the system to prevent accidents (e.g., by providing collision warnings
or automatically applying the brakes in emergency situations), while manufacturers expected
the system to comply with safety standards (e.g., meeting regulatory requirements for collision
avoidance). This categorisation provided a structured framework for evaluating whether system
behaviour aligns with the safety expectations of these human agents.

Figure 6.1: Taxonomy of tracking and tracing, adapted from the work of Calvert & Mecacci
(2020)

Tracking Component: (3) Features That Influence Vehicle Behaviour In addition to defin-
ing human agents and their expectations, this step also identifies the active safety features in
Tesla’s Autopilot and FSD Beta systems that directly influence the vehicle’s behaviour and con-
tribute to meeting safety expectations. These features act as key indicators of how effectively
the system tracks and responds to the expectations of human agents.

• Automatic Emergency Braking (AEB): Detects vehicles or obstacles in the vehicle’s path
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and applies the brakes if necessary.

• Forward/Side Collision Warning (F/SCW): Alerts the driver to potential collisions with
slower-moving or stationary vehicles or obstacles alongside the vehicle.

• Blind Spot Monitoring (BSM): Warns the driver when a vehicle or obstacle is detected in
the blind spot during lane changes.

• Lane Departure Avoidance (LDA): Applies corrective steering to assist in keeping the
vehicle within its intended lane.

These features were selected because they directly influence the vehicle’s behaviour and are
critical for ensuring safety in real-world driving scenarios. By focusing on these features, we
were able to assess how effectively the system tracks and responds to the expectations of human
agents, thus providing a robust foundation for evaluating alignment with the MHC principle.

Tracing Component To evaluate tracing, it is necessary to identify a human agent who un-
derstands the system’s capabilities and recognises their moral accountability in the design and
operation of the system. In the case of Tesla, we selected the driver as the accountable human,
as the company explicitly assigns this responsibility to drivers through its operational guide-
lines (Tesla, 2024b). Prior to engaging Autopilot, drivers must agree to ‘keep their hands on the
wheel at all times’ and to ‘remain in control of and responsible for their vehicle at all times.’
This requirement highlights the driver’s role as the primary human responsible for overseeing
system performance and intervening when necessary.

Defining MHC Evaluation Criteria

Tracking Evaluation Criteria To assess whether Tesla’s Autopilot and Full Self-Driving
(FSD) Beta systems align with human agents’ safety expectations, we adapted two evaluation
criteria: Safety of the Intended Functionality (SOTIF) (International Organization for Standard-
ization, 2019) and Perceived Safety and Trust (PST). The SOTIF framework was selected be-
cause evaluating the safety of automated driving systems necessitates a standardised approach,
while PST was included because even technically safe systems may fail to align with human
expectations if their behaviour is perceived as unpredictable or unreliable.

These criteria were chosen to evaluate both the technical performance of the system and
the subjective experiences of drivers. For SOTIF, we employed an adjusted version, termed ad-
SOTIF, to compare drivers’ descriptions of system behaviour with Tesla’s official specifications.
If the system’s behaviour aligned with the manufacturer’s descriptions, it was classified as ad-
SOTIF (+); deviations were classified as ad-SOTIF (-).

For PST, we assessed drivers’ perceptions of safety and trust based on their interview re-
sponses. As our study evaluates safety expectations through driver perceptions, PST serves as
a proxy for assessing tactical expectations, as depicted in the tracking taxonomy in Figure 6.1.
Trust was incorporated as a criterion due to its strong positive relationship with perceived safety,
given that trust is often modelled as a function of perceived safety (Nordhoff et al., 2021). This
approach enabled us to capture additional facets of drivers’ safety experiences that may not be
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explicitly expressed through the word “safe” in interviews, thereby providing a more compre-
hensive understanding of their perceptions. Positive perceptions, such as feelings of reliability
or confidence, were classified as PST (+), while negative perceptions, such as distrust or feelings
of risk, were classified as PST (-).

This dual approach enabled us to assess both the technical alignment of the system with
its intended functionality and the subjective experiences of drivers, thereby ensuring a com-
prehensive evaluation of whether the system meets the safety expectations of both drivers and
manufacturers.

Tracing Evaluation Criteria To evaluate driver compliance with tracing requirements, we
derived three criteria from Tesla’s usage guidelines (Nordhoff et al., 2023), as outlined in Sec-
tion 6.3.1, and aligned them with the MHC tracing taxonomy (Calvert & Mecacci, 2020). These
criteria include: knowledge (staying alert and keeping hands on the steering wheel), capability
(performing corrective actions), and moral awareness (maintaining operational responsibility).

Table 6.1: Tracing evaluation criteria

Criteria Details

Knowledge
(1) To stay alert and
(2) To keep both hands on the steering wheel

Capability To be able to perform corrective action
Moral awareness To maintain operational responsibility

These instructions provide the foundation for operationalising the criteria. For instance,
the requirement to “keep hands on the wheel” was categorised under knowledge, while “be
prepared to act immediately” was mapped to capability. By grounding the criteria in both
Tesla’s instructions and the MHC framework, this step ensures a structured evaluation of driver
compliance with tracing requirements. The criteria are summarised in Table 6.1.

Locating MHC-Related Content

The process of locating MHC-related content in the interview data depends on whether the ques-
tions are already aligned with the tracking and tracing evaluation criteria. In instances where
the questions were not directly related, additional steps were required to identify and extract rel-
evant content. For example, in our study, the interview questions were not explicitly designed
to address tracking criteria, necessitating a more detailed preprocessing and keyword search
approach. This method was essential due to the unstructured nature of the data, and keyword
searches enabled us to systematically identify segments of the interviews that discussed specific
safety features (e.g., Automatic Emergency Braking or Lane Departure Avoidance). In contrast,
the tracing criteria were addressed through specific questions in the interview protocol, facili-
tating the direct extraction of relevant responses. Below, we outline the distinct methodologies
used for locating content related to tracking and tracing.
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Locating Tracking-Related Content: Data Preprocessing To systematically identify tracking-
related content in the interview data, we began by preprocessing the transcribed text, transform-
ing it into word tokens and applying several cleaning steps. Preprocessing ensures that only
meaningful content is retained, eliminating noise that could affect the accuracy of subsequent
keyword searches. In line with best practices in text analysis (Banks et al., 2018a; Hickman
et al., 2022), we used the NLTK Python package (NLTK Project, 2024) to perform the follow-
ing steps: (1) removal of newline characters and extra spaces, (2) tokenisation into individual
words, (3) elimination of short words (< 2 characters) and long words (> 30 characters), num-
bers, and punctuation, (4) conversion to lowercase and filtering of English stopwords, and (5)
lemmatisation to normalise words to their root forms. For example, the sentence One advantage
of the larger Autopilot was that it could automatically stop at traffic lights. was transformed
into the list [’one’, ’advantage’, ’larger’, ’autopilot’, ’automatically’, ’stop’, ’traffic’, ’lights’].
This preprocessed dataset was then utilised in subsequent keyword searches.

Locating Tracking-Related Content: Identifying Seed Words To identify tracking-related
content, we selected seed words associated with the four active safety features (AEB, F/SCW,
BSM, and LDA), which act as indicators of relevant discussions within the interview data.
These safety features represent broader themes, while the seed words serve as specific indicators
to help locate pertinent content. Adopting a knowledge-based approach (Watanabe & Zhou,
2022), we chose initial seed words—such as ”emergency,” ”braking,” ”collision,” ”warning,”
”blind spot,” and ”lane departure”—based on their strong association with these safety features.

Once the initial seed words were selected, we applied the pre-trained Global Vector (GloVe)
model in Python to enhance the seed word set. The GloVe model, a machine learning technique
for generating word embeddings, was employed to identify synonyms and semantically related
terms that may not have been initially considered. Details of the pre-trained model and setup in-
structions are available at the official GloVe project page (https://nlp.stanford.edu/projects/glove/).
This enrichment process strengthened the robustness of the keyword search by ensuring that a
broader range of relevant terms could be identified within the interview data. For example,
the seed word “braking” was enriched with terms such as “deceleration,” “traction,” and “ac-
celeration,” while “collision” was expanded to include “accident,” “collide,” and “crash.” The
final enriched seed word set was then used in a systematic search to locate content pertinent
to the active safety features. Table 6.2 presents a detailed overview of the initial and enriched
seed words, illustrating the outcomes of this process. By combining both expert knowledge and
machine learning techniques, this step ensured that the keyword search algorithm effectively
identified relevant interview content.
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Table 6.2: Seeds related to active safety features

Category Sub-category Knowledge-based seeds Seeds for keyword search
Active safety
features

AEB emergency AND braking (emergency OR urgent OR disaster OR
immediate OR assistance) AND (brak-
ing OR deceleration OR steering OR
traction OR acceleration)

F/SCW collision AND warning (collision OR accident OR collide OR
crash OR head-on OR mishap) AND
(warning OR warn OR alert OR indica-
tion OR danger OR caution)

BSM blind AND spot AND monitor (blind OR mistaken OR sight OR im-
possible) AND (spot OR place OR there
OR where) AND (monitor OR tracking
OR surveillance OR alerting OR evalu-
ation OR utilization)

LDA lane AND keeping (lane OR road OR freeway OR cross-
ing OR roadway OR highway OR ramp)
AND (keeping OR kept OR keeps OR
putting OR bringing OR maintain)

Locating Tracking-Related Content: Keyword Search Algorithm To systematically iden-
tify tracking-related content in the interview data, we applied a keyword search algorithm pro-
posed by Suryana et al. (2024), which utilises enriched seed words to detect relevant segments.
This algorithm was applied to the lemmatised tokens generated during the data preprocessing
phase. It employed the enriched seed words, generated by the GloVe model, to scan the to-
kenised data and identify segments where the seed words appeared (see Algorithm 6.1).

The algorithm incorporated logical operators to refine the search process. The ‘OR’ oper-
ator allowed the inclusion of synonyms for the seed words, while the ‘AND’ operator ensured
that paired seed words, as defined in Table 6.2, appeared together within a 20-token sliding
window in the lemmatised, tokenised data. The choice of a 20-token window was informed by
prior work (Suryana et al., 2024), which demonstrated that this window size effectively captures
meaningful contextual relationships between related terms in similar textual analyses. For in-
stance, when applying the knowledge-based seed words for AEB, “emergency” and “braking,”
the algorithm would detect the occurrence of the word “emergency” in the token sequence and
then scan the subsequent 20 tokens to check for the presence of the paired seed word “braking.”
If both seed words were found within this 20-token window, the corresponding segment of the
original transcribed interview would be extracted for further analysis using classifications such
as ad-SOTIF(+), ad-SOTIF(-), PST(+), or PST(-).

Locating Tracing-Related Content: Direct Extraction from Interview Responses To iden-
tify and extract interview segments related to the tracing evaluation criteria defined in Step 2,
we focused on responses to specific questions in the interview protocol: Q25, Q26, Q34, and
a question concerning the maintenance of control and responsibility (see Section B). For ex-
ample, Q25 asked, ”Do you typically keep your hands on the steering wheel at all times?” and
Q26 asked, ”Are you typically fully attentive and alert at all times?”, both of which directly
relate to drivers’ knowledge. Similarly, Q34 (”Do you typically stay prepared to take corrective
actions at all times?”) provided insights into drivers’ capability. The question regarding the
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Algorithm 6.1 Keyword Search Algorithm (Suryana et al., 2024)
Require: Seed words (seeds), tokenised data (tokenList), Buffer size (bufferSize)
Ensure: Retrieved list (list)

1: bufferSize← 20
2: list← []
3: threshold← ∑(seed ∈ seeds)
4: for all (token, index) ∈ tokenList do
5: if token ∈ seeds then
6: tokenBuffer← tokenList[index : index+bufferSize]
7: seedCount← ∑seed∈seeds

(
seed ∈ tokenBuffer

)
8: if seedCount > threshold then
9: list← tokenBuffer

10: end if
11: end if
12: end for

maintenance of control and responsibility was not explicitly stated in Appendix B, but it could
be inferred from drivers’ responses. For instance, when drivers read the question aloud and
responded with statements such as, ”Do not maintain control and responsibility for my car? I
strongly disagree,” it addressed the moral awareness criterion, ensuring that drivers recognised
their accountability for the system’s behaviour. The extracted responses were then prepared for
qualitative assessment, facilitating a focused and efficient evaluation of drivers’ understanding
of their responsibilities.

MHC Evaluation

Tracking Evaluation: Content Analysis Following the extraction of tracking-related con-
versation segments in Step 3, a content analysis was conducted to classify the content based
on the evaluation criteria defined in Step 3: ad-SOTIF and PST. The objective of this step was
to determine whether Tesla’s Full Self-Driving (FSD) Beta and Autopilot systems comply with
the tracking requirements of the MHC framework.

For ad-SOTIF, we compared drivers’ descriptions of active safety features in the interview
data with the intended functionalities outlined on Tesla’s official website (Tesla, 2024a). If
the descriptions aligned with the manufacturer’s specifications, the features were classified as
ad-SOTIF (+). For instance, if a driver described Automatic Emergency Braking (AEB) as
functioning consistently with Tesla’s description (e.g., braking automatically when an obstacle
is detected), this was categorised as ad-SOTIF (+). Conversely, if drivers reported discrepancies
or failures in system behaviour (e.g., AEB not activating when required), the features were
classified as ad-SOTIF (-).

For PST, we evaluated drivers’ perceptions of safety and trust based on their interview re-
sponses. To assess trust, we identified terms such as “depend,” “rely,” and “trust,” which in-
dicated whether drivers had a positive level of trust in the system. Similarly, terms related to
safety, such as “relax,” “risk,” and “safe,” were used to gauge drivers’ perceived safety. These
terms were selected based on established questionnaires for evaluating trust (Choi & Ji, 2015)
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and perceived safety (Xu et al., 2018). If drivers expressed confidence in the system’s reliability
and felt safe using it, the content was classified as PST (+). For example, a driver stating, “I
feel relaxed using Autopilot because it handles most situations well,” would be categorised as
PST (+). In contrast, if drivers expressed distrust or felt unsafe (e.g., “I don’t trust the system to
handle sudden stops”), the content was classified as PST (-).

This qualitative analysis enabled us to classify the extracted content into four categories:
ad-SOTIF(+), ad-SOTIF(-), PST(+), and PST(-). By combining these classifications, we were
able to assess not only the technical alignment of the system with its intended functionality but
also the subjective experiences of drivers. This dual approach ensured a comprehensive eval-
uation of whether the system meets the safety expectations of both drivers and manufacturers,
as outlined by the MHC framework. The results of this analysis provided a structured basis for
understanding how well Tesla’s systems track and respond to human agents’ needs, highlighting
both areas of alignment and potential gaps.

Tracing Evaluation: Thematic Analysis To evaluate whether drivers’ experiences with Tesla’s
Autopilot and FSD Beta systems comply with the tracing evaluation criteria, we conducted a
thematic analysis of their responses. This involved categorising responses into subcategories
that reflected drivers’ understanding of their responsibilities, knowledge, and capabilities. Fol-
lowing inductive coding principles (Nordhoff, 2024), we performed open coding, reviewing the
extracted responses line-by-line to identify recurring themes, such as “keeping hands on the
wheel,” “monitoring the road,” or “feeling responsible for interventions.” These themes were
then grouped into broader subcategories based on their similarities and distinctions. For in-
stance, responses mentioning “hands on the wheel” and “staying alert” were grouped under a
subcategory such as Compliance with Hands-on Requirements. To ensure robustness, we re-
tained only those subcategories mentioned by at least five drivers, as this frequency threshold
helped validate the relevance and significance of each subcategory. In cases where a single
quote applied to multiple subcategories, each relevant subcategory was assigned a frequency
count of one. This systematic approach ensured that the subcategories were both data-driven
and representative of drivers’ experiences, providing a structured foundation for further analy-
sis.

Illustrative Quotes

Tracking Quotes Representative quotations were selected from the classified content to il-
lustrate the findings. These quotations exemplify each of the four classifications: ad-SOTIF(+),
ad-SOTIF(-), PST(+), and PST(-). For each category, excerpts from the interview data were
chosen to clearly represent either alignment with or deviation from manufacturer specifications
(ad-SOTIF), or to reflect positive or negative driver perceptions regarding safety and trust (PST).

Tracing Quotes To provide concrete examples of the subcategories identified in Step 4, we
selected up to three representative quotations per subcategory. Priority was given to quotes that
clearly exemplified the theme and reflected common driver experiences.
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6.4 Results

This section presents the results of our evaluation of Tesla’s Full Self-Driving (FSD) Beta and
Autopilot systems in relation to the concept of meaningful human control (MHC), with a spe-
cific focus on the tracking and tracing requirements. To illustrate how drivers’ feedback aligns
with these requirements, we include quotations that reflect their experiences. Each quote is
accompanied by the participant ID number for reference. To highlight key insights, we have
selected several representative quotes. The results, supported by these quotations, are further
discussed in Sections 6.4.1 and 6.4.2.

6.4.1 Tracking Evaluation Results

Our tracking evaluation revealed a varied distribution of safety features across the tracking
evaluation criteria (Figure 6.2). For example, in the ad-SOTIF(+) PST(+) category, Lane De-
parture Avoidance (LDA) and Blind Spot Monitoring (BSM) exhibit a higher percentage distri-
bution compared to Automatic Emergency Braking (AEB) and Forward/Side Collision Warn-
ing (F/SCW). Percentage distributions above 80% indicate that LDA and BSM more frequently
meet both driver and manufacturer safety expectations, compared to instances where they fail
to align with one or both expectations. In contrast, there were no instances of ad-SOTIF(-)
PST(+), suggesting that when the features did not perform as intended, drivers never held a
positive perception of them.

Figure 6.2: Tracking evaluation results for the four active safety features of Tesla ve-
hicles—Automatic Emergency Braking (AEB), Forward/Side Collision Warn-
ing (F/SCW), Lane Departure Avoidance (LDA), and Blind Spot Monitoring
(BSM)—are presented. For each feature, the stacked bars represent the percent-
age of instances in which each performance category—alignment with intended
functionality (ad-SOTIF) or perceived safety and trust (PST)—was mentioned in
the interviews. The numbers in parentheses below the percentages indicate the total
number of mentions for each category.
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To provide a more detailed insight into the tracking evaluation of the safety features, we
classified them into three categories based on the co-occurrence of positive and negative in-
stances of ad-SOTIF and PST. It is important to note that each safety feature could be assigned
to multiple categories depending on the variation in user experiences:

• Inconsistent tracking: Safety features that were described both as (1) functioning as in-
tended and generating positive perceptions of safety and trust, and (2) not functioning as
intended and generating negative perceptions. A feature was assigned to this category
when the number of instances with ad-SOTIF(+) PST(+) was comparable to those with
ad-SOTIF(-) PST(-), indicating inconsistency in performance and perception.

• Gap between performance and perceived safety/trust: Safety features that technically
functioned as intended but failed to generate positive perceptions of safety and trust. In
such cases, although the features aligned with manufacturers’ safety expectations, they
failed to meet drivers’ expectations. Features with a notable proportion of ad-SOTIF(+)
PST(-) instances were assigned to this category.

• Consistent tracking: Safety features that not only functioned as intended but also con-
sistently elicited positive perceptions of safety and trust among drivers. Features were
included in this category when there was a high occurrence of ad-SOTIF(+) PST(+) and a
low occurrence of ad-SOTIF(-) PST(-), indicating strong alignment with both driver and
manufacturer safety expectations.

It is important to emphasise that although only a limited number of illustrative quotations are
presented in the following sections, each theme was derived from multiple participant responses.
The frequency with which each theme was mentioned varied; some were discussed by a larger
number of participants, while others emerged less frequently. Moreover, individual responses
often encompassed multiple themes, as participants’ experiences with the system frequently
addressed several aspects of its performance simultaneously. These tracking categories were
developed to capture the full range of relevant patterns observed in the data, ensuring that both
commonly and less frequently reported experiences were taken into account.

Inconsistent Tracking

Automatic Emergency Braking (AEB) and Forward/Side Collision Warning (F/SCW) were
found to align with both drivers’ and vehicle manufacturers’ safety expectations in certain sce-
narios, while failing to do so in others. To better understand how AEB and F/SCW can both
meet and fall short of these expectations, we analysed participant feedback regarding the per-
formance of these systems. The data revealed several recurring themes in drivers’ perceptions
of these features:

• Effective functionality - ad-SOTIF(+) PST(+)
Participants mentioned that AEB performs well in detecting vehicles ahead that the driver
may not see, thereby preventing potential collisions. One user expressed appreciation for
this feature:
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”I would have actually hit someone, but they stopped suddenly for some reason, maybe
someone was crossing.. I didn’t see it, but the system detected it and prevented a collision
by performing an emergency brake. It worked really well, and I’m very grateful (R047 -
AEB)”

Similarly, the F/SCW feature proved effective in alerting drivers to potential collisions
from the front and sides. One participant expressed their appreciation for this feature:

”An autopilot averted a potential accident.. I was very impressed. While driving, my
car started.. telling me to take control immediately. I looked in my blind spot, and a car
in the next lane veered into mine. I didn’t see it, but Autopilot did and reacted right away
(R091 - F/SCW)”

• False positive and false negative errors - ad-SOTIF(-) PST(-)
Despite the overall positive performance, drivers also reported instances where AEB and
F/SCW did not function as intended. For example, there were cases in which the auto-
mated systems failed to respond to debris on the highway and missed alerting the drivers.
Both situations are considered false negatives, which led to feelings of unsafety among
participants.

”I think what’s unsafe is just right now it only has a front collision warning.. It doesn’t
gonna detect anything..comes to you from the side.. If it does it.. only if you drive at the
really slow speed. (R058 - F/SCW)”

”If I didn’t take over, it would drove right over the piece of wood and probably created
a lot of damage that might have caused an accident because hitting at highway speeds,
a piece of debris.. Tesla uses cameras as their technology, but you could probably detect
better debris and just alert.. like they have some alerts when you’re driving if it’s uncer-
tain. So they could do that to make it safer (R073 - AEB and F/SCW)”

Additionally, the system sometimes engaged in ”phantom braking,” a false positive case
in which the brakes were applied without the presence of an actual obstacle. This led to
annoyance among drivers:

Autopilot take care of 99% of driving.. The only issues.. it’s not a perfect system.. there
are a lot of false positives, particularly in one lane roads where in cars are coming at
you fast. It sometimes thinks it’s going into your lane and does a phantom brake. In the
case.. it.. annoys you by saying, ”hey, there’s a forward collision warning” when it’s not.
(R078 - AEB and F/SCW)

• Software issues - ad-SOTIF(-) PST(-)
Drivers also reported unsettling software issues, including automatic warnings upon ve-
hicle reboot and inconsistencies in alarm triggering. These problems contributed to un-
desirable experiences among drivers:

”It was.. scary enough that.. a non informed user would not know what to do. Autopilot
would constantly disengage my visualization.. rebooting about every three seconds, and
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every time it rebooted, a forward collision warning would occur. It would not slow down
my car, but it would make like the super loud multiple beeps like I’m gonna hit something.
(R055 - F/SCW)”

Overall, our analysis indicates that the AEB and F/SCW systems generally align with both
driver and vehicle manufacturer safety expectations under typical driving conditions. Specifi-
cally, AEB was frequently noted for its effectiveness in detecting vehicles ahead, while F/SCW
was recognised for its ability to alert drivers to potential frontal and lateral collisions.

However, participants also reported instances where these systems failed to meet expecta-
tions. These failures included both false positives and false negatives. A commonly reported
false positive was phantom braking—where the vehicle applied the brakes without a discernible
obstacle. False negatives included failures to detect road debris, side collisions, or to provide
timely warnings to the driver. In addition, several participants reported software inconsisten-
cies, such as unexpected system reboots, which further undermined the reliability of the tracking
function. These issues suggest that while AEB and F/SCW often perform as intended, limita-
tions remain that affect their consistency and overall effectiveness.

Gap between Performance and Perceived Safety/Trust

Three safety features—AEB, F/SCW, and LDA—were classified under this category1. This
classification was based on driver responses indicating that these features generally functioned
as intended but were nonetheless associated with negative perceptions of safety and trust (PST).
Based on participants’ feedback, we identified several potential causes for this perception gap,
which are outlined below.

• Premature collision warnings - ad-SOTIF(+) PST(-)
One participant described a situation in which their vehicle issued collision warnings for
vehicles that were still a considerable distance away and then abruptly applied the brakes.
Although this suggests that the warning system was effective at alerting the driver to po-
tential future collisions, the participant felt that these warnings were unnecessary, as the
vehicle in front still had sufficient time to complete the turn before the partially automated
driving system reached it. This issue led to frustration with the system:

”One of the annoying things.. this is a little tiny bit as safe.. You’re from Holland..
So you are on the right side of the road.. So when you’re driving.. someones turning left
in front of you and they’re like way ahead.. like the test slams on the brakes. Sometimes
with the forward collision warning and.. it’s like 200 meters ahead of you.. like they’ll
easily turn out past you.. But.. rear ending potential.. that’s the worry. (R006 - F/SCW)”

• Inadequate distance - ad-SOTIF(+) PST(-)
Finally, one driver reported that the vehicle failed to maintain a sufficiently safe distance
from a parked vehicle, even though it did not result in a collision. This situation made

1Blind Spot Monitoring (BSM) was not included in this category, as the only driver who expressed low trust
in the BSM system attributed this to the placement of the warning symbol rather than concerns about its functional
performance.
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them feel unsafe:

”I’m not gonna say terribly unsafe, but uncomfortable. I do feel very unsafe if there’s
vehicles parked on the right hand side and the the vehicles attempting to maintain the
lane, but it comes far too close to the vehicles on the right hand side. That that is very I
feel that’s very unsafe and that’s that’s very stressed. (R041 - LDA)

• Inappropriate braking - ad-SOTIF(+) PST(-)
The driver described experiences in which the vehicle’s emergency braking behaviour
was problematic, particularly due to hesitation after braking in heavy traffic. While the
system still performed effectively in preventing collisions, the driver implicitly expressed
concerns about safety due to this behaviour. Specifically, if traffic clears and speeds up,
such behaviour could disrupt the flow of traffic, as it acts in a way that is not anticipated
by other drivers.

”The emergency brake checking that goes on, where the car will break.. in heavy traf-
fic. It’s okay when the car’s hitting the brakes and hesitating. But when it opens up,
and we’re moving faster, and there’s more space.. People are anticipating you to stay at
your speed.. You don’t want.. hitting the brakes at those speeds.. those are the biggest
situations. (R081 - AEB)”

Although AEB, F/SCW, and LDA successfully tracked vehicle manufacturers’ safety ex-
pectations—such as braking to prevent collisions in heavy traffic, issuing warnings of potential
collisions, and maintaining lane position—drivers reported several concerns that negatively af-
fected their perceptions of safety and trust. These issues suggest that the active safety features
did not consistently align with drivers’ safety expectations. For example, AEB was reported
to brake unnecessarily or hesitate in dense traffic conditions, disrupting traffic flow and rais-
ing safety concerns. F/SCW was criticised for issuing premature warnings and engaging in
unnecessary braking when no imminent threat was present, often leading to frustration. LDA
was noted for failing to maintain a safe lateral distance from parked vehicles, which resulted in
driver discomfort and a diminished sense of security.

Consistent Tracking

Two active safety features—BSM and LDA—were categorised as exhibiting consistent track-
ing, as they were reported to effectively meet both vehicle manufacturers’ and drivers’ safety
expectations in most scenarios.

The specific situations in which drivers indicated that LDA successfully aligned with their
safety expectations are outlined below.

• Long trips - ad-SOTIF(+) PST(+)
Two drivers highlighted how their vehicle performed exceptionally well in maintaining its
lane during long trips, particularly on highways. They described the feature as “flawless,”
suggesting that they perceived the system as both safe and trustworthy.

I did a.. 7500 Mile road trip from Connecticut to California and back.. 99% of the
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trip on the highways.. was done using Autopilot. And it worked pretty much flawless.
(R026 - LDA)

Additionally, one driver noted that the system outperformed human drivers, particularly
in maintaining focus and avoiding complacency during extended drives. This suggests
that the driver trusted the system to remain vigilant and avoid complacency.

For autopilot.. used on a highway, I would say I’m the worst driver in the fact that it
does a better job of long distance drives keeping lane centered. You know, watching.. not
becoming complacent, I guess, which is so easy on on a longer drive. (R087 - LDA)

• Managing complex highway infrastructure - ad-SOTIF(+) PST(+)
Two drivers highlighted how their vehicle assisted them in navigating complex highway
traffic. One driver emphasised that FSD Beta maintained their lane and did not drift into
incoming on-ramps, noting that it performed merging manoeuvres better than Autopilot.

There’s been a few highways where FSD beta can be engaged at highway speeds. And
it does solve many of the problems they’ve had with navigate on autopilot, and then it
merges better. It doesn’t shift over into incoming on ramps like navigating like I’ll it does
it steers better. It maintains speed better overall. (R007 - LDA)

Another driver described a highway they considered a “scary” place to drive due to the
numerous on- and off-ramps on both sides of the interstate. They noted that Autopilot
kept them in the correct lane, something they felt they might not have been able to main-
tain on their own.

I don’t think I could get through Atlanta if I didn’t have Autopilot because their inter-
state is twice as wide as ours and they have on ramps and off ramps on both sides of the
interstate. And it is a crazy, hectic, scary place to drive and. If I didn’t have autopilot
keeping me where I needed to be, I don’t think I could do it. Nerves of steel there and I
don’t have it. (R099 - LDA)

• Less mental workload - ad-SOTIF(+) PST(+)
Drivers consistently reported experiencing a reduced mental workload when using the
vehicle’s lane-keeping features. This reduction in cognitive effort was attributed to the
vehicle’s ability to handle routine tasks, such as maintaining lane position and adjusting
for nearby traffic. One driver described how the system’s reliability in keeping the car
centred in the lane fostered a sense of security, allowing them to relax and trust the tech-
nology:

I trust full self-driving to keep me in my lane. So no, I don’t pay as close attention to
where I am in the lane. I trust that it’s keeping me in the lane. (R044 - LDA)

One driver emphasised that the system’s effectiveness in maintaining lane position signif-
icantly reduced fatigue, leading to a more positive driving experience.
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And the reason it makes it a lot less fatigue.. is that you don’t have to mentally think
about all the micro adjustments. So when you’re driving down the road, you have to con-
stantly make sure you’re centered in the lane, make sure you’re keeping distance from the
car in front of you.. That’s my experience.. I really positive with Autopilot now for Full
Self Driving Beta. (R079 - LDA)

Another driver described how the system allowed them to shift their focus towards broader
situational awareness, which they considered a safer and more efficient way of driving:

I’m no longer having to concentrate on keeping that car.. I just simply don’t even think
about it anymore. In fact, it’s odd when I take it off of all the pilot effect man, this is like
starting out driving again all over because it’s just something you get used to that the car
keeps it so well on its lane that you just don’t think about that anymore. What you do is
looking ahead. You’re looking for other things happening to you and you’re making sure
that you react appropriately. Does really good. (R062 - LDA)

Despite the reported excellence of LDA, one driver highlighted a situation where LDA kept
them in the wrong lane, which led to them feeling scared. While LDA was still functioning as
intended by keeping the vehicle within the lane, it did so in the wrong lane.

• Stay on the wrong lane - ad-SOTIF(-) PST(-)

”It’s really scary. It just does all sorts of weird things today. I was like coming home
from work and it stayed. It was two lane road. It stayed in the left lane, which turned into
a turn lane and it just like blew right through the turn lane and just kept writing through.
We call it here as suicide lanes where you have a you can make a left or a right turn either
direction. And it just kept driving right through it. (R076 - LDA)”

The following aspects were highlighted regarding the effectiveness of the BSM system.

• Safe lane changing - ad-SOTIF(+) PST(+)
Drivers consistently praised the vehicle’s BSM system as a crucial safety feature that en-
hances the driving experience during lane changes. One participant highlighted that the
system effectively monitors the vehicle’s surroundings and facilitates safer lane changes
by detecting vehicles in blind spots. This feature was reported to significantly increase
their confidence and sense of safety while manoeuvring between lanes.

A very complete functionality, features and.. ability to.. monitor everything around you
and that lets you change lanes if there’s a car in your blind spot or coming through and
you’re using it and stuff like that. Definitely makes me feel much safer when I’m doing it.
(R026 - BSM)

Another participant expressed appreciation for the BSM feature, noting that it helped
prevent accidental lane changes resulting from limited peripheral vision. They found the
BSM display particularly useful for enhancing situational awareness and reducing the
likelihood of unintended lane merges.
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When we go on vacation.. we’re gonna be doing a lot of miles.. driving across the
country. It takes a lot of.. drive.. I.. really enjoy it because I am blind on my entire
right side. I have no peripheral vision, so it makes it with the screen being there and you
know, blind spot awareness and all of those interesting features. It makes it harder for
me to accidentally merge into someone if I don’t look forward enough to the side to see if
anybody’s in there. (R099 - BSM)

• Understanding what the system perceives - ad-SOTIF(+) PST(+)
Drivers reported that the Blind Spot Monitoring (BSM) system enhances their awareness
of the vehicle’s surroundings. One participant expressed appreciation for the system’s
graphical display, which allowed them to compare the vehicle’s sensor feedback with
their own visual observations. This feature was perceived as highly accurate and con-
tributed to a greater sense of situational awareness.

I would say.. 90% of the time my eyes are on the road. You typically monitor vehicle
and its surroundings at all times.. I also enjoy the graphic that it gives you so you can
understand our like to constantly compare with the vehicle sees to what I see and see
what I can spot. That vehicle doesn’t yet. And for the most part it’s. Like 95% accurate.
(R032 - BSM)

Another participant emphasised that the visual feedback provided by the system on the
display screen enhanced their confidence, as it allowed them to see exactly what the vehi-
cle was detecting. This level of transparency contributed to a greater sense of safety and
environmental awareness, reinforcing their trust in the system’s ability to identify and
avoid potential hazards.

For both of them it’s. You know, I feel safer because I see the perception. On the screen
so I can see what it sees. And you know that gives me confidence of. Knowing exactly
what what it is seeing compared to.... And a lot of the perception part of this avoids that.
Avoid those situations or helps avoid the situations. (R087 - BSM)

However, one participant reported a case in which the BSM system did not function as
intended, resulting in an unsafe situation. According to the driver, the malfunction was caused
by direct sunlight interfering with the sensor’s ability to detect surrounding vehicles.

• Weather-related sensor limitations - ad-SOTIF(-) PST(-)
”The place where I feel it’s starting to get unsafe is the changing weather conditions.
And sometimes lighting. That’s one other one. When you get a a bright hit of sunlight
across into one of the panel doors, it’ll just blind the camera. It can’t compensate, and
some levels. And I think they’re gonna have to improve some of the cameras all around
the car to be able to decrease their contrast to avoid it. These are the situation with you
so unsafe. (R061 - BSM)”

Both LDA and BSM were noted for effectively tracking both vehicle manufacturers’ and
drivers’ safety expectations. Specifically, LDA was praised for its ability to maintain lane po-
sition during extended highway travel and in complex driving environments, contributing to
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reduced driver fatigue and mental workload. BSM was commended for enhancing safety and
driver confidence during lane changes by reliably monitoring blind spots and improving overall
situational awareness. This feature was particularly valued by drivers with limited peripheral
vision, who found the system especially beneficial.

Despite these strengths, instances of tracking failures were reported. BSM occasionally
failed to function correctly due to sensor interference from direct sunlight. In the case of LDA,
one participant reported a failure to maintain lane position, although the precise cause of this
issue could not be determined.

Table 6.3: Assessment of the tracking condition of meaningful human control based on com-
mon situations mentioned by users of partially automated driving systems. A positive
mark (+) indicates that the respective human agent’s expectations are tracked, while
a negative mark (–) indicates that the expectations are not tracked. The final column
indicates whether both the driver’s and the automaker’s expectations are tracked.

Safety
Feature

Described situation

Tracking
of driver’s

expectations
(PST)

Tracking
of automaker’s

expectations
(ad-SOTIF)

Human expectations
are ..

BSM
Driver can detect objects in their blind
spot while driving

+ + Tracked

BSM’s sensors dysfunction
due to weather such as sunlight

– – Not tracked

LDA
Driving on long highway trips with
complex driving conditions

+ + Tracked

Drivers don’t have to perform minor
adjustments of the vehicle within its lane

+ + Tracked

LDA keeps the vehicle on the wrong lane – – Not tracked
LDA maintains lane, but the distance
with surrounding objects is too close

– + Partially tracked

F/SCW

F/SCW warns the driver of unseen
potential front and side collisions with
sound and on-screen icons

+ + Tracked

F/SCW warns the driver of potential
collisions that are still distant

– + Partially tracked

F/SCW responds to false positive information
and does not react to false negatives

– – Not tracked

Annoying warnings after system reboots – – Not tracked
Warning dysfunctions when vehicle with
high speed approaches

– – Not tracked

AEB
AEB brakes to prevent collision in
unforeseen/unexpected situations

+ + Tracked

AEB responds to false positive information
and does not react to false negatives

– – Not tracked

AEB brakes to prevent collision, but
the driver dislikes the way it brakes

– + Partially tracked
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Summary

To summarise the tracking evaluation results, we aggregated the commonly reported situations
for each safety feature across the three categories discussed in Sections 6.4.1 to 6.4.1 (Table 6.3).
The classification of ’tracked’ or ’not tracked’ is based on the presence of recurring themes in
participant responses for each safety feature, as described in the corresponding sections. If a
particular theme was mentioned by participants, the safety feature was classified accordingly in
the table.

This analysis revealed that for each safety feature, there are situations in which the feature
successfully tracked both the driver’s and the vehicle manufacturer’s safety expectations, as
well as situations where it did not. Notably, failures to track the vehicle manufacturer’s safety
expectations were always accompanied by failures to track the driver’s safety expectations.
However, the reverse was not always true; in some cases, the system met the manufacturer’s
expectations but failed to align with the driver’s expectations.

6.4.2 Tracing Evaluation Results

Using thematic analysis, we evaluated tracing by identifying ten subcategories within partic-
ipants’ responses, corresponding to the four tracing evaluation criteria. We also analysed the
number of drivers who mentioned each subcategory (Table 6.4). These subcategories provide
insight into how drivers operationalise the tracing criteria in practice, offering a deeper under-
standing of how responsibility, knowledge, and control are perceived and enacted.

Table 6.4: Sub-categories related to tracing evaluation criteria. For each sub-category, count
indicates the number of participants who mentioned each sub-category.

Tracing evaluation criteria Sub-categories Count

Knowledge: keeping both hands on
the steering wheel

Driving with both hands on the steering wheel 39

Driving with one hand on the steering wheel 13
Driving mode 16

Knowledge: staying alert Observation of the surrounding situations 17
Highway 7
Driving mode 26

Capacity: corrective action Control over steering wheel 19
Control over the pedals 10
Driving mode 28

Maintaining operational responsi-
bility

Agree to maintain control and responsibility 19

The frequency of mentions also indicates that certain subcategories were discussed more
frequently than others. For instance, the 39 references to driving with both hands on the steer-
ing wheel suggest that a relatively large number of participants either understood or actively
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practised this behaviour. This number is notably higher than the 13 mentions of driving with
only one hand on the wheel.

To provide deeper insight, the following sections offer detailed explanations and represen-
tative quotations for each tracing evaluation criterion, along with their corresponding subcate-
gories.

Knowledge: Keeping Both Hands on the Steering Wheel

This tracing requirement concerns whether drivers possess adequate knowledge regarding sys-
tem use. Specifically, we assessed whether participants understood the importance of keeping
both hands on the steering wheel and whether they reported complying with this guideline.
Based on the interview data, we identified three categories of responses that addressed this
topic.

• Driving with both hands on the steering wheel: Several participants reported consis-
tently keeping both hands on the steering wheel. This behaviour was often attributed to
legal requirements, with some noting that they adhered to this practice to avoid repri-
mands or penalties.

”Do you typically keep your hands on the steering wheel at all times? I do (R041)”

”According to the law, the hands must be on the wheel. I actually keep my hands on
the wheel, and I feel the resistance. (R047)”

”I do keep my hands on the steering wheel mostly so I don’t get dinged. (R067)”

• Driving with one hand on the steering wheel: Other participants reported typically
keeping only one hand on the steering wheel. For some, this was primarily to meet the
system’s torque detection requirements, while others adopted this behaviour when using
Autopilot, often describing a more relaxed driving posture during such instances.

”I typically keep one hand on the steering wheel at all times. I keep it there just enough
to satisfy the torquing requirement, where there needs to be weight on the system.” (R054)

”Do you always keep both hands on the wheel? No, generally, I keep one hand. So,
I have my left hand always on the wheel. It’s usually on my knee, on the door, or on my
elbow.(R087)”

”Yes, I keep my hands a little bit stream at all times. When.. I’m not have my hands
on the steering wheel, I either have one hand like on the bottom like like like one hand in
this picture. But I at least always have one hand on the steering wheel. (R098)”

• Driving mode: Participants reported varied behaviours concerning hand placement on
the steering wheel depending on the driving mode. While some consistently used one
hand when operating Autopilot, others indicated that they were more likely to keep both
hands on the wheel when using FSD Beta. The responses also revealed a range of strate-
gies for maintaining system engagement while using Autopilot, including resting hands
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underneath the wheel, intermittently jiggling it to satisfy system prompts, or applying
continuous pressure with one hand to meet torque detection requirements.

”I’ll usually have just one hand.. just lean my hand on the bottom of the steering wheel
and let the weight kind of be enough to do it, so that’s generally how I drive with just
to put enough pressure on it. Keep it constant pressure on it so it never really warns me
about not putting pressure on. I tried to do things around, just occasionally do it, but that
becomes more effort than just letting your hand rest on the steering wheel when I’m driv-
ing with it.. We usually just keep my hand sitting there resting there and it works.(R021)”

”Then do you typically keep your hands on the steering wheel at all time? Autopilot
no, FSD beta yes (R033)”

”With Autopilot.. depends on where we’re.. if we’re on the highway.. where there are
no obvious issues up ahead that I can see, what I’ll typically do is rest my hands under-
neath the wheel. And then as the prompts come up, I’ll just jiggle the wheel a little bit
to make the prompt go away. With.. beta, most of the time.. Especially during turns.
Typically.. I’ll have my hands at.. seven and four or something, and just let the wheel sort
of brush up against my hands. And sometimes I’ll keep my hands off the wheel.. if I’m
comfortable in this situation. But I’ve kind of learned not to do that. (R051)”

Overall, the evaluation of drivers’ knowledge regarding the requirement to keep both hands
on the steering wheel revealed a range of practices. While some participants consistently used
both hands in adherence to legal requirements and to avoid penalties, others adopted a more
relaxed approach—maintaining one hand on the wheel primarily to satisfy the system’s torque
detection, particularly when using Autopilot. Behaviours also varied by driving mode; drivers
were generally more likely to maintain a hands-on approach when using FSD Beta compared to
Autopilot. From a tracing perspective, although drivers appeared to understand the requirement
to keep their hands on the steering wheel, their actual behaviours demonstrated considerable
variation.

Knowledge: Staying Alert

According to the vehicle manufacturer, drivers are required to remain alert at all times. Based
on this requirement, we identified three subcategories of participant responses:

• Awareness of surrounding situations: Participants expressed varied perspectives re-
garding situational awareness. Some reported that using Autopilot and FSD Beta en-
hanced their attentiveness, allowing them to focus further down the road and experience
reduced fatigue. One participant noted experiencing heightened alertness while using the
technology, citing improved contextual awareness and the ability to more effectively scan
the driving environment. Another emphasised the importance of remaining fully atten-
tive, particularly when using the beta version, to stay aware of the surrounding conditions.

”Autopilot and FSD beta allow you to actually be more attentive in general then not
having autopilot or FSD, and that’s because the car is taking care of the rudimentary
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things for you.. That allows you to focus further down on the road or it allows you to see
things that maybe you wouldn’t have seen otherwise and it allows you to be less fatigued
to where you’re able to. You’re able to be more alert than you would be otherwise. That
doesn’t mean that you don’t also get distracted at times, but I think when you are paying
attention, I think it allows you to pay better attention to the road than than without au-
topilot or FSD. (R027)”

”For Autopilot and FSD always be alert and attentive. If it’s a beta, it’s required to
be fully attentive and alert at all times. Autopilot. I know other owners, they’re kind of
relaxing, not paying attention. For me on Autopilot, it helps me become more attentive
of my surroundings during driving.. When I’m driving myself, I usually look forward in
once in a while, look left and right, but with autopilot, I’m able to watch.. all the mirrors
all the time, making sure what I’m aware of what’s going on around me. (R075)”

”Typically, fully attentive and alert at all times. Pretty excessively alert. As one of the
things I love about the the beta and regular autopilot as well, when they drive it, actu-
ally more aware because I can actually look around and take in.. where all the cars are
around me. I understand.. what’s going on, where it was.. I definitely enjoy it more when
I’m not micromanaging those things and I’m able to take in and be more contextually
aware. (R085)”

• Highway: Participants’ experiences with staying alert while driving varied depending on
the driving context. In particular, some reported reduced attentiveness when using Au-
topilot on highways—especially on familiar routes, during low-traffic conditions, or in
the absence of external distractions. The following quotations illustrate this variability in
driver alertness:

”And typically fully attentive and alert, you have to be.. Autopilot ..not so much.. I’ve
noticed.. I’ll be driving along and.. be able to read a sign along the road or something
that. Before, you.. you wouldn’t take the time to read and add. But.. if it’s on a Interstate
highway, it’s no problem. (R010)”

”I typically fully attentive and alert at all times? No, I’ve gotten comfortable with it
over time, so I don’t fully pay a attention anymore, specially on roads that I’m familiar
with or on highways that I’m familiar with. (R016)”

” I would say there are moments.. where I haven’t been fully attentive. I obviously
don’t let that happen for like minutes.. I’m not gonna pull my phone out, look at it, but
there’s definitely times when driving on the highway, I look ahead and there’s nobody for
a kilometer ahead of me. And so I will look after the side and look at something in the
scenery and then look back again or look at the passenger beside me and then look back
again. Not for long periods of time. But longer than you could get away with if you were
actually the one driving, I would say. (R045)”

• Driving mode: Participants reported variations in their levels of attentiveness and alert-
ness depending on the driving mode. One participant noted that their awareness was
lower when using Autopilot compared to FSD Beta, even when feeling fatigued. An-
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other acknowledged being less attentive in Autopilot mode, explaining that it enabled
multitasking behaviours that would not be possible during conventional driving. A third
participant stated that their level of attentiveness while using Autopilot was slightly lower
than when using FSD Beta. The following quotations offer further insight into these re-
ported differences:

”Are you typically fully attentive and alert at all times? I’d say with Autopilot I have
been in situations where I’ve driven really exhausted and I tend to have pretty good sit-
uational awareness even when I’m.. super exhausted. But I would say like.. when I use
autopilot, it’s not always 100 percent peak performance.. With FSD beta.. I’m always
alert and fully attentive.(R051)”

”.. If I were to grade these on on how I feel on where I have to be fully attentive and
alert at all times, FSD beta requires the most, Autopilot requires less(R063)”

”..typically fully attentive, fully alert.. at all times.. Less.. in autopilot.. I would say
that Autopilot does allow you to do other things that you might not normally do if you
were driving the car normally. (R088)”

The evaluation of drivers’ knowledge regarding the need to remain alert while driving re-
vealed three key insights in relation to the tracing condition. First, some participants reported
that Autopilot and FSD Beta enhanced their attentiveness by allowing them to focus further
ahead and reduce fatigue. Second, attentiveness varied depending on the driving context; some
drivers reported decreased focus on highways, particularly on familiar routes. Third, alertness
differed across driving modes, with participants generally reporting lower levels of awareness
while using Autopilot compared to FSD Beta.

Overall, although participants demonstrated knowledge of the requirement to stay alert—thus
formally satisfying the tracing condition—their actual behaviours reflected variability in alert-
ness depending on context and system use.

Capacity: Corrective Action

The tracing condition of MHC requires that drivers not only understand the functionality of
partially automated systems but also retain the capacity to operate them effectively. Consistent
with this requirement, the vehicle manufacturer in our study mandates that drivers must be able
to perform corrective actions. Based on our analysis of participant responses, we identified
three sub-categories reflecting this capacity.

• Control over the steering wheel: Participants demonstrated readiness to take corrective
action through their hand positioning while using automated driving features. One partic-
ipant emphasised maintaining a firm grip on the steering wheel, deliberately placing their
hands in the lower corner to enable a rapid response to unexpected lane drift. Another re-
spondent noted that their approach to hand positioning was influenced by how Autopilot
handled specific driving situations. Additionally, one participant reported that resting one
hand on the wheel was ineffective for performing minor corrective actions when using
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Autopilot.

”Often when I’m driving on the highway.. if it’s just me, I’ll just have one hand rest-
ing on top of the wheel, making minor corrective action. But that doesn’t work very well
with Autopilot. It thinks that I’m not touching my car so. So I yeah, do like the nine and
three or five and seven to use gravity. (R028)”

”Do I prepare to take corrective actions? Absolutely, whether it’s holding that steer-
ing wheel really hard in case it wants to just drift off really quick or.. really hard.. that’s..
why I hold my hands. The way they’re steering wheels made, that’s also why I hold my
hands in that lower corner as opposed to up top when you hold it up top. If the car is
gonna jerk itself off to the right, especially being left handed, it can only go so far before
the center beam and the steering wheel will block it. But if you hold it on the bottoms, it
has much less traveled before you can get your hand on it. And if anything else, it’s going
to stop as soon as it hits you hit one of that center peg.(R061)”

”.. Stay prepared to take corrective actions, like more.. than if I was just tracking upon
myself. Because technically there’s someone else driving the.. car, you know that they’re
not very good at driving the car, so I have to pay more attention.. I guess I’m pretty good
spatial awareness, so I take a lot.. for granted.. in terms how you place your hands on
the steering wheel. (R081)”

• Control over the pedals: Participants described their interactions with the brake pedal as
a means of demonstrating their readiness to perform corrective actions. One participant
noted the importance of being prepared to intervene, particularly in situations where FSD
or Autopilot might fail to brake in time. Another explained that they positioned their foot
in a comfortable location to enable rapid braking or acceleration when necessary. A third
participant emphasised the ease with which they could engage the brake, as their foot was
already positioned similarly to when operating vehicles with lower levels of automation.

”Do you typically stay prepared to make corrective actions at all time? Absolutely, es-
pecially with FSD, better you have to be prepared. You have to kind of.. exit plan. If it
comes down to it with Autopilot, not as much. But there are times where you may have
to be ready to press the brakes because the car is not breaking in time and it’s getting a
little bit too close to the car ahead of you. (R064)”

”I always stay prepared to take corrective action with FSD beta. But with autopilot
on the highway.. feel a little bit more comfortable with my foot. Like to the side.. But it is
really easy to lift my foot and hit the brake if I need to.. I would say like it’s pretty much
the same as when I use cruise control on older cars or other cars in the past. It’s the same
place. I would put my foot.(R074)”

”Do you typically stay prepared to take corrective actions at all times? Mostly I keep
my feet just like back. I’ll wait from the pedals. Just getting a comfortable position un-
less.. a location where I don’t have as much trust in Autopilot, FSD beta, or there’s a lot
of cars around me. Then I have my feet ready to like, break or accelerate or anything like
that mostly depends on the situation. (R078)”
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• Driving mode: Participants’ perspectives on their preparedness to take corrective action
varied depending on the driving mode. One respondent strongly emphasised the im-
portance of maintaining vigilance while using FSD Beta, describing a constant state of
readiness to intervene. Another participant highlighted a contrast between the two modes,
reporting a heightened level of awareness—described as being “hyper-aware”—when us-
ing FSD Beta, and a lower level of preparedness when using Autopilot. Additionally,
some participants indicated that their trust in Autopilot increased over time, leading to a
more relaxed driving posture and a perception of the system as being safer. The following
quotations illustrate these perspectives:

”Do you typically stay prepared to take corrective action at all times? Autopilots a lit-
tle bit less than FSD beta. As long as I’m in a comfortable realm, there’s no situations
around me. I am prepared, but my guards down a little bit more. With FSD beta. I’m
always ready to take over. (R017)”

”Do you typically stay prepared to take corrective actions at all times? I certainly do
that.. for all the reasons.. But autopilot, I feel like I’m typically less prepared because
I’m more relaxed. I’m more letting my guard down. Because.. I trust it more. It’s never
done as much wrong as.. I’m looking at the scenery I’m looking.. I’m enjoying the ride
versus driving pretty much. So definitely less prepared on autopilot.. Autopilot is safer in
my opinion. (R048)”

”Next question that typically stay prepared to take corrective action. Autopilot.. not
so much. I mean, my hand is on the wheel.. With Beta. I’m very.. ready to take control.
It’s hyper aware. (R096)”

The evaluation of drivers’ capacity to perform corrective actions—another key component
of the tracing condition—revealed that participants demonstrated readiness by adjusting their
grip on the steering wheel and maintaining their foot near the brake pedal. Several drivers also
adopted specific strategies to enable rapid intervention when necessary. Preparedness varied
by driving mode: participants reported feeling more vigilant while using FSD Beta and more
relaxed when using Autopilot. Overall, the findings suggest that drivers exhibited different
levels of readiness to take corrective action, influenced by both the automation mode and their
individual driving strategies.

Maintaining Operational Responsibility

The final tracing requirement concerns the maintenance of operational responsibility. Accord-
ing to the tracing condition, at least one human must be aware that they hold moral responsibility
for the outcomes of the system’s actions. This aligns with the vehicle manufacturer’s guidance,
which stipulates that drivers are accountable for the operation of the partially automated driving
systems.

Unlike the other tracing evaluation criteria, only one subcategory was identified in this area:
agreement among participants that drivers must maintain control and assume responsibility.

Participants expressed this recognition in varying ways. One respondent mentioned feeling
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personally responsible for ensuring that the vehicle did not make errors. Another indicated a
strong belief that, in the event of an incident, they would be held fully liable and could not shift
blame to Autopilot in a legal context. A third respondent explicitly emphasised the importance
of maintaining control and responsibility, acknowledging that they would accept fault in the
case of a collision. The following quotations provide illustrative examples:

”The responsibility is definitely mine,. I wrecked my car.. not tesla fault.. indeed. (R032)”

Did not maintain control in this? No, I disagree with that. I mean..I get that I’m completely
responsible for it. I’m gonna lose in court if I say Autopilot made me did it, or autopilot did
it.(R067)

”I’m paying attention to what it’s doing, backing it up to make sure it doesn’t make a mis-
take.. But.. if it does, I’m responsible for it. So I have to be really paying attention to it. So I’m
vigilant. But.. I feel like probably secure that it’s doing a good job. (R072)”

Overall, the evaluation indicates that drivers are aware of their responsibility to oversee
the vehicle’s operation and recognise their accountability in the event of system errors or legal
consequences.

6.5 Discussion

6.5.1 Theoretical Implications

This section discusses how the proposed MHC evaluation framework can be applied to systems
based on real-world driving experiences, offering new insights into the dynamic nature of mean-
ingful human control (MHC), particularly in relation to the tracking and tracing components.
The findings highlight the interplay between system performance and human factors, contribut-
ing to the existing body of literature by emphasising the roles of contextual variability, subjec-
tive risk perception, and the interaction between human engagement and system behaviour in
the assessment of MHC.

The tracking evaluation revealed notable variations in how different safety features align
with both human- and manufacturer-defined safety expectations across varying driving con-
texts. Features such as Blind Spot Monitoring (BSM) and Lane Departure Avoidance (LDA)
demonstrated strong alignment with the tracking component of MHC during routine scenarios,
such as highway lane-keeping. Drivers particularly valued BSM’s warning system and visual
interface for identifying vehicles in blind spots, consistent with findings from Kim et al. (2024),
who reported that user interfaces offering surrounding information enhance driver trust and
reduce perceived risk.

However, in emergency or unexpected driving situations—such as encounters with sud-
den obstacles—features like Automatic Emergency Braking (AEB) and Forward/Side Collision
Warning (F/SCW) exhibited performance inconsistencies. Although drivers acknowledged their
effectiveness in preventing collisions, these systems were less reliable in consistently meeting
the tracking requirements of MHC. This observation aligns with Cicchino (2017), who found
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that such features significantly reduce front-to-rear crash rates but are not universally effective.
These results underscore the importance of ensuring that partially automated systems are ca-
pable of dynamically adapting to diverse and unpredictable driving environments in order to
uphold meaningful human control.

Misalignment between driver and manufacturer safety expectations often arises from tech-
nological limitations—such as sensor failures in adverse weather conditions, including bright
light impairing sensor performance—or from mismatched expectations, such as drivers per-
ceiving AEB braking as overly hesitant. Tesla’s manual (Tesla, 2024b) explicitly acknowledges
limitations such as obscured lane markings or weather-related interference (e.g., rain); never-
theless, drivers expressed safety concerns when these limitations manifested in practice. These
findings underscore the importance of addressing root causes, including the enhancement of
sensor reliability and better alignment of system behaviour with human expectations.

In addition, drivers’ risk perception played a critical role in the tracking component of MHC.
False positives, such as phantom braking, diminished trust in the system, whereas successful
interventions, such as timely collision avoidance, improved perceived safety. This dynamic
highlights the need for the tracking component of MHC to account for both objective system
performance and the subjective experiences of human drivers.

The tracing evaluation reveals how human factors shape the effectiveness of partially auto-
mated systems in meeting tracing criteria. Drivers frequently engaged selectively with system
warnings or interventions based on their personal risk assessments. For instance, some partici-
pants reported disregarding Forward/Side Collision Warning (F/SCW) alerts when they judged
the following vehicle to be at a safe distance, indicating a disconnect between system logic and
human judgement.

The paradox of trust also emerged as a critical influence on tracing compliance. While
drivers expressed appreciation for features like LDA for reducing cognitive load—consistent
with findings by Miller & Boyle (2019), who demonstrated increased workload in the absence
of LDA—over-reliance on such features often resulted in complacency. This supports the ar-
gument of Bainbridge (1983), who described the “ironies of automation,” wherein human vigi-
lance diminishes as system reliability increases. Young & Stanton (2002) further conceptualise
this effect through “mental underload,” where reduced task demands lower attentional capacity
and compromise readiness to intervene.

Although manufacturers attempt to mitigate this risk by assigning drivers the responsibil-
ity to remain engaged, in practice, drivers often disengage during routine operation, becoming
“out-of-the-loop” (Endsley, 2017). This challenge is exacerbated by system design approaches
that overlook human cognitive limitations in sustained attention and monitoring tasks (Lee &
See, 2004). The resulting paradox exposes a fundamental design flaw: assigning moral respon-
sibility alone is insufficient to guarantee continuous vigilance. As argued by Hansson et al.
(2021), systems that promote over-reliance while simultaneously expecting uninterrupted hu-
man supervision raise significant ethical concerns.

The level of driver engagement was found to vary depending on system behaviour and driv-
ing context. Participants tended to be more engaged in complex or high-risk driving scenarios,
while disengagement was more common during routine tasks. This dynamic aligns with find-
ings by Robins-Early (2024) and ?, who demonstrated that subjective risk perceptions—such as
preferences for lateral distance during automated overtaking—significantly influence trust and
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perceived safety. For instance, some drivers reported experiencing stress when LDA maintained
a minimal lateral buffer, even if the manoeuvre was technically safe.

Personal preferences, driving modes, and situational contexts also played a significant role
in tracing performance. Drivers were more likely to comply with hand placement requirements
in urban environments when using FSD Beta—perceived as riskier—while adopting minimal
contact strategies (e.g., resting a hand or applying intermittent torque) on highways with Autopi-
lot, which was perceived as more stable. Additionally, some participants admitted to deliber-
ately manipulating the system by applying weight to the steering wheel to simulate compliance
with hand detection requirements.

This pattern of selective adherence highlights the complex interplay between individual
attitudes, perceived risk, and contextual factors. It suggests that tracing performance cannot
be fully understood without accounting for how drivers interpret and respond to system cues
within specific driving environments.

6.5.2 Practical Implications

This section offers practical recommendations based on the insights obtained from the MHC
evaluation, with a focus on enhancing system design and addressing subjective driver experi-
ences.

To improve system design, it is essential to address environmental limitations such as glare
from sunlight, adverse weather conditions, and faded lane markings, all of which can impair
system reliability. For example, Blind Spot Monitoring (BSM) sensors that are susceptible
to sunlight interference could be redesigned using alternative sensing technologies or with
added redundancy to ensure consistent performance. Minimising false positives and false neg-
atives—such as phantom braking or missed hazard detections—is also critical for sustaining
driver trust. Potential solutions include refining object detection algorithms and integrating
contextual awareness to reduce unnecessary alerts. These design improvements are urgent, par-
ticularly in light of findings by Paula et al. (2023), who reported that 78% of drivers were unable
to override phantom braking, thereby heightening safety risks.

Moreover, system behaviour should be calibrated to align more closely with human expecta-
tions of safety and trust. For instance, Automatic Emergency Braking (AEB) could be adjusted
to engage earlier in emergency scenarios, reflecting drivers’ preferences for proactive interven-
tion. This recommendation is supported by Koglbauer et al. (2018), who demonstrated that
braking behaviour significantly influences perceived safety.

Addressing subjective driver experiences is equally critical for improving the effectiveness
of partially automated systems. Clear and intuitive user interfaces can enhance driver under-
standing of system behaviour. For example, visual or auditory cues explaining why a warning
was issued or why braking occurred could reduce confusion and strengthen trust. Encouraging
driver engagement is also essential. Systems should actively prompt drivers to assume control
in edge cases—such as when lane markings are unclear—to mitigate over-reliance on automa-
tion. Furthermore, educating drivers about system capabilities and limitations remains a key
priority. Comprehensive training programmes can support more effective use of automation by
emphasising the importance of staying attentive and prepared to intervene.
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To address the broader challenges of driver engagement and over-reliance on automation,
we propose several actionable recommendations. First, adaptive Human-Machine Interfaces
(HMIs) could be developed to tailor hand placement reminders based on the driving context.
For instance, stricter prompts may be warranted on highways, where automation is typically per-
ceived as reliable, whereas fewer prompts may be appropriate in urban settings, where drivers
are more naturally engaged due to increased perceived risk.

Second, enhanced training and regulatory measures are essential to reinforce driver readi-
ness. Scenario-based training modules could prepare drivers to respond effectively in low-risk
contexts, while policies mandating multi-layered engagement checks—extending beyond easily
circumvented measures such as steering torque detection—would promote sustained vigilance.

Finally, reassessing preparedness expectations is crucial. Given the natural constraints of
human attention and the observed tendency to over-rely on automation, vehicle manufacturers
should reconsider assumptions about how quickly and effectively drivers can retake control. By
incorporating these recommendations, automated driving systems can better align with human
capabilities and limitations, thereby ensuring that drivers remain meaningfully engaged and
ready to intervene when necessary.

6.5.3 Are Tesla’s Partially Automated Driving Systems Under Meaningful
Human Control?

Based on our evaluation of tracking and tracing compliance, we conclude that Tesla’s FSD
Beta and Autopilot systems do not fully satisfy the requirements of meaningful human control
(MHC). In contrast to previous studies that primarily assess MHC through hypothetical sce-
narios or post-incident analyses (Calvert et al., 2021, 2020b), our evaluation provides a more
nuanced understanding of real-world system behaviour and its implications for MHC compli-
ance. Below, we summarise the key findings that support this conclusion.

Failures in Tracking Compliance

Tesla’s systems frequently failed to track safety expectations under challenging environmen-
tal conditions and in the presence of degraded infrastructure. These shortcomings underscore
a lack of robustness in the perception systems, which are essential for maintaining alignment
with both driver and manufacturer safety expectations. For example, adverse weather condi-
tions—such as rain, snow, or glare—were reported to impair sensor functionality, resulting in
failures to detect obstacles or maintain appropriate lane positioning. Similarly, infrastructure-
related issues, including faded lane markings and poorly maintained roads, further exacerbated
these limitations, as the systems rely heavily on visual inputs for accurate operation.

In high-risk or unpredictable scenarios, features such as Automatic Emergency Braking
(AEB) and Forward/Side Collision Warning (F/SCW) often struggled to effectively track safety
expectations. Issues such as phantom braking—where the system erroneously detects obstacles
and applies the brakes unnecessarily—and false negatives—where genuine hazards go unde-
tected—further compromised performance. These inconsistencies not only eroded driver trust
but also diminished the system’s capacity to meet safety expectations in critical situations.



6.5.4 Limitations 143

Moreover, even when systems conformed to technical specifications, such as adhering to
predefined braking thresholds, they frequently failed to meet driver expectations. Subjective
perceptions of safety often diverged from objective system performance. For instance, partici-
pants described AEB interventions as overly cautious or hesitant, despite the system functioning
within its intended parameters.

Failures in Tracing Compliance

Failures in tracing compliance stem from inconsistent driver adherence to safety protocols,
over-reliance on automation in low-risk scenarios, and systemic design shortcomings that in-
advertently promote disengagement. Drivers frequently demonstrated selective adherence to
recommended behaviours, such as maintaining hands on the steering wheel and staying alert.
Higher compliance was observed in high-risk contexts—such as urban environments with FSD
Beta—where the perceived complexity of the driving environment prompted greater vigilance.
Conversely, in low-risk contexts such as highway driving with Autopilot, compliance levels
declined substantially as drivers placed greater trust in the system’s reliability.

This variability indicates a troubling dependence on driver confidence rather than on system
robustness to ensure safe operation. It also reveals a fundamental challenge in tracing com-
pliance: current systems often fail to support sustained driver engagement and accountability,
especially during routine or low-demand driving conditions.

An inverse relationship was observed between driver confidence and preparedness to per-
form corrective actions. When drivers perceived the system to be safe—such as during routine
highway driving with Autopilot—their vigilance and readiness to intervene declined. This over-
reliance on automation introduces significant risk, as drivers may be insufficiently prepared
to take control in emergency situations, thereby undermining the system’s ability to maintain
meaningful human control.

Although participants generally acknowledged their moral responsibility for overseeing the
system’s operation, misuse of automation features was common. For example, several drivers
reported circumventing safety protocols by applying weight to the steering wheel to simulate
hand presence. This behaviour reveals a deeper structural issue: moral responsibility alone
is insufficient to guarantee adherence to safety protocols. Current system designs, which rely
predominantly on basic compliance checks such as steering torque verification, inadvertently
facilitate complacency and improper use.

To address this challenge, it is not enough simply to remind drivers of their responsibili-
ties. Instead, automated systems must be proactively designed to promote continuous driver en-
gagement and situational awareness. This includes implementing more robust human–machine
interaction strategies that help ensure drivers remain alert and ready to assume control when
necessary.

6.5.4 Limitations

Despite the insights gained from our research, several limitations may impact the interpretation
and generalisability of our findings. First, the data used primarily reflect drivers’ subjective per-
ceptions. While these perceptions are valuable for understanding user experiences, they may
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not always correspond to actual driving conditions. To address this limitation, we recommend
that future research complement subjective reports with objective data (e.g., telemetry or kine-
matic data), allowing for statistical analysis that can more robustly assess system performance
and user interaction.

Second, although all participants used Tesla’s Autopilot or FSD Beta—both classified as
SAE Level 2 systems—the original data collection did not ask participants to identify the au-
tomation level of their vehicle. While this could be seen as a limitation, we argue that it does
not compromise the validity of our findings for three reasons: (1) users typically interpret au-
tomation through system behaviour and driver responsibility, rather than formal SAE terms; (2)
knowledge-related questions in the interviews revealed that participants generally understood
system limitations and the need for supervision (Nordhoff & Hagenzieker, 2024); and (3) Tesla
communicates these limitations clearly through system prompts and manuals. Nonetheless, we
recommend that future studies explicitly examine users’ awareness of automation classifications
or mental models, particularly where this may influence trust, expectations, or driver behaviour.

Third, our study is constrained by the fact that we only considered drivers and vehicle man-
ufacturers as human agents in the evaluation of meaningful human control (MHC). However, it
is important to acknowledge that other stakeholders—such as other road users, members of the
public, lawmakers, and government authorities—also play a significant role in the operation,
deployment, and governance of automated driving systems (Calvert & Mecacci, 2020). These
stakeholders contribute to the broader sociotechnical context in which automated systems func-
tion. We therefore recommend that future research broaden the scope of analysis by including
additional human agents to provide a more holistic evaluation of MHC.

Fourth, our evaluation of human expectations was primarily limited to safety. While safety
remains a central concern in the context of driving automation, other expectations—such as
comfort, regulatory compliance, and time efficiency—are also relevant. Future studies should
incorporate a wider range of human expectations to enable a more comprehensive understanding
of how MHC is established and maintained in partially automated systems.

Fifth, our findings are based exclusively on data collected from users of Tesla’s FSD Beta
programme in the United States and Canada. Variations in the design, implementation, and
user interfaces of automated driving systems across manufacturers may lead to different user
experiences and perceptions. Consequently, we recommend that future research include a more
diverse sample of both automakers and participants to enhance the representativeness and gen-
eralisability of findings related to meaningful human control.

Sixth, while the dataset used in this study offers valuable insights into driver interactions
with Tesla’s Autopilot and FSD Beta systems, several potential biases should be acknowl-
edged. Selection bias may have influenced the sample, as participants were recruited exclu-
sively through online platforms. This recruitment method may have excluded individuals who
are not active on such platforms, potentially leading to the underrepresentation of certain demo-
graphic groups. As a result, the sample may not fully reflect the diversity of all users of these
systems. In addition, response bias may have affected the quality of interview data. Given the
remote nature of the interviews (e.g., conducted via Zoom), participants may have tailored their
responses to align with perceived social norms or desirability. These potential biases should be
considered when interpreting the findings of this study.

Seventh, as a qualitative study, the analysis is subject to potential researcher bias. Although
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the study employed structured analytical frameworks—such as inductive category development
and the application of ad-SOTIF and PST assessments—the interpretation of participant re-
sponses necessarily involved a degree of researcher judgement. To enhance objectivity, future
studies could incorporate inter-coder validation or triangulation methods to strengthen the reli-
ability and transparency of qualitative coding processes.

Eighth, the retrospective and indirect nature of our evaluation of MHC poses an inherent
methodological limitation. The dataset was initially collected without explicitly introducing
the MHC framework or assessing participants’ understanding of its core components—namely,
tracking and tracing. As a result, we were unable to directly evaluate participants’ awareness,
interpretation, or valuation of MHC as a concept. While our indirect approach yielded contextu-
ally relevant and theoretically grounded insights, it was not originally designed with the explicit
goal of evaluating MHC. Future research should therefore be conducted with the explicit intent
to assess MHC—meaning that while similar questions might be asked, they would be purpose-
fully framed within the MHC framework. This would allow for more focused interpretation,
targeted measurement, and potentially more valid conclusions about how users understand and
experience meaningful human control in automated driving contexts.

6.6 Conclusion

Evaluating meaningful human control (MHC) over partially automated driving systems presents
considerable challenges, stemming from the complex interactions between human drivers and
automation, as well as the variability inherent in real-world driving contexts. This study offers
a systematic assessment of how such systems adhere to MHC principles beyond post-incident
analysis and hypothetical scenarios, by focusing on their operation in everyday, real-world sit-
uations.

The contributions of this study are twofold. First, we evaluated the extent to which par-
tially automated driving systems in real-world contexts comply with the requirements of MHC.
Second, we introduced a novel methodological approach for assessing the tracking and trac-
ing dimensions of MHC, using qualitative data derived from in-depth interviews with users of
Tesla’s Autopilot and FSD Beta systems. This approach provides richer insights into drivers’
lived experiences with automation and offers a practical framework for examining MHC in
automated systems.

We evaluated tracking based on how consistently various safety features performed their
intended functions, alongside drivers’ perceptions of safety and trust. Tracing was assessed
through drivers’ knowledge of the requirement to keep both hands on the steering wheel and
remain alert, their capacity to execute corrective actions, and their awareness of moral respon-
sibility for the system’s operation. By applying this evaluation framework, we found that while
subsystems of Tesla’s FSD Beta and Autopilot demonstrate partial adherence to the principles
of meaningful human control, several significant challenges remain. These include inconsisten-
cies in tracking both driver and manufacturer safety expectations, as evidenced by the compara-
tively weaker tracking performance of F/SCW and AEB relative to BSM and LDA. Such issues
are frequently linked to technological limitations—such as false positives, false negatives, and
sensor vulnerabilities under adverse environmental conditions—as well as misaligned user ex-
pectations.
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Inconsistencies in MHC also arise from variability in driver interaction, including selective
adherence to safety protocols, over-reliance on automation, and misuse of system features. For
example, adherence to guidelines—such as maintaining hand contact with the steering wheel
and staying alert—was found to be inconsistent and often shaped by perceived risk. Drivers
exhibited greater caution with FSD Beta in urban environments compared to the more relaxed
use of Autopilot on highways.

These findings highlight the urgent need for further technological development, user-centred
design improvements, and regulatory attention to ensure stronger and more consistent meaning-
ful human control in partially automated driving systems.



Chapter 7

Objective Assessment of Meaningful
Human Control

This chapter investigates how objective behavioural telemetry metrics relate to drivers’ sub-
jective experience of meaningful human control (MHC) in a simulated safety-critical scenario.
In a driving simulator study, 24 participants interacted with two control modes, traded control
(TC) and haptic shared control (HSC), and completed questionnaires assessing perceived mean-
ingful human control while their driving behaviour was recorded. Overall, HSC yielded higher
perceived control, understanding, cooperation, and safety compared to TC. Although only some
of the hypothesised behavioural metrics reached statistical significance, several non-significant
metrics were nonetheless supported by participants’ qualitative explanations, indicating that
these behaviours remained meaningful for how they formed their subjective evaluations.

Unlike Chapters 5 and 6, which retrospectively applied MHC to semi-structured interview
data from real-world users of partially automated driving systems, this chapter uses a question-
naire specifically designed to translate the four actionable MHC properties derived from the
tracking and tracing conditions (Cavalcante Siebert et al., 2023) into measurable evaluation cri-
teria. These properties specify what a human-AI system must exhibit to be considered under
meaningful human control. Building on them, this chapter derives both subjective perception
items and objective behavioural telemetry metrics, allowing MHC to be evaluated through the
relationship between what drivers experience and what their behaviour reveals. The simulator
scenario reproduces the safety-critical conditions under which driver complacency might arise.

This chapter is based on the following paper (in preparation):
Suryana, L. E.∗, George, A.∗, Flipse, L., van Arem, B., Abbink, D., Calvert, S., Siebert, L. C., and
Zgonnikov, The Illusion of Control? Linking Behaviour and Perception to Evaluate Meaningful
Human Control over Partially Automated Driving.

∗Joint first authorship. L.E. Suryana led: Formal analysis (qualitative coding and inter-coder reliability assess-
ment) and Methodology (design of initial interview questions and coding scheme). A. George led: Formal analysis
(quantitative and statistical analysis) and Methodology (objective metrics and initial hypothesis formulation). Both
authors contributed equally to: Conceptualization, Investigation, Data curation, Software, Validation, Visualiza-
tion, writing – original draft, and Writing – review & editing.
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7.1 Abstract

In this study, we investigated the extent to which drivers experience meaningful human control
when interacting with automated driving systems. Twenty-four drivers completed a simula-
tor study involving silent automation failures under two modes: traded control (TC) and hap-
tic shared control (HSC). Participants rated their perceived control, and driving telemetry was
converted into behavioural metrics. Subjective evaluations were collected after each scenario.
Following the analysis plan, regression models tested the hypothesis that certain behavioral
indicators would be related to perceived meaningful human control. While most of the hypoth-
esised metrics did not show statistically significant relationships, qualitative analyses revealed
further insights not captured by the quantitative data. For example, mismatched intentions and
resistance to driver inputs, such as steering forces against the driver’s preferred action, were
commonly described as factors that undermined perceived control and the driver’s sense of be-
ing understood by the system. The discussion synthesises both the quantitative and qualitative
findings and provides guidelines for future research on evaluating meaningful human control in
systems that involve physical interaction between humans and automated systems.

7.2 Introduction

Responsibility is generally considered to go hand-in-hand with the level of control (Flemisch
et al., 2012). For example, the driver of a car has a much higher degree of responsibility and con-
trol as compared to a passenger in a train with a low degree of responsibility and control. This
balance of responsibility and control can be disrupted when automation systems take up part
of the control while the drivers of such vehicles are still held responsible for accidents (Beck-
ers et al., 2022). Therefore, understanding how drivers perceive responsibility and control in
partially automated vehicles is essential for the design of vehicle automation.

Vehicle automation is widely seen as a promising way to improve road safety and traffic
efficiency by reducing human error and optimising vehicle behaviour (Fagnant & Kockelman,
2015). Early deployments of fully automated systems have demonstrated benefits, such as re-
ductions in specific crash types (Kusano et al., 2025). In practice, however, most vehicles today
operate at SAE Levels 2–3 (SAE International, 2021), where automation handles some driving
tasks while human drivers must still supervise and intervene. These levels create a paradox:
drivers are expected to remain constantly attentive even though their control role is significantly
reduced (Endsley, 2017). This paradox is most evident in Advanced Driver Assistance Sys-
tems (ADAS), which support SAE Level 2 functions such as adaptive cruise control and lane
centering (Dang et al., 2015; Wang et al., 2015).

One manifestation of this paradox is complacency, an over-reliance on automation in which
drivers’ reactions slow when manual intervention is required due to reduced vigilance. This
decline occurs when automation shifts drivers from active control to passive supervision, reduc-
ing engagement (Chu & Liu, 2023). In human factors terms, this reflects a vigilance decrement
caused by cognitive underload during passive monitoring (Endsley, 2017; Merat et al., 2014).
Such disengagement is critical in scenarios where the driver must retake control unexpectedly:
if unprepared, the driver may respond too slowly, increasing accident risk. At the same time,
many commercial systems are promoted as being capable of “autonomous driving,” even though
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Figure 7.1: Understanding the relationship between the subjective perception of human drivers
and behavioural metrics observable to machines is vital for designing automated
systems under meaningful human control. This study explores how different con-
trol modes affect perceived control when human and automated systems have con-
flicting intentions.

manufacturers specify that drivers must remain ready to intervene when needed. This creates
paradox of automation : the systems are marketed as relieving the driver of control, yet they
simultaneously reduce the driver’s ability to remain vigilant, raising questions about whether
drivers can reasonably be assigned full legal responsibility under these conditions.

Beyond the paradox of automation, partial automation can also erode drivers’ felt responsi-
bility for vehicle behaviour, even though they remain legally accountable. This reduced sense of
responsibility is often explained through the Sense of Agency (SoA), the subjective experience
of initiating and controlling an action. Prior work shows that SoA tends to decline as automation
increases, with higher autonomy reducing awareness and engagement (Moore, 2016; Cornelio
et al., 2022; Berberian et al., 2012a). When individuals feel they did not cause an action, they
are also less likely to accept moral responsibility for its outcomes (Moretto et al., 2011).

Taken together, complacency and declining SoA create a layered challenge: systems expect
drivers to remain attentive and accountable, yet their design undermines the very capacities
required to do so. This mismatch produces misattribution of responsibility (Matthias, 2004;
Santoni de Sio & Mecacci, 2021), where it is unclear who should be held accountable for the
actions of an automated system. Recent evaluations of commercial driving systems illustrate
these gaps: drivers often lack understanding of how well the system can react—or how well they
themselves can react—while manufacturers frequently distance themselves from responsibility
through disclaimers (Calvert et al., 2020b).

To mitigate these responsibility gaps, meaningful human control (MHC) has been proposed
as a normative stance that humans should have control and responsibility over the behaviour of
automated systems(Santoni de Sio & Van den Hoven, 2018). Automated systems must meet
two conditions to be under MHC — 1) the tracking condition which asserts that the behaviour
of automated systems must track the reasons of relevant humans and 2) the tracing condition
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which asserts that it should be possible to trace the responsibility for the behaviours of the au-
tomated system to at least one human. Based on tracking and tracing, subsequent deliberations
have identified four actionable properties for a system to be under MHC: P.1) a clear moral
operational design domain, P.2) shared representations between human and automation, P.3)
humans have necessary ability and authority to control the behaviour of the automation, and
P.4) that automation actions are linked to a responsible human(Cavalcante Siebert et al., 2023).
Thus, as system being under MHC, provides grounds for assigning responsibility to different
human actors.

While MHC has often been discussed as a guiding principle for system design Santoni de Sio
& Van den Hoven (2018); Mecacci & Santoni de Sio (2020); Cavalcante Siebert et al. (2023);
Calvert (2025), a necessary first step is to evaluate whether existing control strategies satisfy its
conditions in practice. Without such evaluation, MHC risks remaining conceptually strong but
practically under-validated. Previous studies have proposed several ways to evaluate MHC, but
many of them assess it only indirectly. For example, some studies rely on perceptions derived
from post-crash analyses (Calvert et al., 2020b) or from driving reports (Suryana et al., 2025b).
However, evaluations based on post-crash analyses do not capture the nuances of real-time
interaction between the driver and the automated system, while those based on driving reports
rely on questions not specifically designed to measure MHC, even though partial alignment
with MHC principles can be inferred.

In this work, we aim to capture drivers’ perceptions of meaningful human control when
interacting with automated driving systems. To achieve this, we combine a questionnaire ex-
plicitly designed to evaluate MHC with driving interaction data, following the approach by
(Verhagen et al., 2024), who integrated subjective measures and interaction data to assess one
aspect of MHC in human-robot interaction for firefighting systems. They argue that while sub-
jective measures offer valuable insights into human experiences, objective metrics are essential
to verify whether the system genuinely supports MHC. Such objective data helps assess the
system’s effectiveness in real-time decision-making scenarios and ensures that humans can be
held accountable for robot actions, thereby preventing responsibility gaps. The key difference in
our study is that we evaluate the entire MHC framework within the context of automated driv-
ing systems, where objective metrics derived from behavioral telemetry data—such as driver
performance, interaction timing, and decision-making accuracy—provide critical evidence of
MHC, complementing subjective perceptions.

To evaluate whether an automated vehicle embodies aspects of meaningful human control,
we focus on driving control strategies currently implemented in automated vehicles. Previous
work by (Suryana et al., 2024, 2025b) shows that current automated vehicles, while not initially
designed with MHC principles in mind, nonetheless exhibit alignment with these conditions.
This suggests that MHC can, to some extent, already emerge from existing system architectures.
Accordingly, we use two common driving control strategies, Haptic Shared Control (HSC) and
Traded Control (TC), as representative approaches to explore how such systems align with MHC
in practice. In HSC, both driver and automation act simultaneously through force feedback
on the steering wheel, supporting smoother collaboration and reducing conflict Abbink et al.
(2018); Wang et al. (2017); Li et al. (2018). In contrast, TC relies on explicit handovers, which
can be simpler to implement but risk disorientation if poorly timed de Winter et al. (2023).
Figure 7.1 illustrates these control modes.

Given these existing systems and their potential alignment with MHC, this paper addresses
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Figure 7.2: Driving simulator experiment: Experimental setup of the fixed-base driving sim-
ulator with VR headset, steering wheel, and audio system, and the repeated over-
taking scenario simulating a silent automation failure on a two-lane, two-way road.
The ego vehicle (white car) overtakes other vehicles and motorcyclists with oncom-
ing traffic (yellow). To simulate silent automation failure, the automation would
”fail to detect” and try to collide with one random motorcyclist per trial. The figure
illustrates one representative configuration

the following research question: To what extent do current driving control strategies enable
drivers to experience meaningful human control in safety-critical situations? We investigate this
question in a controlled driving simulator study where participants interact with an automated
vehicle under both HSC and TC conditions.

The main contributions of this paper are:

• An evaluation framework that integrates behavioural telemetry, subjective questionnaires,
and qualitative insights to evaluate how drivers perceive Meaningful Human Control
(MHC) when interacting with automated vehicles operating under different driving con-
trol strategies.

• Evaluating two control modes based on the driver’s perception of control and responsi-
bility.

7.3 Methods

We conducted a driving simulator experiment (Section 7.3.1) and used surveys to gauge drivers’
subjective perception of interacting with driving automation through different control modes
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(Section 7.3.2). These subjective measurements were complemented with objective behavioural
metrics derived from the telemetry data (Section 7.3.3), which were further analysed to study
the influence of control modes, and relations between subjective perceptions and behavioural
metrics (Section 7.3.4).

Twenty-four participants (13 male, 11 female) between the age of 23 to 36 years (with
average and SD 29.2 ± 3.75 years) were recruited from the student and research community at
Delft University of Technology between December 2023 and April 2024 via flyers distributed
through personal contacts and snowball sampling, where enrolled participants referred others.
Eligible candidates must (i) have held a valid driving licence for at least one year, (ii) have
normal or corrected-to-normal vision without spectacles (contact lenses were permitted), and
(iii) have no history of epilepsy or other conditions that could be aggravated by virtual reality
(VR).

The study protocol was approved by the Human Research Ethics Committee (HREC) of
Delft University of Technology (ID: 111053). Written informed consent was obtained from
all participants prior to the experiment. At the beginning of the experiment, participants were
reminded of their right to withdraw at any time without penalty. A C10 voucher was provided
to each participant upon completion of the experiment. All data were anonymised and stored
using unique participant identification codes.

7.3.1 Driving simulator experiment

The participants were asked to drive through a section of a rural road supported by driving
automation; this was done repeatedly over a sequence of trials. In each trial, participants had
to complete a sequence of overtaking manoeuvres while interacting with an automated driving
system through a haptic steering wheel (SensoDrive high fidelity steering wheel SensoDrive
(2025)). Participants were presented a first person-view using Varjo VR-3 virtual reality headset
while seated in front of a steering wheel which was capable of providing haptic feedback (Figure
7.2). The experiment was configured in JOAN Beckers et al. (2023) – the framework for running
experiments in the CARLA environment Dosovitskiy et al. (2017). Sony WH-1000XM3 noise-
cancelling headphones were used to reduce auditory distractions.

As the participants drove through a bidirectional rural road with straight and winding sec-
tions, the speed of the ego vehicle was fixed at 50 km/h under cruise control and the participants
had no control over the accelerator or brakes. They could only control the steering wheel. While
driving they encountered right-hand traffic travelling in both directions at a constant speed of
40 km/h, nine travelling in the same direction, and five in the opposite direction (Figure 7.2).
The presence of oncoming traffic ensured that drivers had to continuously switch lanes to avoid
collisions. In each trial, participants were responsible for controlling the steering to prevent
collisions with other vehicles.

Apart from trials with manual control, where the driver had complete control over the steer-
ing, there were trials where the driver had to interact with a driving automation system. The
driving automation was programmed to follow a pre-recorded reference trajectory. Participants
interacted with the automation in two control modes (varied across trials): haptic shared con-
trol (HSC) and traded control (TC). In HSC, both the automation and the driver can apply
torques on the steering wheel at the same time and thus steer the vehicle together. In TC, if
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Figure 7.3: Deriving hypotheses about survey questions and behavioural metrics from the
properties of systems under meaningful human control (MHC): Survey ques-
tions related to MHC properties were used to evaluate subjective perception of
MHC. The figure also shows the hypothesised dependence of subjective percep-
tion of MHC on behavioural metrics and control modes.

the driver applies a torque above a threshold, the automation turns off for one second while the
driver has complete authority over steering the ego vehicle. If the torque applied by the human
remains below the threshold for more than one second, automation torque gradually increases
until it regains full authority or is intervened upon by the driver.

To familiarise participants with the control modes and driving task, each participant com-
pleted four familiarisation trials: (i) manual driving without traffic, (ii) manual driving with
traffic, (iii) driving with traffic under HSC, and (iv) driving with traffic under TC. The main
experiment then consisted of nine trials: Trial 1 involved manual driving, while Trials 2–9 fea-
tured automated driving in either TC or HSC, with four trials per mode. The order of automated
trials was randomized to balance conditions across participants.

To investigate participants’ interaction with automation in safety-critical scenarios, we sim-
ulated a silent automation failure in every automated driving trial. Specifically, the ego vehicle
was programmed to follow a trajectory leading toward a potential side collision with a motorcy-
cle as illustrated in Figure 7.2. The motorcycle’s position was randomized across trials to avoid
learning effects, with position distributions balanced across participants and control modes.

Participants were instructed to remain in their lane unless overtaking is needed, avoid col-
lisions, stay on the road, and retain responsibility for safety because driving automation is im-
perfect and failures are possible. Participant’s subjective perceptions were quantified after each
trial using a post-trial survey (Section 7.3.2). After completing all the trials, a descriptive post-
experiment questionnaire was used to qualitatively assess the subjective perceptions about the
interaction (Section 7.3.2).
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7.3.2 Subjective perception of MHC

Post-trial surveys with a rating scale were used to quantify the perception of the participants
(Section 7.3.2) and open ended post-experiment surveys were used to get a deeper understand-
ing of the cues that influenced to their perception (Section 7.3.2).

Post-trial subjective scores

Seven Likert-scale (1 to 10) questions (Table 7.1) were asked after each trial to gauge how
participants experienced the interaction with the driving automation and to ultimately assess
the extent to which the driving automation operated under MHC. The questions were inspired
from the actionable properties of systems under MHC Cavalcante Siebert et al. (2023). Since
we were more focussed on the interaction between the human and the automation, rather than
on the design of the automation itself, we designed the control modes HSC and TC to have
identical moral operational design domains (moral ODDs). Hence, we did not include any
question for Property 1 (moral operational design domain (moral ODD)). Property 2 (shared
representations) was divided into three components: AV understood me, I understood AV,
and working together. This division reflects Cavalcante Siebert et al.’s Cavalcante Siebert
et al. (2023) description that shared representations between human and AI systems depend on
how both agents understand each other and are able to update their representations in response to
changing reasons. The remaining properties were each represented by one subjective perception
item: sufficient control for Property 3 (ability and authority to control) and responsible for
Property 4 (actions are linked to a responsible human). Figure 7.3 shows the mapping between
MHC properties, subjective perception questions, and behavioural metrics.

In addition to items directly related to the MHC properties Cavalcante Siebert et al. (2023),
we included questions on perceived safety and trust; as previous research has demonstrated,
they can strongly influence evaluations of MHC based on how drivers experience interactions
with driving automation Suryana et al. (2024).

As the manual driving trials did not include driving automation, some of the questions were
not applicable to these trials and a modified set to questions M1, M2 and M3, were used evaluate
the baseline perception of sufficient control, responsibility and safety respectively (Table 7.1).

Post-experiment descriptions

After all the driving trials, an open-ended post-experiment questionnaire was administered to
get a deeper understanding of the perceptions of the participant and the factors that might have
influenced these perceptions. The questions related to the same concepts mentioned in post-trial
questions (sufficient control, AV understood me, I understood AV, working together responsibil-
ity, safety, and trust). Two questions per concept probed whether they had a positive or negative
experience of that concept and to detail their experience. For example, the questions related to
sufficient control were:
D1: “Were there any situations where you felt you had sufficient control over the automated
vehicle operation? Please describe.” and,
D2: “Were there any situations where you felt you did not have sufficient control over the auto-
mated vehicle operation? Please describe.”
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Post-trial questions – automated driving trials Property
A1: I felt that I had sufficient control over the automated vehicle Sufficient control (P3)
A2: I felt that the automated vehicle understood my intentions during the
driving task

AV understood me (P2)

A3: I felt that I had sufficient understanding about the behaviours of
automated vehicle

I understood AV (P2)

A4: I felt that the automated vehicle and I were working together towards the
same goal

Working together (P2)

A5: I felt responsible for the driving task when I was using the automated
vehicle

Responsible (P4)

A6: I felt safe in the automated vehicle during the driving task Safe
A7: I trusted the automated vehicle during the driving task Trust
Post-trial questions – manual driving trials
M1. I felt that I had sufficient control over the vehicle. Sufficient control
M2. I felt responsible for the driving task when I was using the vehicle. Responsible
M3. I felt safe in the vehicle during the driving task. Safe

Table 7.1: Post-trial questions that participants had to answer on a Likert scale (1 to 10) after
interacting with the automated driving system through haptic shared control or traded
control, and their relation to the four properties for meaningful human control. The
questions for manual driving were redacted since there was no automation involved.

An exhaustive list of the questions is included in the supplementary material.

These items were designed to record in greater detail the overall impressions of participants
for HSC and TC, to elicit scenarios that positively or negatively affected their perception of
the qualities being measured in the post-trial questionnaire, and to compare their experiences
across conditions. In particular, they addressed aspects that could not be evaluated meaningfully
on a trial-by-trial basis, such as general system preference, system characteristics that affect
workload, and qualitative reflections on system behaviour. This approach follows Verhagen
et al. (2024), who employed post-experiment reflections to evaluate the traceability dimension
of MHC. In our study, such qualitative insights provide valuable context for understanding the
Likert-scale scores recorded after each trial.

7.3.3 Behavioural metrics and hypotheses

To study how these subjective perceptions were related to behavioural aspects of driver-automation
interaction, we formulated behavioural metrics which were hypothesised to be correlated to sub-
jective perception scores 7.3. These metrics quantify aspects related to the interaction dynamics
between the driver and the automation, driver’s performance, and the characteristics of vehicle
trajectories. Brief descriptions of metrics and the hypotheses linked to each are mentioned
below.

Reaction time: In experiment trials, where a silent automation failure would trigger a risky
manoeuvre towards a motorcyclist, the reaction time was quantified as the time between the
initiation of the risky manoeuvre and first instant when the steering torque applied by the driver
exceeded a threshold. We hypothesised that smaller reaction times would be correlated with
greater scores for ‘sufficient control’, and that the reaction times would be shorter for HSC than
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for TC.

Conflict in steering torques: In the experiment, the human driver interacted with the automa-
tion through the steering wheel and we use the conflict in steering torques to measure the dis-
agreement between the human and the automation. In line with prior research (Boink et al.,
2014), we hypothesise that high values of conflict are negatively correlated with scores for ‘AV
understood me’. ‘I understood AV’ and ‘Working together’. Regarding the control modes,
based on the assumption that interactions with HSC will be smoother, we hypothesis that con-
flict will be lower for HSC than for TC.

Maximum steering torque: When interacting with the automation, the maximum steering
torque exerted by the participant reflect their control effort. Earlier studies have also shown
that drivers exert maximum torque when resisting lane-keeping or lane-departure assistance
(Ercan et al., 2018). Thus, we hypothesise that higher maximum steering torques are negatively
correlated with scores for ‘sufficient control’ and ‘working together’. Furthermore, owing to
the smoothness of the interaction in HSC, we hypothesise that maximum steering torques will
be lower for HSC than in TC.

Steering reversal rate: A established method for quantifying the control effort of a driver
considers the steering reversal rate: the greater the steering reversal rate, the greater the control
effort of the driver (Mars et al., 2014). We hypothesise that higher steering reversal rates are
negatively correlated with the scores for ‘sufficient control’, ‘I understood AV’ and ‘Working
together’. Based on the continuous nature of HSC, we hypothesise that the steering reversal rate
would be lower for HSC than for TC.

Jerk of vehicle trajectories: The smoothness of the trajectories of the ego vehicle were also
analysed based on the root mean square jerk of the ego trajectory. We hypothesised that non-
smooth trajectories with higher jerks would be negatively correlated with the score for ‘suffi-
cient control’. Also, assuming that HSC would result in smoother trajectories, we hypothesised
that jerk would be smaller for HSC than TC.

Time to Collision (TTC): In each trial where a simulated automation failure could lead to a
potential collision with a motorcyclist, the minimum TTC betwween the ego vehicle and the
motorcyclist can be used to measure the criticality of an interaction: the lower the TTC, the
more critical the interaction is. We hypothesised that greater criticality of interactions (with low
TTCs) would negatively impact the sense of ‘sufficient control’ i.e., that high values of TTC
would be correlated with high scores for ‘sufficient control’. Furthermore, based on the as-
sumption that drivers can react sooner in HSC leading to less critical situations, we hypothesise
that TTC would be larger for HSC than for TC.

Number of takeovers: When a driver is interacting with the automation, a take over is said to
have happened if the torque applied by the driver exceeds the threshold which would disengage
the automation in TC. We assumed that takeovers would be triggered when the behaviour of the
automation were not aligned with the intentions of the driver and hypothesised that the number
of take overs would be negatively correlated with scores of ‘AV understood me’ and ‘working
together’. At the same time, we hypothesised that the number of takeovers would be positively
correlated with the scores for ‘responsible’, as the driver would have more influence on the
trajectory of the ego vehicle with more take overs. We assumed that participants would be more
engaged in HSC and hypothesised that the number of takeovers would be greater in the case of
HSC than for TC.
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Trajectory deviation: The deviation of the trajectory of the ego vehicle from the reference
trajectory directly reflect the contribution of the driver. Thus, we hypothesise that trajectory
deviation is positively correlated with the score for ‘responsible’. Also, assuming that drivers
are more engaged in HSC, we hypothesise that trajectory deviation is higher for HSC than TC.

Overtaking time: In our exploratory analysis, to quantify how driver’s preferences might devi-
ate from the reference trajectory, we also included the overtaking time defined as the time spent
by the ego vehicle in the overtaking lane. Since, the preferences of individual drivers might lead
to longer or shorter overtaking times, we did not associate any hypotheses with the overtaking
time.

All of these metrics by providing objective insight into the behaviour of drivers, complement
the data collected about the subjective perception of various concepts related to MHC. More
detailed descriptions about the definition and calculation of these metrics can be found in the
supplementary materials 1.

7.3.4 Analysis

Behavioural data and subjective scores collected during the experiment was analysed quantita-
tively to test hypotheses and the answers to post-experiment questionnaires were qualitatively
analysed to garner deeper insights into factors affecting them.

Quantitative Analysis

To analyse the effect of the control modes (HSC and TC) on the behaviour of participants, we
fit linear mixed-effect models (LMMs) for each behavioural metric (Section 7.3.3) with the z-
scored behavioural metric as the dependent variable, control mode as the independent variable
with a fixed effect, and participant ID as a random intercept.

To examine how participant’s perceptions during the experiment were related to their be-
haviour and control modes, we analysed the subjective scores which were recorded in the post-
trial questionnaire (Section 7.3.2). For each subjective perception item, one LMM was fit with
the subjective score as the dependent variable, control modes and all behavioural metrics as
independent variables with fixed effects, and participant ID as a random intercept.

The results of these LMMs fit for behavioural metrics and subjective scores were used in
the confirmatory analyses of the hypotheses (Figure 7.3). Since two sets of models were fit on
the data, one for each behavioural metric and subjective score, we used a Bonferonni correction
of 2 to arrive at p < 0.025 (= 0.05/2) for testing hypotheses for the confirmatory analysis.

Besides the confirmatory analysis, we conducted an exploratory analysis of the LMMs of
the subjective scores to identify any relations between subjective scores and behavioural metrics
that might have been overlooked in the hypotheses. The purpose of the exploratory analysis was
not to make further claims, but to provide fodder for future experiments. In our initial hypoth-
esis, we had assumed that the relationships between subjective scores and behavioural metrics
would be the same across control modes. But some responses from in the post-experiment ques-

1Link to supplementary materials: under preparation
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tionnaire hinted that the nature of the interaction, as determined by the control mode, might also
influence the relationships between subjective scores and behavioural metrics. To study whether
control modes influence these fixed-effects, we split the data and fit separate LMMs for each
control mode. For the exploratory analysis, statistical significance of slopes was assessed at
p < 0.05.

Qualitative analysis

Free-text answers of participants to post-experiment questionnaires were analysed by two coders.
First, both coders reviewed participants’ responses in their entirety to ensure familiarity with the
dataset. An initial coding pass was conducted by one coder to identify all possible topics men-
tioned by participants, without restricting the scope to pre-defined categories. This exploratory,
data-driven approach allowed for the inclusion of topics beyond those anticipated by the MHC
framework.

Following the initial coding, similar topics were consolidated into broader thematic cate-
gories. Within each category, related ideas were organised into subtopics that together captured
the range of participant experiences. This hierarchical structure enabled the preservation of
nuanced perspectives while reducing redundancy and complexity in the dataset.

Once the preliminary categorisation was complete, a second coder independently reviewed
the grouped topics. Both coders then developed labels and classifications for each factor, deter-
mining the most appropriate and precise naming. This independent labelling stage ensured that
classification decisions were made without bias from prior discussion.

Inter-coder agreement was assessed on a set of 53 coded items. The observed agreement
between coders was 79.2%, with Cohen’s kappa (Cohen, 1960) of –0.066 and Gwet’s AC1
(Gwet, 2008) of 0.745. The negative kappa value was attributable to the absence of “No”
cases in the ground truth, which can produce prevalence bias in kappa calculations (Feinstein
& Cicchetti, 1990). The agreement between both coders was on the presence of a factor in
42 cases, with disagreement in 11 cases (nine coded as present by Coder 1 only, two coded as
present by Coder 2 only), and no instances where both coded the factor as absent. Given these
conditions, Gwet’s AC1 was taken as the more robust measure of agreement.

Discrepancies between coders were resolved through discussion until full consensus was
achieved. This consensus-based, investigator-triangulation approach follows established best
practices for directed content analysis (Hill et al., 2005; Braun & Clarke, 2006; Campbell et al.,
2013).

7.4 Results

We present the quantitative results from the perspective of the behavioural metrics and their
relation to the control modes and subjective scores (7.4.1) and the qualitative results from the
perspective of subjective perceptions (7.4.2).
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and TC, controlling for participant-level baselines is represented by the slope coefficients for LMMs fit

with the formula: behavioural-metric∼ control-mode+(1|participant).
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(b) Subjective perception vs control modes. Estimated differences in perception scores between HSC
and TC, controlling for participant-level baselines is represented by the slope coefficients for the LMM

fit with the formula: subjective-score∼ behavioural-metric+ control-mode+(1|participant).

Figure 7.4: Quantitative results for control modes. This figure summarises how control mode
influenced behavioural metrics (a) and subjective scores (b). Only the results in (a)
were used to test the hypotheses about the effect of control modes on behavioural
metrics (Table 7.2) at α = 0.05/8 = 0.006. In this figure, * indicates p < 0.05.

7.4.1 Quantitative findings

The statistics of behavioural metrics and subjective scores with respect to the control modes
are presented in Fig. 7.4. The results of the confirmatory analysis regarding the hypothesised
relationship behavioural metrics and control modes are shown in Table 7.2. Summary of the
confirmatory analysis of the hypothesised correlations between behavioural metrics and sub-
jective score are shown in Table 7.3. The results from the exploratory analysis for uncovering
correlations between subjective scores and behavioural metrics are collected in Fig. 7.5. We
highlight the main findings for each behavioural metric below.

Reaction time: In accordance with our hypothesis, reaction times were significantly lower for
HSC than for TC (β= 1.33, p< 0.001). However, contrary to our hypothesis, reaction time was
positively correlated with the score for ‘sufficient control’ (β= 0.24, p= 0.01). The exploratory
analysis also revealed a positive correlation between reaction time and the score of ‘responsible’
for HSC (β = 0.18, p = 0.04).
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Behavioural Metric Hypothesised
relations

Observed
relations Slope β p-value Hypothesis

accepted
Reaction time HSC < TC < 1.33∗ < 0.001 ✓
Conflict HSC < TC −0.10 0.42
Maximum steering torque HSC < TC < 0.57∗ < 0.001 ✓
Steering reversal rate HSC < TC −0.00 0.99
Jerk HSC < TC −0.10 0.36
TTC HSC < TC −0.35 0.03
Take overs HSC < TC > −1.37∗ < 0.001 ✓
Trajectory deviation HSC < TC −0.10 0.48

Table 7.2: Confirmatory analysis – behavioural metrics vs control modes: Hypothesised
relations between behavioural metrics and control modes, which were tested at p <
0.025, from the results of the LMM fits for behavioural-metric ∼ control-mode+
(1|participant). ‘>’ indicates greater values of the metric for HSC than for TC and
‘<’ indicates the opposite. To control for family-wise error error rate when testing
the eight hypotheses a Bonferroni correction was applied on α = 0.05/8 = 0.006 as
the level of significance.

Conflict in steering torques: Even though the conflict in steering torques for HSC and TC were
not significantly different, we did find evidence for our hypothesis that conflict is negatively
correlated with the score for ‘AV understood me’ (β = −0.34, p = 0.001). Furthermore, the
exploratory analysis showed that conflict was positively correlated with the score of ‘sufficient
control’ for HSC (β = 0.39, p = 0.01) and negatively correlated with the score of ‘responsible’
for TC (β =−0.27, p = 0.03).

Maximum steering torque: Consistent with our hypothesis, maximum steering torque was
lower for HSC than for TC (β = 0.57, p < 0.001). The exploratory analysis also showed a
positive correlation between maximum steering torque and the score of ‘responsible’ for TC.

Steering reversal rate: For steering reversal rate no significant differences between control
modes or correlations with subjective scores were found.

Jerk of vehicle trajectories: The data showed no significant difference between the jerk of
vehicle trajectories between HSC and TC. None of the hypothesised correlations of jerk with
subjective scores were substantiated in the confirmatory analysis. The exploratory analysis
showed that jerk was negatively correlated with the score of ‘safe’ (β = −0.22, p = 0.01) —
especially for TC (β =−0.314, p = 0.01).

Time to collision: The data did not show a significant difference in TTC for the two control
modes HSC and TC. There was no evidence the hypothesised correlation between TTC and
the score of ‘sufficient control’ either. However, the exploratory anaylysis did show a positive
correlation between TTC and the score for ‘AV understood me’ for TC.

Number of takeovers: As per our hypothesis, the number of takeovers was larger for HSC than
for TC (β =−1.37, p < 0.001). No evidence was however seen for correlations of the number
of takeovers with any of the subjective scores.

Trajectory deviation: Trajectory deviation showed no significant difference between HSC and
TC. The confirmatory analysis could not find evidence for any of the hypothesised correlations
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Subjective
score Behavioural metric Hypotheses Slope β p-value α

Hypothesis
accepted

Sufficient
control

Reaction time - 0.238* 0.014 0.001

Maximum steering
torque

- 0.038 0.666 0.001

Steering reversal rate - -0.178 0.086 0.001
Jerk - -0.148 0.083 0.001
TTC + 0.033 0.621 0.001

AV
understood me

Conflict - -0.344* 0.001 0.003 ✓

Take overs - -0.019 0.880 0.003
I understood
AV

Conflict - -0.130 0.203 0.003

Steering reversal rate - -0.038 0.720 0.003
Working
together

Conflict - -0.110 0.307 0.001

Maximum steering
torque

- -0.080 0.402 0.001

Steering reversal rate - 0.061 0.565 0.001
Take overs - -0.176 0.167 0.001

Responsible Take overs + 0.182 0.90 0.003
Trajectory deviation + -0.022 0.769 0.003

Table 7.3: Confirmatory analysis — subjective scores vs behavioural metrics: Hypoth-
esised relations between subjective answers and behavioural metrics which were
tested at p < 0.025 for the LMM fits for subjective-score ∼ behavioural-metric+
control mode+(1|participant). ‘+’ indicates that perception score increases with an
increase in the metric and ‘-’ indicates a reduction in perception score decreases with
an increase in the metric. For each subjective score, when testing the hs hypotheses
related to it, a Bonferroni correction was applied to control the family-wise error
rate, with α = 0.05/hs as the level of significance.

of trajectory deviation with subjective scores. The exploratory analysis showed that trajectory
deviation was negatively correlated with the score of ‘sufficient control’ (β =−0.19, p = 0.02)
and positively correlated with the score for ‘trust’ (β = 0.24, p = 0.01) — especially for TC
(β = 0.29, p = 0.05).

Overtaking time: Overtaking time was not part of our hypotheses and was purely included for
exploratory purposes. Data showed that overtaking time was larger for TC than for HSC (β =
0.46, p < 0.001). Overtaking time was also found to be positively correlated with safety(β =
0.22, p = 0.04) and trust (β = 0.24, p = 0.05). Additionally, for HSC, there was a postive
correlation between overtaking time and the score of ‘sufficient control’ (β = 0.35, p = 0.01).
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Figure 7.5: Exploratory analysis — Subjective scores vs behavioural metrics: a) The slope
coefficients for the metric from the mixed-model regression with the formula:
subjective-score∼ behavioural-metric+control-mode+(1|participant). * indicates
p < 0.05.

7.4.2 Qualitative findings

From the qualitative analysis, we identified factors that positively and negatively affected dif-
ferent perceptions related to MHC. These factors along with remarks for control modes sum-
marised in Table 7.4. We classified the factors into three categories: (1) epistemic factors
• relating to mental states of participants, (2) interaction factors ■ relating to human-av in-
teraction through the steering wheel, and (3) trajectory factors ▶ relating to the motion of
vehicles. We follow this categorisation when describing the findings for each type of perception
are described below.

Sufficient Control

Within the epistemic dimension, participants reported that HSC gave them a greater sense of
control, describing that in most cases they felt they had sufficient control over the AV’s op-
eration (ID61, ID90). Regarding trajectory, one participant noted limitations in their ability
to influence certain driving features, particularly vehicle speed, as a factor that reduced their
perception of having sufficient control (ID58). In terms of interaction, the ease of overriding
the AV’s actions and maintaining continuous access to the steering wheel were identified as fac-
tors that enhanced the perception of control (ID17, ID58, ID172). Conversely, situations where
the system applied steering forces against the driver’s intention, in both TC and HSC (ID106,
ID203), created a sense that control was being taken away rather than shared. Furthermore,
the time and effort required to readapt to manual control after abrupt takeovers (ID61, ID90,
ID172, ID242), the need for continuous vigilance (ID19), and the exertion of invasive forces in
TC were cited as reducing the sense of control.
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AV understood me

Perception of whether the AV understood the driver often depended on its ability to anticipate
intentions accurately and act safely. In trajectory, participants reported that when the vehicle
anticipated their manoeuvre intentions, such as overtaking or aligning within the lane, they felt
the AV understood them (ID167, ID172). Conversely, mismatched anticipation, such as return-
ing to the lane too early and creating a potential crash situation, made them feel misunderstood
(ID229). From the perspective of human–automation interaction, low steering resistance (ID17)
and the perception that TC would give control the moment the driver intervened (ID61) were
taken as behaviours that aligned with the perception that the system understood the driver. On
the other hand, situations where drivers felt the system applied strong steering resistance against
their preferences (ID264) reduced this sense of understanding. Finally, in terms of epistemic
factors, TC was sometimes linked to unsafe perceptions when they changed lanes while a mo-
torcycle still adjacent (ID106, ID172).

I understood AV

Understanding of the AV’s behaviour was often shaped by the predictability of its actions. In
terms of epistemic factors, participants noted that familiarity with how HSC and TC operated
made them understand the AV’s intentions (ID17, ID58). For trajectory, several negative ex-
periences were reported, including erratic actions such as briefly driving off the road (ID302),
unsafe manoeuvres that could lead to a crash (ID454), and mismatched manoeuvre timings
that were either too early or too late (ID137, ID203). These actions influenced participants’
confidence in anticipating the AV’s next move. Regarding human–automation interaction, sub-
tle torque feedback was perceived as a helpful indicator for understanding the AV’s intentions
(ID58, ID61), while overly strong torque feedback (ID172) or unnecessary steering jerks (ID17)
were seen as intrusive factors.

Working together

In epistemic factors, a sense of cooperation between the driver and the AV was associated with
HSC (ID172). In trajectory, safe manoeuvres such as avoiding a bump with the vehicle in front
(ID227) were viewed as signs of effective teamwork, whereas unsafe manoeuvres that could
potentially lead to a crash with other vehicles undermined this perception (ID224). For hu-
man–automation interaction, subtle steering corrections provided by the AV, the ability to take
over control with minimal pressure in HSC (ID17), and a sense of shared execution (ID40) rein-
forced the feeling that participants and the AV were working together. However, one participant
also described having to make steering corrections themselves due to mismatched intent, which
was seen as undermining the feeling of working together with the automation systems (ID58).
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Table 7.4: Factors affecting the subjective perception: The qualitative analysis of post-
experiment answers revealed factors that participants believed to positively and nega-
tively affect their subjective perception. Remarks pertaining to the nature of the con-
trol modes were also summarised. These factors were classified into three categories
as 1) those pertaining to epistemic • states, 2) those pertaining to the interaction
■ between the human and the automation, and 3) those pertaining to the trajectory
▶ of the vehicle.

Positive Negative Control mode

Sufficient Control

• Need for continuous
vigilance

• Greater sense of control
for HSC

■ Continuous access to
control (HSC)

■ Abruptness of take overs
(TC)

■ Override capability ■ Force against driver
intention

■ Forces in TC more
invasive

■ Control overshoots
■ Disruptions in fluency

AV understood me

• Anticipation of intention •Mismatched anticipation
of intention

■ Subtle torque feedback • Lack of safety (TC)
■ Low steering resistance ■ High steering resistance
■ Override capability
(HSC)
▶ Timing ▶ Mismatched timing
▶ Smooth lane alignment

I understood AV

• Transparency of AV
intention

• Lack of transparency of
AV intention

■ Clear takeovers • Lack of safety
■ Subtle torque feedback ■ Stronger torque feedback

■ Unnecessary steering
jerks
▶ Erratic trajectories
▶ Mismatched timing

Working together

• Effortless coordination
(HSC)

• Drivers preferring
autonomy, preferred HSC

• Shared direction (HSC)
• Safety • Lack of safety
■ Subtle AV corrections
matching driver intent

■ Driver corrections due to
mismatched intent
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Table 7.4: Factors affecting the subjective perception: The qualitative analysis of post-
experiment answers revealed factors that participants believed to positively and nega-
tively affect their subjective perception. Remarks pertaining to the nature of the con-
trol modes were also summarised. These factors were classified into three categories
as 1) those pertaining to epistemic • states, 2) those pertaining to the interaction
■ between the human and the automation, and 3) those pertaining to the trajectory
▶ of the vehicle.

Positive Negative Control mode

Responsible

• Need for supervision
(TC), & Expectation to
correct (HSC)

• Redundancy of human
input

• Control mode defined
responsibility

• Different driving style • Shared-intent moments
(TC)

• Safety-critical situations •Monotonous driving
• Novelty and
untrustworthiness
• Accountability (moral,
legal)

■ Physically disengaged
(TC)

■ Low steering resistance ■ Force against driver
intention (HSC)

Responsibility

Participants’ awareness of responsibility was shaped by how they understood their role, the
driving situation, and the nature of their interaction with the AV. In epistemic factors, some
participants recognised their operational responsibility to supervise in TC and to drive as in
manual mode when using HSC (ID61), both of which positively influenced their awareness of
responsibility. Others acknowledged knowing they were the responsible party even when they
were not actively controlling the vehicle (ID172). Counterintuitively, a low level of trust in the
system positively influenced participants’ perception of responsibility, with some attributing
this to their first time driving such a system (ID203). However, a perception of partial respon-
sibility, in which the participant could intervene with the AV but also recognised that the AV
could complete the manoeuvre without their input, led to ambiguity that reduced their feeling
of responsibility (ID17). In terms of trajectory, driving situations that were safety critical, such
as overtaking (ID430), led to a higher perception of responsibility, while monotonous driving
on a straight road (ID278) and low traffic situations (ID203) were associated with feeling less
responsible. Finally, for human automation interaction, both HSC and TC were reported as
causing negative perceptions of responsibility. In TC, participants felt that they could let the
steering wheel operate by itself, which reduced their sense of responsibility (ID90). In HSC,
one participant reported that feeling forced to make certain moves made them feel less respon-
sible (ID17).
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7.5 Discussion

We synthesised the information from qualitative post-experiment questionnaires, quantitative
post-trial surveys and behavioural metrics to get a deeper understanding of the factors affecting
the perception of control and responsibility of drivers interacting with an automation system in
Section 7.5.1. We follow this with a discussion on the comparison of control modes in Section
7.5.2. Implications of the MHC framework and guidelines for applying it are discussed in
Section 7.5.3. We wrap up with the limitations of this work and directions for future research
in Section 7.5.4.

7.5.1 Factors related to subjective perception

The quantitative analysis only confirmed one of our hypothesis regarding the relation between
subjective scores and behavioural metrics — the negative correlation between the score for ‘AV
understood me’ and conflict in steering torques. More insight from the exploratory analysis are
included in the discussions for each type of perception below.

Based on the qualitative data, epistemic concepts like intention and safety featured heavily in
the factors affecting the perception of MHC concepts being evaluated. Additionally, moral and
legal obligations, and untrustworthiness and novelty of the automation also played a crucial role
in affecting the sense of responsibility of the participants. These high-level epistemic concepts
were further dependent on low-level concepts relating to the trajectory of the vehicle and the
nature of the interaction between the human and the automation.

Attributes of the trajectory like the timing of overtaking manoeuvres, distance to other vehi-
cles, and direction of driving contributed to participant’s perception of safety and understanding
of the intentions of the AV. Matching intentions and driving styles of the AV positively affected
the perception of MHC, while mismatches reduced the perception of MHC. Similarly, lack of
safety negatively affected the perception scores.

The nature of the interaction between the driver and automation characterised by the torques,
jerks and stiffness of the steering also influence the driver’s perception of MHC. High torques,
jerks or stiffness that increased the control effort, control overshoots, disruptions to fluent con-
trol and sudden changes in dynamics that warranted adaptations were cited as negatively affect-
ing subjective perception of MHC. Subtle haptic guidance by the automation that aligned with
the intentions of the driver had a positive influence on the perception of MHC, whereas, driver
corrections due to mismatches in intent had a negative effect.

The following subsections provide a detailed discussion of the different factors affecting the
perception of each MHC concept.

(1.) Sufficient control (MHC Property 3): None of our hypotheses regarding correlation of
factors with the perception of ’sufficient control’ were accepted in our confirmatory analysis.
The exploratory analysis revealed that the score for ‘sufficient control’ was positively correlated
with reaction time (β = 0.24, p = 0.01) and negatively correlated with trajectory deviation
(β = −0.19, p = 0.02). And for HSC alone, the score for ‘sufficient control’ was positively
correlated with conflict in steering torques (β = 0.39, p = 0.01) and overtaking time (β = 0.35,
p = 0.01).
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The most interesting finding from the exploratory analysis was the positive correlation of
reaction time with the score for ‘sufficient control’, which contradicts our initial hypothesis.
We had assumed that faster reaction times would have generated stronger perception of control.
However, stronger perception of control might have made participants more complacent causing
them to react late as found in previous studies (Payre et al., 2016; Dixit et al., 2016). This
would mean that participants would have greater reaction times for the control mode for which
they had greater sense of control. However, when comparing the control modes, HSC has a
higher score for ‘sufficient control’ (p < 0.001) and a lower reaction time than TC (p = 0.01),
and thereby contradicts the complacency explanation. Another plausible explanation might
lie in the dynamics of the interaction - when participants react early, they only have to make
smaller corrections than when they react late, which might lead to greater sense of control in
cases where they react late. This presents an interesting contradiction where humans might be
getting greater sense of agency for late reactions of greater magnitude than smaller reactions
of small magnitude. Future research should explore this dynamic, especially in relation to
sensory attenuation (where agents perceive their own actions to be of a smaller magnitude)
and intentional binding (where agents perceive that the time interval between them doing some
action and its outcome is smaller than the actual time elapsed) which have been related to
sense of agency (Wen & Imamizu, 2022; Berberian et al., 2012b). To be more specific, sensory
attenuation might cause them to feel that they are not doing much when agents are performing
small actions when reacting fast (Bays et al., 2006). And intentional binding might be caused by
extra cognitive load triggered when humans are being active (Wenke & Haggard, 2009), which
might also explain why reaction times are higher when they are active.

AV understood me (MHC Property 2): The score for ‘AV understood me’ was negatively
correlated with conflict in steering torques in accordance with our hypothesis (β = −0.34,
p = 0.001). Furthermore, the exploratory analysis for TC alone revealed a positive correlation
between time to collision (TTC) and the score for ‘AV understood me’ (β = 0.25, p = 0.03).

This perception had no statistical difference between HSC and TC. Quantitatively, the only
metric that reached significance was conflict, which was negatively associated with “AV un-
derstood me.” This is consistent with participants’ qualitative reports that force against their
intention or invasive steering torque undermined the feeling that the AV understood them. In
other words, when drivers experienced strong resistance from the automation, they interpreted
it as misalignment of intent. In the shared-control literature, such situations are often referred
to as “fighting” (Abbink et al., 2012).

By contrast, takeovers, which we had hypothesised to be negatively related, showed near-
zero association, and participants likewise did not mention takeover frequency as a reason for
feeling misunderstood. Two non-hypothesised trends ran positive: higher steering reversal
rate and greater trajectory deviation were weakly associated with stronger feelings that the AV
understood the driver. Qualitative accounts help explain these patterns. Participants noted that
when the AV anticipated manoeuvre intentions (e.g., lane alignment or well-timed overtakes),
they felt understood. The plausible explanation of this is that trajectory deviations sometimes
reflect the AV adapting to the driver’s preferences rather than deviating from the ideal path.
Similarly, participants described how override capability during negotiation supported their
sense of being understood, aligning with the weak positive trend in steering reversal rate. In
this view, deviation and reversal rate may reflect shared control responsiveness rather than poor
control.
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Thus, for “AV understood me,” the most reliable behavioural metric was low conflict. This
metric aligned with participants’ accounts that forces against their intention indicated misun-
derstanding. Takeover counts provided little diagnostic value. Exploratory trends suggest that
event-level responsiveness can foster perceived understanding. This responsiveness could be
understood in the case of AV deviating from its nominal path to align with the driver, or making
small co-directed adjustments. This highlights the value of developing event-based interaction
measures rather than relying on global counts or RMS values.

I understood AV (MHC Property 2): The results did not indicate any correlations between
the score for ‘I understood AV’ and the behavioural metrics. We might be tempted to say that
the experiment might not have triggered a sufficient variation in the score for ‘I understood
AV’, but, the significant difference in the scores for HSC and TC (p < 0.001) clearly negate
this assumption. So, we need novel formulations of behavioural metrics for future experiments
exploring the perception of ‘I understood AV’.

Participants reported higher understanding of the AV under HSC than TC. Quantitatively,
this perception was not significantly associated with any behavioural metric. All observed as-
sociations were non-significant, though some trended in expected directions. Conflict showed
a negative trend, suggesting that less conflict may support better understanding, but the asso-
ciation was not statistically reliable. Reaction time and takeovers also trended in the expected
directions: longer reaction times were weakly linked to greater understanding, whereas more
frequent takeovers were weakly linked to lower understanding. By contrast, steering reversal
rate, showed close-to-zero association, possibly because it was calculated as a root mean square
(RMS) value across the whole drive rather than capturing event-specific corrections.

Qualitative findings provide context for the observed trends in conflict, reaction time, and
takeovers. Participants reported that mismatched manoeuvre timing (too early or too late) and
intrusive torque feedback undermined their ability to understand the AV. Similarly, erratic or
unsafe manoeuvres that forced drivers to take over reduced perceived understanding, consistent
with the weak negative trend in takeovers. At the same time, they noted that simply know-
ing how HSC and TC operated helped them to better interpret the AV’s intentions, suggesting
that system transparency and predictability play an important role in supporting this percep-
tion. Taken together, the results indicate that perceived understanding is less about overall
input variability across a drive and more about specific moments of alignment or misalignment
between the AV’s actions and the driver’s expectations. Future analyses should therefore priori-
tise event-based indicators (e.g., timing of manoeuvres, mismatched torque events) over global
RMS metrics, which are too coarse to capture these dynamics.

Working together (MHC Property 2): Similar to ‘I understood AV’, the results for ‘working
together’ did not indicate any significant correlations between the scores for ‘working together’
and any of the behavioural metrics even though there was a significant difference in the scores
for HSC and TC (p = 0.004). Thus, novel formulations of behavioural metrics are needed for
future research into the perception of the human ‘working together’ with the automation.

The final perception that differed significantly between HSC and TC was working together,
with participants reporting higher values under HSC. This aligns with qualitative reports, where
participants described HSC as fostering a greater sense of cooperation. Quantitatively, no be-
havioural metrics reached statistical significance. However, two out of four hypothesised met-
rics showed trends in the expected direction: more frequent takeovers were weakly associated
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with lower ratings of working together, and greater conflict also trended negatively. Both pat-
terns suggest that when drivers had to step in or felt “fought” by the automation, the sense of
collaboration diminished.

Qualitative accounts reinforce this interpretation. Participants highlighted that subtle cor-
rections, effortless overrides, and a sense of shared execution enhanced their feeling of working
together. Conversely, poorly timed or misaligned manoeuvres, often experienced as either in-
trusive torque (conflict) or the need to take over, led participants to report that cooperation
had broken down. By contrast, maximum steering torque and steering reversal rate showed
no association with working together. One likely reason is that these were computed as RMS
values across the whole drive, masking event-specific corrections that may matter most for this
perception.

Trajectory deviation, although not part of our hypotheses, showed a weak positive trend with
working together. Qualitative insights suggest a possible explanation: when the AV anticipated
and executed manoeuvres (e.g., avoiding a bump), drivers often chose to follow its trajectory,
reinforcing the sense of joint action. However, because such scenarios were relatively rare in
our study, this trend should be interpreted with caution.

Overall, our results suggest that the perception of working together is not simply explained
by how much or how often the driver applies physical input (e.g., maximum torque, reversal
rate). Instead, it depends on the interactional qualities of those inputs, whether corrections feel
subtle or forceful, whether overrides are smooth or resisted, and whether driver and AV actions
are aligned in timing and intent. Relatedly, (Mars et al., 2014) emphasized the complemen-
tary perspective of conflict in cooperation, noting that to capture such moments of opposition
(the inverse of working together), it is more informative to compute transient torque variations
around specific events rather than relying solely on global measures averaged across the entire
experiment.

Responsibility (MHC Property 4): None of our hypothesised correlations between the score
for ‘responsible’ and behavioural metrics were accepted in the confirmatory analysis. The ex-
ploratory analysis for HSC alone, indicated a positive correlation between the score of ‘respon-
sible’ and reaction time (β= 0.18, p= 0.04). And the exploratory analysis of TC alone revealed
that the score for ‘responsible’ was negatively correlated with conflict (β = −0.27, p = 0.03)
and positively correlated with maximum steering torque (β = 0.24, p = 0.04).

Statistical analysis showed no significant difference in perceived responsibility between
HSC and TC, and no behavioural metrics were significantly associated with this perception.
In our quantitative model, conflict showed a weak negative trend with responsibility, averaged
across both modes. However, qualitative reports suggest that this association may differ by con-
trol mode: in HSC, high conflict reduced responsibility because participants felt forced to act,
whereas in TC, low conflict reduced responsibility because cooperative execution diffused ac-
countability.The LMM model may hide what’s really going on, because conflict seems to have
different effects in HSC and TC. In HSC, more conflict made drivers feel less responsible, while
in TC, less conflict reduced responsibility. This suggests that responsibility is not just about the
overall amount of conflict, but about how the conflict is shaped by the system’s design.

Number of takeovers showed a weak positive trend, suggesting that frequent interventions
may heighten the feeling of responsibility, though again not significantly. Qualitative accounts
linked this to trust: participants who trusted the AV less felt more responsible and thus took over



170 7 Objective Assessment of Meaningful Human Control

more often, aligning with prior findings that higher trust reduces takeover frequency (Molnar
et al., 2018). Context also mattered: in safe, low-demand driving, participants often felt less
responsible, whereas in safety-critical scenarios, they felt heightened responsibility and were
more likely to intervene.

Safety and trust: Besides the aforementioned perception scores related to MHC, we also
recorded how participants perceived safety and trust. Safety (Peng et al., 2024; Chen et al.,
2024; Papadimitriou et al., 2022) and trust (Payre et al., 2016; Dixit et al., 2016; Nordhoff et al.,
2023; Molnar et al., 2018) are important qualities that have been extensively studied in the con-
text of human-AV interactions. Even though safety and trust were not central to our exploration
of MHC, we opted to include them in the hopes of informing research on safety and trust.

Our exploratory analysis revealed that the scores of ‘safe’ was negatively correlated with
the jerk of vehicle trajectories (β =−0.22, p = 0.01) and positively correlated with overtaking
time (β = 0.22, p = 0.04). Thus, our results support the findings of earlier works that posit that
smoother vehicle trajectories would improve the sense of safety (Peng et al., 2024).

The exploratory analysis for the scores of ‘trust’ was positively correlated with trajectory
deviation (β = 0.24, p = 0.01) and overtaking time (β = 0.24, p = 0.05). We would have
expected that larger trust scores would result in the human driver intervening less, but the results
indicate the opposite. A larger trajectory deviation is indicative of the human driver having more
influence of the ego vehicle and this might indicate that drivers trust the system more when they
can actively override it. Alternatively, trust might be influenced by other factors like safety -
for example, trajectories with longer overtaking times might caused greater sensations of safety,
which might in turn improve the perception of trust in the system. Future research could explore
these complex relationships in greater detail.

It must be noted that overtaking time which is positively correlated with the scores for ‘safe’
and ‘trust’ was a metric that was tailored to the overtaking scenario in this experiment. In our
experiment, since the potential collision happens when the ego vehicle leaves the overtaking
lane prematurely and hits the motorcyclist beside it, longer overtaking times would be associ-
ated with greater perceptions of safety and trust. Thus, the results from our study might not
generalise to another experiment where the potential collision happens in the overtaking lane.
Thus, we advice future researchers to tailor the metrics and their hypotheses to each experiment
design.

7.5.2 Comparing control modes

As shown in Figure 7.4(b), HSC supports MHC perception more than TC. Participants under
HSC reported significantly higher scores for sufficient control, I understood the AV, and working
together. Together, these map onto two properties of MHC, indicating that HSC better enables
drivers to experience meaningful human control. Furthermore, perceived safety and trust were
also rated higher for HSC compared to TC, even though they were not part of the core MHC
perception evaluation.

In terms of behavioural outcomes, several differences between HSC and TC were consistent
with our initial hypotheses. Specifically, participants under HSC showed faster reaction times,
lower maximum steering torque, and more takeovers compared to TC, all aligning with the
predicted directions in Table 7.2.These patterns suggest that HSC keeps drivers more engaged
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and reduces the need for forceful corrective input. Other behavioural metrics, such as conflict,
steering reversal rate, trajectory deviation, and jerk, showed no significant differences, leaving
their role in supporting MHC less clear.

To further investigate how behavioural dynamics relate to perceptions, we analysed the sig-
nificant associations between behavioural metrics and subjective ratings (Figure 7.5). For suf-
ficient control, we had hypothesised a negative association with reaction time, expecting that
longer delays to intervene would indicate diminished control in safety-critical situations. In-
stead, the observed association was positive: participants who intervened later reported stronger
feelings of control. Further, trajectory deviation was also found to be negatively associated with
sufficient control, even though this relationship was not hypothesised beforehand. For AV under-
stood me, greater steering conflict was linked to lower ratings, consistent with the expectation
that reduced “fighting” signals better alignment between driver and automation. By contrast, no
behavioural metrics were significantly associated with I understood the AV or working together,
despite their higher ratings under HSC.

Overall, the quantitative results indicates that HSC yields a more favourable MHC profile,
with both perceptions and several behavioural metrics aligning with initial hypotheses. How-
ever, the factors underlying these perceptions, particularly the unexpected reaction time effect,
remain to be clarified. We return to these mechanisms in the next section, drawing on qualitative
evidence to explain how drivers experienced HSC and TC in practice.

7.5.3 Framework for Meaningful Human Control

Beyond comparing the two control modes HSc and TC, the findings from our study (Section
sec:Framework-findings) can have broader implications for how humans perceive their interac-
tions with automated systems. Based on our experiment, we propose guidelines for future stud-
ies of Meaningful Human Control (MHC) and propose a framework for designing experiments
for evaluating MHC from the perspective of human operators interacting with an automated
system.

Findings

Our evaluation framework contributes to the empirical assessment of Meaningful Human Con-
trol (MHC) in automated driving systems by translating the four MHC properties into observ-
able indicators, linking these indicators to behavioural evidence, and offering a reproducible
structure to model perceptions of MHC as a function of behavioural metrics and control mode.

First, we translated the four properties of MHC proposed by Cavalcante Siebert et al. (2023)
into Likert-scale, self-reported quantitative questions. This extends prior work in several ways.
For instance, Suryana et al. (2025b) evaluated MHC in the context of Tesla FSD Beta and
Autopilot mainly through narrative descriptions of driving experiences, without questions ex-
plicitly designed to assess MHC. Our approach complements this by employing items that are
intentionally constructed to measure the four properties. In parallel, Verhagen et al. (2024)
advanced the field by proposing one of the first approaches to quantify MHC in human–robot
teams through a 2D game-like firefighting simulation. Their focus, however, was primarily on
the traceability condition, while leaving the tracking condition largely aside. In contrast, our
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study is grounded in the four properties framework by Cavalcante Siebert et al. (2023) and uses
a driving simulator that closely mirrors real driving tasks. Unlike the 2D firefighting game,
which provides only a simplified representation, our setup offers an environment much closer
to real-world conditions and thereby enables a more realistic evaluation of all four properties.
Taken together, we see our contribution as an early attempt to operationalize MHC more com-
prehensively: not only by quantifying one dimension (e.g., traceability), but by systematically
addressing all four properties.

Second, our evaluation results point to concrete design implications for driving automation
systems that aim to comply with the four properties of MHC. Property 1 (Moral Operational
Design Domain (ODD)): Drivers require system transparency and familiarisation to interpret
automated behaviour. Training sessions, such as those we provided in our experiment, can
help users understand system logic across routine and safety-critical scenarios without expos-
ing them to real-world risks. Importantly, participants were explicitly informed that they re-
mained fully responsible for the AV’s actions and were required to stay aware at all times. Such
reminders of accountability are essential for aligning drivers’ understanding of their role with
the moral ODD of the system. Property 2 (sufficient control): Because higher trust can delay
takeovers, systems should ensure that interventions remain easy and smooth, even after abrupt
transitions. Continuous steering access, minimal override friction, and intuitive re-engagement
mechanisms are critical design priorities. Property 3 (shared representation): Our findings
show that drivers evaluate automation at the event level rather than across entire trips. Thus,
design should prioritise the quality of individual interactions—for example, ensuring subtle cor-
rections, smooth overrides, and trajectory adaptations aligned with driver preferences. Aggre-
gate smoothness metrics may miss these dynamics. Property 4 (responsibility): Responsibility
perceptions vary with system design and driving context. Designers should avoid extremes
where drivers feel either forced by high conflict or disengaged through passivity. Interfaces
and adaptive control strategies that sustain an appropriate sense of accountability, even in low-
demand driving, represent a key area for future research. Together, these implications illustrate
how our operationalisation of MHC can not only evaluate but also guide the design of shared-
control systems.

Third, our LMM analyses illustrate a flexible analytical framework rather than a fixed equa-
tion. The strength of this approach lies in its structure: perceptions are modelled as a function
of behavioural metrics and control mode, with participant-level random effects accounting for
repeated measures. Researchers in other contexts can adapt the framework by selecting their
own set of candidate metrics and control modes, tailoring models to the specifics of their study.
In this way, our contribution is to provide a reproducible procedure for linking MHC percep-
tions with quantitative indicators, while allowing others to define the precise parameters of their
own models.

Implications

Our findings have implications that extend beyond the specific comparison of HSC and TC,
contributing to ongoing debates on complacency, sense of agency, and responsibility in hu-
man–automation interaction.

Complacency and sustained engagement. A recurring concern in Level 2–3 automation
is that drivers may slip into passive monitoring roles, leading to complacency and delayed reac-
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tions when manual intervention is required. Our results suggest that HSC may counteract this
tendency: participants under HSC showed shorter reaction times and more frequent takeovers
than under TC, indicating greater readiness to act. In contrast, TC, with its explicit but in-
frequent handovers, risks creating phases of overreliance during which drivers disengage until
prompted. Our findings resonate with prior discussions on the two modes of control, where one
of the identified pitfalls of TC is that drivers may fall into complacency (de Winter et al., 2023).
At a societal level, these patterns underline the importance of designing shared control mecha-
nisms that actively sustain driver engagement, rather than leaving humans in purely supervisory
roles.

Sense of agency and quality of interaction. Prior research shows that higher levels of
automation often reduce drivers’ sense of agency (SoA), undermining engagement and willing-
ness to accept responsibility. In our study, HSC elicited significantly higher ratings of sufficient
control, understanding the AV, and working together. These perceptions map directly onto
SoA, suggesting that continuous, transparent, and negotiated interaction helps drivers maintain
a subjective feeling of authorship over vehicle behaviour. By contrast, TC can undermine SoA
by producing disorientation during abrupt handovers or by diffusing the sense of joint action.
Responsibility, however, showed no significant difference between HSC and TC, a point we
elaborate in the next section, where we discuss how context and system design shape account-
ability.

Responsibility gaps and accountability. A persistent mismatch in automated driving is
that while legal responsibility remains with the human driver, system design can diminish their
felt responsibility. Our results reflect this tension. Quantitatively, responsibility ratings did not
differ significantly between HSC and TC. Qualitative reports suggest that responsibility was
shaped less by control mode itself than by situational demands and drivers’ understanding of
their operational role. For example, under HSC, some drivers felt forced into responsibility
by counter-torque or abrupt interventions, whereas under TC, others felt disengaged or only
partially responsible during cooperative execution. These findings highlight that responsibility
is not fixed but shaped by how authority is balanced between human and automation: it can be
reduced both when the system exerts too much pressure on the driver (dominance) and when
it operates too independently, leaving the driver disengaged (independence). For designers and
policymakers, bridging the gap between assigned and experienced responsibility is essential to
prevent unfair attribution of blame.

Beyond driving. Although our study focused on automotive shared control, the broader
implications extend to other domains where humans and automation jointly act, such as avia-
tion, robotics, and healthcare. Across these domains, complacency, reduced agency, and blurred
responsibility recur as central challenges. Meaningful Human Control offers a principled frame-
work for addressing these challenges by guiding the design of systems that sustain engagement,
preserve a sense of authorship, and maintain appropriate accountability. In this way, our work
connects empirical findings on HSC and TC to broader societal debates on the responsible in-
tegration of automation.

Guidelines

Our work illustrates an example of converting high-level MHC concepts into subjective percep-
tions and objective metrics tailored to a particular scenario and testing the relationship between
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these subjective perceptions and objective metrics. In Table 7.5, we summarise the steps in
designing such an experiment. More experiments like this can be used to build a knowledge
base of how different subjective perceptions are related to objective metrics. The proposed
framework is thus useful for regulatory agencies and automation designers as described below.

Table 7.5: Framework for designing MHC experiments: When studying how humans inter-
act with an automation system, the following steps can be used to design experiments
for evaluating their subjective perceptions pertaining to meaningful human control
and how they relate to behavioural metrics.

Step 1: Identify a scenario where there is potential conflict between the reasons of the human
operator and the automation system which could be caused by mismatches in beliefs,
desires or intentions.

Step 2: Identify the properties of MHC that are relevant to this scenario.

Step 3: Based on identified properties, identify subjective perceptions to be evaluated in the
post-trial surveys and post-experiment questionnaires.

Step 4: Identify task-relevant objective metrics that pertain to the experiment scenario based on
hypothesised relations to subjective perceptions.

Step 5: Conduct the experiment, collect data, and analyse the results.

Step 6: (Optional) Revise objective metrics and (questions for) subjective perceptions based on
the participant responses to open-ended post-experiment questionnaire.

For regulating automated driving systems: The proposed methodology can be applied to de-
sign experiments for evaluating the performance and perception of human operators interacting
with new designs of driving automation systems. In case of deficits, the lack of meaningful
human control could be dealt with by requesting design updates or more training for operators.

For evaluating drivers and remote operators: For agencies engaged in the training and li-
censing of future drivers and remote operators, the proposed framework can be used to identify
safety critical scenarios which can be used to test the performance of humans when interacting
with automation systems.

For automation manufacturers: Experiments following this framework could be used to di-
rect the design process and their results would be useful for justifying design choices in the face
of law suits or regulatory scrutiny.

7.5.4 Limitations and future research

Level of guidance of shared control. In our experiment, the level of haptic guidance was fixed,
even though shared control is not inherently binary. As (Mulder et al., 2012) emphasise, haptic
shared control can vary continuously along a spectrum of guidance strength, characterised by
the Level of Haptic Authority (LoHA). At low LoHA, the system provides only subtle guidance
and the driver remains dominant; at high LoHA, the system exerts stronger torques and can
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effectively drive the vehicle, approaching automation. Within this spectrum, TC corresponds
to a high LoHA situation, whereas HSC represents an intermediate level where both driver and
automation contribute. Our study therefore tested only two discrete points on this continuum,
rather than exploring the broader range of LoHA values. Future work could adopt the experi-
mental design by Mars et al. (2014), who analysed varying degrees of haptic control.

Participants. Most of our participants were students or individuals working in academia,
many of whom had limited real exposure to automated vehicle technology. This sample may
not fully reflect the perspectives of early adopters or more experienced users of automated
technology. Future research should include a broader participant pool, incorporating drivers
with more diverse ages, professional backgrounds, and driving experience.

AV outperforms Human. In this study, we explored a joint task where there is potential
conflict between the human and the automation, where the human outperforms the automation
(the AV fails to steer clear of some road users). Future research should also explore how MHC is
affected in conflicting situations where the AV performs better than the human (like emergency
braking or being aware of vehicles in the blindspot) - how the transfer of authority should be
designed to account for such instances where AV oputperforms the human.

7.6 Conclusion

This research demonstrates the value of integrating telemetry data, structured questionnaires,
and qualitative feedback to evaluate how drivers perceive meaningful human control in auto-
mated driving systems. This triangulated approach revealed that haptic shared control (HSC)
supports meaningful human control better than traded control (TC), particularly in terms of
perceived sufficient control, understanding the AV, and working together. However, no signifi-
cance difference was observed in driver’s perceived responsibility across the two control modes.
Qualitative reflections indicated that driver’s judgements of responsibility were more influenced
by situational factors, such as trust in the system and the specific traffic context, rather than the
control mode itself.

Our findings suggest that the perception of responsibility is complex and influenced by
event-specific dynamics, such as the timing of manoeuvres and the degree of torque conflict,
rather than aggregate metrics like trajectory deviation or jerk. This emphasises the importance
of analysing system behaviour during concrete, real-time interactions rather than relying solely
on aggregated data from the entire driving session. While HSC was more effective in support-
ing various MHC-related perceptions, perceived responsibility remained unaffected by control
mode. This suggests that assigning responsibility solely to drivers may be insufficient unless
complemented by making sure the driver’s role and agency are preserved in the car and ensuring
responsibility is fairly shared and not unfairly dumped on drivers.

In terms of design implications, our findings point to key strategies for improving MHC in
partial driving automation systems: (1) provide training sessions for drivers, (2) ensure that in-
terventions remain easy and smooth, (3) prioritise the quality of individual interactions, and (4)
design interfaces and adaptive control strategies that sustain an appropriate sense of account-
ability. Future research should explore broader participant populations and scenarios that push
the limits of driver-automation interactions to further validate and refine these insights.





Chapter 8

Conclusions and Perspectives

In this chapter, I present the overall conclusions and perspectives of this dissertation.

The objective of this dissertation to operationalise meaningful human control for automated-
vehicle decision-making is addressed through seven research questions that are introduced in
Section 1.6. Section 8.1 summarises the key findings associated with each research question.
Section 8.2 provides the overall conclusion by integrating these findings and highlighting the
main contributions of the thesis. Sections 8.3 and 8.4 discuss the implications for science and
for engineering practice, and outline directions for future research.
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8.1 Key Findings

This section provides direct answers to the research questions introduced in Chapter 1. For each
question, a concise summary answer is first given, followed by an integrated elaboration based
on the results across the relevant chapters.

RQ1: Which types of human reasons should automated vehicles prioritise when planning
manoeuvres, and how should these priorities adapt to context-specific situations?

Automated vehicles should prioritise multiple interacting human reasons, with the safety of
vulnerable road users as the highest priority, and adapt this prioritisation dynamically to con-
textual, regulatory, and situational conditions.

Through questions aimed at eliciting the reasons underlying automated-vehicle manoeuvre
planning, a structured set of human reasons spanning four layers—normative, strategic, tactical,
and operational—was identified. These reasons can be differentiated according to their tempo-
ral scale and the human agents to whom they are attributed. A single observable manoeuvre
was consistently justified by multiple concurrent reasons, rather than by a single dominant rea-
son. Moreover, the same reason was shown to operate differently across behavioural layers: for
example, efficiency was interpreted as route optimisation at the strategic level but as smooth
speed regulation at the tactical level. In addition, contextual factors such as local regulations,
technological capabilities, levels of automation, traffic situations, and individual differences
systematically influenced how reasons emerged and were interpreted. The overtaking-cyclist
case study further demonstrates how the safety of vulnerable road users assumes the highest
priority, while allowing context-sensitive flexibility in rule compliance, illustrating how priori-
tisation can directly shape decision logic in everyday driving when facing ethically challenging
situations.

RQ2: How can human reasons be represented in a form suitable for supporting automated-
vehicle decision making?

Human reasons can be represented through structured relationships between underlying rea-
sons and preferred automated-vehicle behaviour, informed by human-factors insights.

The findings show that insights from human-factors research provide a connecting layer
between abstract human reasons and expected automated-vehicle behaviour in concrete traffic
contexts. These relationships clarify how specific behaviours in particular situations are in-
terpreted as expressions of underlying reasons from the human perspective. When interpreted
through an engineering lens, such relationships can be translated into formalised representa-
tions suitable for use in computational frameworks. Although these representations are not
intended as universal descriptive models, they demonstrate how human-factors knowledge can
support the translation of human reasons into supervision and evaluation mechanisms within
automated-vehicle systems.

RQ3: How can vehicle control frameworks integrate human reasons to enable dynamic
behavioural adaptation when misalignment occurs?

Human reasons can be integrated into vehicle control frameworks through supervisory evalua-
tion mechanisms layered on top of existing controllers.
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By converting alignment with human reasons into a continuous evaluative indicator, auto-
mated vehicles can assess in real time whether current states and candidate trajectories remain
consistent with the reasons of relevant human agents. This evaluative component can be em-
bedded as an auxiliary supervisory layer rather than requiring redesign of low-level controllers.
When alignment falls below a specified threshold, adaptive re-planning is triggered, allowing
the system to restore consistency between behaviour and human reasons while maintaining
safety, legality, and efficiency. This establishes a closed supervisory loop between normative
evaluation and motion planning.

RQ4: How can AV trajectories be systematically evaluated and selected based on relevant
human reasons to satisfy the tracking condition of meaningful human control?

AV trajectories can be systematically evaluated using explicit reason-based weighting and bal-
ance mechanisms that ensure transparent prioritisation across multiple human agents.

The trajectory-evaluation mechanism demonstrates how conflicting reasons across agents
can be reconciled through explicit weighting. In safety-critical interactions, the safety of vul-
nerable road users consistently received the highest weight, followed by rule compliance and
efficiency. To prevent systematic exclusion of any agent’s reasons, a balance function was in-
troduced to penalise zero-weight solutions. Mathematical analysis showed that maximum bal-
ance occurs when all relevant agents exert non-zero influence. When integrated into trajectory
evaluation, this function ensures proportional representation of all relevant human reasons and
supports transparent, fairness-aware trajectory selection.

RQ5: How do drivers’ perceptions of safety and trust relate to the extent to which auto-
mated vehicles track their reasons?

Drivers’ perceived safety and trust generally increase when automated-vehicle behaviour aligns
with their safety-related tactical and operational reasons, but this relationship is conditional:
misalignment in clearly dangerous situations reliably reduces trust and perceived safety, whereas
benign deviations do not necessarily do so.

When automated behaviour followed expected safety strategies—such as smooth braking,
sufficient spacing, and prudent lane changes—drivers consistently reported higher trust and
perceived control. However, not all forms of misalignment led to negative perceptions: fail-
ures to track expected lane changing or braking behaviour were not necessarily associated with
reduced safety or trust when the situation was not perceived as dangerous. In contrast, misalign-
ment in clearly safety-critical situations consistently resulted in low trust and perceived lack of
safety. These findings indicate that perceived safety can serve as a partial behavioural proxy for
whether the system tracks the human reason of safety, but that important discrepancies between
perceived safety and actual tracking remain.

RQ6: How can drivers’ subjective experiences be used to evaluate whether automated
vehicles operate under meaningful human control?

Drivers’ subjective experiences—expressed through perceived safety, trust, responsibility, and
readiness to intervene—provide qualitative indicators for evaluating both tracking and tracing
under meaningful human control in partially automated driving systems.

Subjective interview data enabled the evaluation of both tracking and tracing in real-world
partially automated driving. Tracking was assessed through drivers’ perceptions of whether
safety-related subsystems consistently performed their intended functions, while tracing was



180 8 Conclusions and perspectives

evaluated through drivers’ awareness of supervisory responsibility, readiness to intervene, and
understanding of their moral accountability. The results show that while partial adherence to
meaningful human control was observed, significant inconsistencies remain. Tracking weak-
nesses were linked to technological limitations such as false positives, false negatives, and
sensor vulnerabilities, as well as to misaligned user expectations. Tracing was found to fluc-
tuate with perceived risk: during routine low-risk operation, drivers’ perceived responsibility
and readiness to intervene declined, whereas in higher-risk contexts, vigilance and perceived
responsibility increased. These findings demonstrate that both tracking and tracing are dy-
namically shaped by system performance, user expectations, and situational risk, revealing a
structural vulnerability in current partial automation paradigms that depend on sustained hu-
man oversight.

RQ7: How can vehicle telemetry data be used to evaluate whether automated vehicles
operate under meaningful human control?

Vehicle telemetry can be used to evaluate meaningful human control when analysed at the level
of concrete interactions and triangulated with subjective perceptions, allowing tracking to be
inferred from behavioural dynamics, while tracing requires additional contextual and experien-
tial interpretation.

Objective behavioural metrics, including steering torque, torque conflicts, reaction times,
and intervention frequency, were shown to be closely linked to drivers’ perceived control and
understanding of the automated vehicle. Crucially, perceptions of meaningful human control
depended more strongly on event-level interaction dynamics, such as the timing of manoeuvres
and moments of haptic conflict, than on aggregate trip-level metrics. By integrating teleme-
try data with structured questionnaires and qualitative feedback, tracking could be evaluated
through observable system–driver interaction patterns, while tracing required interpretation of
drivers’ perceived agency, accountability, and situational trust. The results further show that
perceived responsibility did not vary systematically with control mode and could not be reli-
ably inferred from telemetry alone, but instead depended on contextual factors such as trust and
traffic conditions. Together, these findings establish that telemetry provides a necessary but not
sufficient basis for evaluating meaningful human control and must be combined with subjective
measures to assess tracking and tracing in real and simulated environments.

8.2 Overall Conclusions

This section synthesises the scientific conclusions of the dissertation across the ethics, engi-
neering, and evaluation aspects of meaningful human control. Rather than reiterating individual
chapter results, the conclusions articulate what is now known that was not known before, how
these findings relate to prior work on meaningful human control and automated-vehicle ethics,
and to what extent the three research gaps identified in Chapter 1 have been addressed.

Ethics Aspect: Representation and Prioritisation of Human Reasons

This thesis establishes that the human reasons guiding automated-vehicle manoeuvre planning
are inherently multi-layered, context-dependent, and often simultaneous, and therefore cannot
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be adequately captured by fixed or purely abstract prioritisation schemes. Prior philosophi-
cal accounts of meaningful human control proposed that automated vehicles should track both
proximal and distal human reasons and resolve conflicts through general prioritisation rules
(Mecacci & Santoni de Sio, 2020). However, these accounts remained largely normative and
were illustrated primarily through hypothetical scenarios. The present findings complement
and extend this work by providing the first empirically grounded specification of how human
reasons are represented and prioritised in everyday automated-driving contexts.

With respect to representation, the results show that human reasons can be structured as
relationships between underlying normative motivations and preferred automated-vehicle be-
haviours across normative, strategic, tactical, and operational layers. A single observable ma-
noeuvre was consistently justified by multiple concurrent reasons rather than by a single dom-
inant objective, and the same reason (e.g., efficiency or safety) took on different behavioural
meanings across layers. These findings demonstrate that human reasons cannot be represented
as isolated values or fixed cost terms but must instead be represented as context-sensitive rela-
tions between reasons and expected vehicle behaviour. This provides an empirically grounded
basis for translating philosophical notions of human reasons into structured design knowledge
suitable for supervisory and evaluative system components.

In terms of prioritisation, the findings show that reason hierarchies are not fixed but adapt
systematically to regulatory environments, traffic situations, technological capabilities, and in-
dividual expectations. The overtaking-cyclist case study further refines existing MHC theory
by showing that prioritisation is not governed solely by abstract notions of proximity but is
shaped by context-specific vulnerability and risk exposure. Across expert reasoning, the safety
of vulnerable road users consistently emerged as the highest-priority consideration, while rule
compliance and other secondary values remained important but conditional. This provides an
empirically grounded prioritisation principle for ethically routine driving situations, extending
earlier hypothetical formulations of reason responsiveness.

Taken together, these findings close the previously identified ethics gap in MHC research
by moving from abstract reason taxonomies toward empirically grounded representations and
context-sensitive prioritisation principles for automated-vehicle decision-making. Human rea-
sons are shown not merely to exist at different conceptual levels but to form a structured, situ-
ationally adaptive basis for determining what automated vehicles ought to do in specific traffic
interactions.

Engineering Aspect: Embedding Human Reasons into Control Frameworks

Prior engineering work relevant to meaningful human control has not yet provided a systematic
and operational method for embedding human reasons into standard automated-vehicle (AV)
control frameworks in a way that enables transparent trajectory evaluation and dynamic be-
havioural adaptation. Although Calvert & Mecacci (2020) articulated the conceptual need for
reason-responsiveness, their proposal did not specify how such responsiveness could be instan-
tiated within real-time planning and control architectures. Related work on ethical and value-
based control has demonstrated how abstract values may influence optimisation-based con-
trollers through cost functions or rule hierarchies (e.g., Thornton et al., 2016, 2018; Geisslinger
et al., 2023), but without making the underlying reason-selection and weighting procedures
explicit at the trajectory-evaluation level. As a result, prior approaches have not resolved the
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implementability and transparency limitations identified in the engineering gap.

This thesis advances the field by demonstrating that human reasons can be integrated into
existing AV control frameworks through a supervisory evaluation layer, rather than by con-
structing new controllers. This represents a shift from reasoning embedded implicitly within
objective functions to a modular supervisory mechanism that evaluates trajectories according
to their alignment with human reasons. The result is a system in which human-reason respon-
siveness becomes a computational property of the overall architecture, not a redesign of the
controller itself.

Three technical developments underpin this conclusion:

1. Reason alignment can be converted into a continuous evaluative metric. This provides an
operational method for assessing whether a planned trajectory remains consistent with the
reasons of relevant human agents. This was previously absent from both ethical control
literature and the MHC framework, which defined reason-responsiveness normatively but
did not specify an implementable metric.

2. The supervisory layer can trigger adaptive re-planning when misalignment occurs. This
establishes a closed loop between normative evaluation and motion planning. Earlier
ethical frameworks typically evaluated behaviour post hoc or at design time; they did not
regulate behaviour dynamically. This implementation shows that AV decision-making
can remain responsive to human reasons while retaining compatibility with existing MPC-
based planners.

3. Conflicting stakeholder reasons can be balanced explicitly using a structured weighting
and fairness mechanism. Prior formulations of MHC acknowledged the existence of mul-
tiple agents’ reasons but did not operationalise how conflicts should be handled. Intro-
ducing a non-zero fairness constraint ensures that each stakeholder’s reasons contribute
to trajectory evaluation, thereby preventing systematic exclusion and maintaining proce-
dural fairness.

Together, these developments close the engineering gap by demonstrating that reason re-
sponsiveness is technically implementable as a supervisory integration problem rather than a
controller design problem. This reframes the engineering challenge of MHC: the central task is
not to build controllers that directly “reason”, but to design supervisory structures that ensure
existing controllers behave in ways that remain aligned with human reasons.

Evaluation Aspect: Empirical Assessment of Tracking and Tracing

Prior work on meaningful human control has primarily addressed tracking and tracing at a
conceptual level or through post hoc responsibility analysis following accidents (Calvert et al.,
2020b, 2021). As a result, it remained largely unknown how the tracking and tracing conditions
of MHC manifest during real-time interaction between drivers and automated vehicles, how
they are perceived by users, and to what extent they can be evaluated empirically during ongoing
operation.

This thesis establishes that meaningful human control can, in fact, be empirically assessed in
partially automated driving through a combined analysis of drivers’ subjective experiences and
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objective vehicle telemetry. Rather than being purely theoretical properties of system design,
tracking and tracing are shown to be dynamically expressed in driver–vehicle interaction.

Regarding tracking, the findings show that drivers’ perceived safety and trust in real-world,
partially automated driving systems are conditionally sensitive to whether automated-vehicle
behaviour aligns with their safety-related reasons. When automated behaviour followed ex-
pected safety strategies, drivers consistently reported higher trust and perceived safety. Con-
versely, misalignment in clearly safety-critical situations reliably degraded trust and perceived
safety. However, benign deviations in non-critical contexts did not necessarily lead to negative
perceptions. These results demonstrate that perceived safety functions as a partial behavioural
proxy for safety-related reason tracking, but important discrepancies between perceived safety
and actual behavioural alignment can persist. This complements previous findings by Calvert
et al. (2020b), which indicate that the vehicle’s ability to track safety reasons was not consis-
tently fulfilled across the operation of partially automated driving systems. However, it also
shows that these conditions are dynamic, with some situations fulfilling them and others not, as
situational risk moderates their fulfilment. Further, it shows that perceived safety and trust could
be used as a proxy to evaluate safety-related reasons, but this is only applicable when there is
alignment or misalignment in safety-critical situations; in non-critical situations, misalignment
may still be perceived as tracking.

With respect to tracing, the findings demonstrate that drivers’ awareness of responsibility,
readiness to intervene, and perceived moral accountability vary dynamically with context and
perceived risk. During routine, low-risk automated operation, supervisors’ vigilance and per-
ceived responsibility systematically declined, while higher-risk contexts reactivated supervisory
awareness and intervention readiness. Tracing therefore emerges not as a static property guar-
anteed by system design alone, but as a dynamic human–system relation that fluctuates with
system performance, user expectations, and situational risk. This provides the first empirical
demonstration of a structural vulnerability in partial automation with respect to sustained trac-
ing, which had previously been assumed rather than tested in MHC theory.

In terms of objective assessment, driving behavioural telemetry can infer tracking at the level
of concrete interaction events but not tracing in isolation. Measures such as steering torque,
torque conflicts, reaction times, and intervention patterns were closely linked to drivers’ per-
ceived control and trust, enabling misalignment to be detected through behavioural dynamics.
However, perceived responsibility and moral accountability could not be reliably inferred from
telemetry alone and required contextual interpretation. These results confirm that telemetry is
necessary for evaluating meaningful human control, but it is not sufficient on its own. This is
consistent with the views expressed by Verhagen et al. (2024), who argue for the combination
of subjective and objective metrics to provide a comprehensive assessment of MHC.

Taken together, these findings close the previously identified evaluation gap in MHC re-
search by demonstrating that tracking and tracing can be empirically assessed during ongoing
automated driving, but only through a multi-layer evaluation framework that integrates subjec-
tive perception and telemetry data. In doing so, the thesis extends MHC from a predominantly
normative and post hoc evaluative concept to an empirically tractable property of real-time hu-
man–automation interaction.
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8.3 Scope and limitations of the current work

The scope of this dissertation is the operationalisation of meaningful human control for automated-
vehicle decision-making, with a primary focus on the tracking condition. The work demon-
strates how human reasons can be formalised, embedded within supervisory and evaluation
mechanisms, and examined empirically through simulated and real-world studies. The tracing
condition is considered at the level of evaluation rather than as an integrated component within
control frameworks, and therefore remains only partially addressed in the present implementa-
tion.

While the framework captures core aspects of meaningful human control, several limitations
constrain its current applicability. The implementation is limited by the availability of data that
represent human reasons with sufficient granularity, and the evaluation relies on simulated and
small-scale user studies. Broader validation is needed across more diverse user groups, driving
cultures, and technological deployments to strengthen empirical generalisability. Furthermore,
the catalogue of human reasons was derived mainly from experts within Western contexts and
may not fully represent culturally diverse expectations. Relatedly, the human agents consulted
in Chapter 2 reflect expert perspectives rather than the preferences of the broader public; incor-
porating public preferences, through methods such as discrete choice modelling applied to the
general public, falls outside the scope of this thesis but represents a complementary direction
directly relevant to regulators seeking to align AV behaviour with broader public values Gros
et al. (2025a).

From a methodological perspective, the present trajectory-evaluation and supervisory frame-
work addresses a relatively simple overtaking scenario with limited environmental uncertainty.
More complex traffic environments, such as intersections, merging, or interactions with multiple
heterogeneous road users, remain beyond the tested scope. The current mathematical represen-
tation models human reasons using a simple exponential decay function; future empirical work
will be required to infer more realistic functional forms and to validate parameterisation based
on experiment.

Finally, empirical findings highlight substantial variation in how individuals interpret safety-
related behaviour, indicating that a single fixed model of human-reason representation cannot
fully capture the diversity of preferences expressed by different stakeholders. This variabil-
ity suggests the need for adaptive or personalised reasoning models that respond to individual
expectations in addition to shared values.

The following sections discuss the scientific and practical implications of these findings and
outline directions for future research toward scalable and real-time applications.

8.4 Implication for practice

The framework developed in this thesis demonstrates how human reasons can be operationally
embedded into automated-vehicle decision evaluation through a supervisory mechanism that
monitors behavioural alignment and triggers adaptive replanning when misalignment occurs.
By extending evaluation beyond purely safety- or performance-based criteria, the framework
addresses the challenge of unreasonable behaviour in ethically routine driving situations. In
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practical terms, it shows how reason-based supervision can complement existing control archi-
tectures by adding a layer that explicitly evaluates decisions in terms of their alignment with
prioritised human reasons.

The framework further illustrates how reason-based evaluation could conceptually com-
plement existing assessment benchmarks, such as the United Nations Economic Commission
for Europe’s notion of the “competent and careful driver,” by extending attention from safety-
critical events to ethically ambiguous everyday situations. It also shows how the Safety of the
Intended Functionality (SOTIF) perspective could be broadened to include evaluations based
on human-reason descriptions rather than solely on telemetry-derived performance indicators.
The alignment metric and associated evaluation tools produced in this work therefore provide
a conceptual template for assessing tracking under meaningful human control, while not yet
constituting a validated regulatory instrument.

For system designers and developers, this research provides concrete guidance on how
human-reason responsiveness can be incorporated into existing automated-vehicle architectures
without requiring fundamental redesign of low-level controllers. The proposed human-reasons-
based supervision and trajectory-scoring components can be implemented as a modular layer
connected to the global planner, enabling continuous monitoring of system behaviour and adap-
tive replanning when misalignment with human reasons is detected.

To practically implement such a module, developers require access to vehicle state data, can-
didate trajectories, stakeholder-specific weighting schemes, and models that relate perceived
safety and trust to observable behavioural indicators. The findings suggest that design atten-
tion should focus in particular on safety-critical interactions involving vulnerable road users,
where misalignment has the strongest impact on trust and perceived control. At the same time,
the work highlights that reason-based models currently remain scenario-specific and require
broader experimental validation. Further testing in a wider range of manoeuvres and traffic
contexts is therefore necessary, as is careful analysis of controller stability under repeated su-
pervisory interventions.

For regulators and policymakers, the framework illustrates how evaluations of automated
driving could be conceptually extended beyond compliance with functional safety and perfor-
mance requirements toward assessments of ethical and societal alignment. In principle, the
alignment metric could be used as one input into supervised testing procedures to examine
whether automated vehicles tend to prioritise human reasons in ways that are consistent with
regulatory and societal expectations.

However, the results of this thesis do not support direct regulatory deployment of the frame-
work in its current form. Threshold values for acceptable alignment, the selection and weighting
of stakeholder reasons, and the interpretation of alignment scores necessarily involve normative
judgement and expert oversight. Any future regulatory use would therefore require standardisa-
tion, large-scale validation, and institutional agreement on how reason-based evaluation should
complement existing type-approval procedures rather than replace them.

Beyond technical and regulatory design, the findings also have direct implications for re-
sponsibility and governance in partially automated driving. The empirical results show that
drivers’ perceived responsibility and readiness to intervene decline during routine automated
operation and increase primarily in situations perceived as risky. This finding indicates that re-
liance on continuous human vigilance as the primary safeguard for meaningful human control
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is structurally fragile.

Responsibility for automated-vehicle behaviour should therefore be distributed across the
socio-technical system rather than placed solely on the human driver. Developers remain re-
sponsible for the behavioural logic and supervisory assumptions embedded in the automation,
including how transitions between manual and automated modes are structured. Regulators, in
turn, bear responsibility for specifying acceptable operational domains and levels of automation
that remain compatible with human cognitive and attentional capabilities. A shared governance
model that explicitly recognises the limits of human supervision while reinforcing accountabil-
ity across design, deployment, and oversight is therefore essential for sustaining meaningful
human control in practice.

8.5 Implication for science and recommendation

This thesis advances the scientific understanding of meaningful human control (MHC) by mov-
ing beyond its predominantly conceptual treatment in the literature towards a systematic tech-
nical and empirical operationalisation for automated-vehicle decision-making. Whereas prior
work on MHC has primarily focused on philosophical clarification and normative design prin-
ciples (e.g., (Santoni de Sio & Van den Hoven, 2018; Mecacci & Santoni de Sio, 2020), this
research demonstrates how human reasons can be represented, embedded in supervisory con-
trol, and empirically assessed using both behavioural and telemetry-based data. In doing so, it
contributes to bridging a persistent divide between ethical theory, human-factors research, and
automated-vehicle control engineering.

From a human–automation interaction perspective, this thesis provides empirical evidence
that perceived safety, trust, responsibility, and readiness to intervene are systematically related
to tracking and tracing under MHC. This extends prior trust and shared-control research by
embedding these constructs within a formal ethical-control framework. From a control and
decision-making perspective, the work demonstrates that ethical reasoning need not remain
external to vehicle control architectures but can be implemented as a computational supervisory
layer that evaluates and adapts behaviour in real time. Collectively, these results establish MHC
not only as a normative requirement, but as a measurable and engineerable system property.

Building on these scientific implications, the following recommendations identify concrete
directions for future research that arise directly from the limitations and findings of this thesis.

• Empirical Validation of Human-Reason Models

The current mathematical representations of human reasons are theoretically grounded
but require systematic empirical calibration. The proposed decay functions that describe
how alignment with human reasons diminishes under behavioural deviation were chosen
for conceptual clarity rather than empirical optimality. Controlled experiments combin-
ing behavioural, physiological, and subjective measures could be used to estimate these
functions and validate threshold parameters. Such validation would strengthen the role
of reason-alignment metrics as scientifically grounded rather than purely normative con-
structs.

• Cross-Cultural and Contextual Studies
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The human-reason taxonomy and prioritisation structures developed in this thesis are pri-
marily derived from expert input within Western regulatory and cultural contexts. How-
ever, prior research in traffic psychology and AV acceptance suggests that values, risk
tolerance, and interaction norms vary significantly across societies. Comparative cross-
cultural studies could therefore refine which elements of human-reason alignment are
universal and which are context-specific. This would be essential for transferring MHC-
based supervision frameworks across legal systems and traffic cultures.

• Expansion to Complex Traffic Scenarios

The present empirical and simulation-based validations focused primarily on cyclist over-
taking and routine automated driving scenarios. While these cases capture ethically
salient everyday conflicts, future work should extend the framework to more complex
interaction settings, such as unsignalised intersections, multi-agent merging, pedestrian-
dense urban environments, and emergency manoeuvres. Evaluating the supervision and
trajectory-scoring mechanisms under such conditions would test the scalability and ro-
bustness of the operationalisation of MHC under higher interaction complexity.

• Evaluation Using Open Datasets

This work shows that behavioural data alone are insufficient to directly reveal the human
reasons underlying automated-vehicle decisions, but also illustrates how behavioural pat-
terns can be interpreted through a human-reason lens. Large-scale open datasets such
as Waymo or nuScenes provide a unique opportunity to examine which implicit value
structures are embedded in production-level AV behaviour. Applying the proposed su-
pervision framework retrospectively to such datasets could enable large-scale empirical
audits of tracking under MHC and reveal systematic misalignments between claimed de-
sign intentions (e.g., safety, comfort) and observable behaviour.

• Integration into Global Planner and Control Algorithms

In its present form, MHC is implemented as an external supervisory layer that evaluates
and adapts outputs of an existing global planner. Future research could explore deeper
architectural integration, for instance by encoding human reasons directly as objectives
or constraints within optimal-control, sampling-based planning, or game-theoretic for-
mulations. Comparing external supervision with internally reason-aware planners under
identical scenarios would clarify the trade-offs between modularity, transparency, stabil-
ity, and real-time performance.

• Implementation of Human Reasons in Foundation Models

Recent advances in foundation models and large-scale learning-based reasoning systems
raise the question of whether such models could support automated-vehicle decision-
making at higher cognitive levels. Although their internal reasoning processes do not
necessarily reflect human reasons in a normative sense, future work could investigate
whether they can generate interpretable candidate explanations for AV actions that can be
evaluated by the human-reasons supervision layer. This could provide a hybrid architec-
ture in which data-driven inference is constrained and audited by explicit MHC principles.
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• Integration with Control and Learning Systems

A further promising direction is the integration of human-reason supervision into learning-
based or probabilistic controllers. Many contemporary AV systems rely on reinforce-
ment learning, imitation learning, or uncertainty-aware Bayesian approaches. Embedding
MHC-based supervision within such controllers could support ethical adaptivity under
uncertainty while preserving transparency and accountability. This would directly ad-
dress current concerns in the literature that learning-based AV systems remain difficult to
govern ethically due to their opacity.
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A Appendix for Chapter 2: Reasons and Principles for Au-
tomated Vehicle Manoeuvre Planning

A.1 Questionnaire

Table 1: Interview questions

Question number Question
Q1 Where do you work, what is your position and role, what are your

activities with regard to automated vehicles (AVs)?
Q2 What should automated vehicles (AVs) consider when planning a

maneuver? Please give one example in much detail as possibl
Q3 Which moral aspects do you believe AVs should consider when

planning a maneuver?
Q4 How might these aspects affect the manoeuvre plan?
Please watch the video below and read its description

Video description
A passenger uses an automated vehicle (AV) for a morning commute to the office. The
passenger has an important meeting and must arrive on time. If the vehicle maintains the
current speed, the passenger can reach the office on time in 20 minutes. The AV is on a road
with solid double yellow lines, which prohibit vehicles from crossing in both directions due
to safety reasons. During the trip, the AV approaches a cyclist traveling at half of the speed of
the AV. There is no safe passing zone visible from the vehicle; however, the opposite lane is
currently empty.
Q5 If the video continues, what do you believe all traffic participants

will do?
Q6 What are the reasons for the [traffic participants mentioned by the

experts] performing the [actions the experts mentioned]?
Continued on next page



191

Table 1 – Continued from previous page
Question number Question
Q7 Besides the [traffic participants that are mentioned by the ex-

perts]’s, can you think any other factors that might influence the
traffic participant decisions?

Q8 What do you think the reasons are for the [other factors that are
mentioned by the experts]?

Q9 Can you think of any situations where the intentions of the [traffic
participants / other factors the experts mentioned] might conflict?
Please share any examples you can think of, and let me know when
these conflicts may typically occur.

Recall the scene from the previous video.
There are three different people, each with their own intentions:
• The automated vehicle (AV) passenger wants to pass the cyclist to get to the office on time.
• The cyclist wants a safe distance from the AV for safety concerns.
• The road policymaker wants both AV and cyclist to use their designated lanes, marked by
solid yellow lines, for everyone’s safety.
Keep this in mind as you answer the rest of the questions.
Q10 From your perspective, whose intentions should be given the most

importance? Please answer this question by ranking the individuals
below, with ’1’ indicating the highest rank.

1 2 3
AV passenger ⃝ ⃝ ⃝
Cyclist ⃝ ⃝ ⃝
Road policymakers ⃝ ⃝ ⃝

Q11 Could you please explain the reasons behind the rank you provided
in your previous answer?

Continued on next page
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Table 1 – Continued from previous page
Question number Question
Watch the three video scenarios below!
These scenarios show three possible actions the AV might take if the previous video continues.
The blue line ahead of the AV indicates the path it will follow. Imagine the AV’s speed is the
same in scenarios 2 and 3.

Scenario 1: AV stays behind the cyclist
In this scenario, the AV only considers the cyclist’s need for a safe distance and the road rules
that require the AV to stay in its lane. But it doesn’t consider the AV passenger’s desire to get
to the office on time.

Scenario 2: AV overtakes the cyclist on its own lane
In this scenario, the AV is solely concerned with the AV passenger’s goal of getting to the
office on time and the road rules that insist on it staying in its lane. But it doesn’t consider the
cyclist’s wish to ride with a sense of safety.

Scenario 3: AV overtakes the cyclist by using the opposite lane
In this scenario, the AV is focused on the AV passenger’s concern about getting to the office
on time and the cyclist’s concern about a safe distance. But it doesn’t consider the road rules
that require it to stay in its own lane.
Q12 Which of the above scenarios do you prefer? Please answer this

question by ranking the scenarios, with ’1’ indicating the highest
preference.

Continued on next page
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Table 1 – Continued from previous page
Question number Question

1 2 3
Scenario 1: AV stays behind the cyclist ⃝ ⃝ ⃝

Scenario 2: AV overtakes the cyclist on its own
lane

⃝ ⃝ ⃝

Scenario 3: AV overtakes the cyclist by using
the opposite lane

⃝ ⃝ ⃝

Q13 Could you please explain the reasons behind the rank you provided
in your previous answer?

Continued on next page
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Table 1 – Continued from previous page
Question number Question
Take a look at the video below!

Scenario 4: AV overtakes the cyclist by crossing some part of the opposite lane
In this scenario, the AV only considers the cyclist’s need for a safe distance and the road
rules that require the AV to stay in its lane. But it doesn’t consider the AV passenger’s desire
to get to the office on time. You will now assess how much you believe the AV considers
the intentions of three different stakeholders across 7 moments in this scenario. The same
response table below will be used to answer Questions 14, 16, and 18.

0 10 20 30 40 50 60 70 80 90 100
Time instance 1 ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝

Time instance 2 ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝

Time instance 3 ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝

Time instance 4 ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝

Time instance 5 ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝

Time instance 6 ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝

Time instance 7 ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝ ⃝

Continued on next page
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Table 1 – Continued from previous page
Question number Question
Q14 Imagine you are the AV passenger in scenario 4. Please assess, for

each time instance, how much you believe the AV considers your
intention to arrive at the office on time. (0 = Not consider at all;
100 = Fully consider)

Q15 Please clarify why the scores you provided for each time instance
are either constant or change at each time instance

Q16 Imagine you are the cyclist that is passed by the AV in scenario
4. Please assess, for each time instance, how much you believe the
AV considers your intention to bike with a sense of safety. (0 = Not
consider at all; 100 = Fully consider)

Q17 Please clarify why the scores you provided for each time instance
are either constant or change at each time instance

Q18 Imagine you are a road policymaker, and you see the AV briefly
occupying small part of the opposite lane when overtaking the cy-
clist in scenario 4. Please assess, for each time instance, how much
you believe the AV considers your intention putting a solid double
yellow lines on the road for safety reasons. (0 = Not consider at
all; 100 = Fully consider)

Q19 Please clarify why the scores you provided for each time instance
are either constant or change at each time instance

Q20 How can an AV understands the intention of people on the road and
other stakeholders in a real traffic situation?

Q21 From your point of view, what approach should AVs use to manage
possible conflicts between the intentions of people on the road and
other stakeholders in real traffic situations?

B Appendix for Chapter 7: Subjective Assessment of Mean-
ingful Human Control

Table 2: Interview questions

Question number Question
Q1 Do you have the Full Self-Driving Beta (FSD Beta) feature? (1 =

Yes, 2 = No)
Q2 Before the first time of using Autopilot and FSD Beta, did you

watch / read / listen to information on how to use it? (1 = Yes, 2 =
No)

Continued on next page
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Table 2 – Continued from previous page
Question number Question
Q3 Please mention the type of information you consulted on how to

use Autopilot and FSD Beta (website of Tesla (www.tesla.com),
car dealer / sales point, online communities and forums, YouTube
videos, newspapers and magazines, friends, family, colleagues,
driver manual)

Q4 Please describe your experience with using Autopilot and FSD
Beta and the benefits and risks associated with using it. Please
explain your answer

Q5 Have your expectations of using Autopilot and FSD Beta been ful-
filled? Why / why not?

Q6 Why do you use Autopilot and FSD Beta?
Q7 Did you ever stop using Autopilot and FSD Beta (for prolonged

periods of time)?
Next, we would like to explore your perceptions regarding four general statements about
the operation of Autopilot and FSD Beta
Q8 The current Autopilot does make driving autonomous. Is that cor-

rect? (1 = Yes, 2 = No, 3 = I don’t know)
Q9 There are no safety issues with Autopilot. Is that correct? (1 = Yes,

2 = No, 3 = I don’t know)
Q10 Autopilot is a hands-on feature. Is that correct? (1 = Yes, 2 = No,

3 = I don’t know)
Q11 Tesla FSD Beta is safer than a human. Is that correct? (1 = Yes, 2

= No, 3 = I don’t know)
With the next section, we would like to explore your perceptions of safety while using
Autopilot and FSD Beta
Q12 Do you feel safe when Autopilot and FSD Beta is active? Why /

why not?
Q13 What / how do you feel when you feel safe / unsafe? Please explain
Q14 What is it about Autopilot and FSD Beta that is safe / unsafe?

Please explain.
Q15 Now please remember the situation / s in which you typically feel

unsafe when Autopilot and FSD Beta is active and describe these
situations.

Q16 What can Autopilot and FSD Beta do to support your safety in
Autopilot and FSD Beta? Please explain

Q17 Does feeling safe / feeling unsafe impact how you use Autopilot
and FSD Beta on your next drives / in the future? Please explain.

Q18 Has your perceived safety changed over time? If so, how?
With the next section, we would like to explore your trust in Autopilot and FSD Beta.
Q19 How would you position your level of trust in Autopilot and FSD

Beta. (1 = I don’t trust it at all, 2 = I don’t trust it, 3 = I neither
don’t trust it at all nor trust it a lot, 4 = I trust it, 5 = I trust it a lot)

Continued on next page
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Table 2 – Continued from previous page
Question number Question
Q20 What can Autopilot and FSD Beta do to support your trust in Au-

topilot and FSD Beta?
Q21 Does your trust / distrust in Autopilot and FSD Beta impact how

you use Autopilot and FSD Beta on your next drives / in the future?
Please explain.

Q22 Has your trust changed over time? If so, how?
Q23 When you do compare yourself with other drivers, Autopilot, and

FSD Beta, do you think you are ... (1 = A much worse driver, 2 =
A worse driver, 3 = Not a better nor a worse driver, 4 = A better
driver, 5 = A much better driver) (De Craen, 2010)

With the next section, we would like to explore how you typically use Autopilot and FSD
Beta.
Q24 How do you typically place your hands on the steering wheel when

Autopilot and FSD Beta is active? Please select the image that
serves as the best representation of your placement of your hands
on the steering wheel when Autopilot / FSD Beta is active and
explain your answer.

Q25 Do you typically keep your hands on the steering wheel at all
times?

Q26 Are you typically fully attentive and alert at all times?
Q27 How often do you typically engage in other secondary activities

while Autopilot and FSD Beta is active? (Never, rarely, occasion-
ally, frequently, always; monitoring the road ahead, talking to fel-
low travelers, observing the landscape, using the phone for music
selection, using the phone for navigation, using the phone for calls,
eating and drinking, using the phone for texting, watching videos /
TV shows, sleeping)

Q28 Do you disengage Autopilot and FSD Beta? Why / why not?
Q29 Does Autopilot and FSD Beta disengage? When / in which situa-

tions?
Q30 How do you typically place your eyes when Autopilot and FSD

Beta is active?
Q31 Do you typically keep your eyes on the road at all times?
Q32 Do you typically monitor the vehicle and its surroundings at all

times?
Q33 How do you typically place your feet when Autopilot and FSD

Beta is active?
Q34 Do you typically stay prepared to take corrective actions at all

times?
Q35 Has your use of Autopilot (in terms of how you placed your hands

on the steering wheel, eyes on the road, and feet) changed over
time? If so, how?
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C Appendix for Chapter 8: Objective Assessment of Mean-
ingful Human Control

C.1 Survey Questions for MHC Concepts

Post experiment questions Subjective perception
D1: Were there any situations where you felt you had sufficient
control over the automated vehicle operation? Please describe.

Sufficient control

D2: Were there any situations where you felt you did not have
sufficient control over the automated vehicle operation? Please
describe.

Sufficient control

D3: Were there any situations where you felt that the automated
vehicle understood your intention? Please describe.

AV understood me

D4: Were there any situations where you felt that the automated
vehicle did not understand your intention? Please describe.

AV understood me

D5: Were there any situations where you felt that you understood
the behaviour of the automated vehicle? Please describe.

I understood AV

D6: Were there any situations where you felt that you did not
understand the behaviour of the automated vehicle? Please
describe.

I understood AV

D7: Were there any situations where you felt that the automated
vehicle was working together with you? Please describe.

Working together

D8: Were there any situations where you felt that the automated
vehicle was not working together with you? Please describe.

Working together

D9: Were there any situations where you felt responsible for the
driving task when using the automated vehicle? Please describe.

Responsible

D10: Were there any situations where you did not feel
responsible for the driving task when using the automated
vehicle? Please describe.

Resposible

D11: Were there any situations where you felt safe when using
the automated vehicle? Please describe.

Safe

D12: Were there any situations where you felt unsafe when using
the automated vehicle? Please describe.

Safe

D13: Were there any situations where you trusted the automated
vehicle? Please describe.

Trust

D14: Were there any situations where you did not trust the
automated vehicle? Please describe.

Trust

Table 3: Descriptive questions after all the trials

C.2 Calculating Behavioural Metrics

This appendix provides the full preprocessing steps, equations, and references for the be-
havioural metrics summarised in Section 7.3.3. Each subsection below corresponds to a specific
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metric.

Preprocessing

All telemetry signals were preprocessed before analysis. Specifically, we applied a centered
rolling mean with a 20-sample window, corresponding to 0.4 s at the simulator’s 50 Hz sam-
pling rate. This smoothing reduced random measurement noise while preserving the overall
signal dynamics. For notational simplicity, we denote signal as continuous function of time
(e.g., τH(t), although in practice they were recorded as discrete samples at 50 Hz. From these
smoothed signals, we then derived the behavioural metrics described below and explain their
relevance for assessing MHC. Additionally, we applied a torque threshold, retaining only human
and automation torque values with magnitude greater than 0.2 Nm to reduce noise. Throughout
the remainder of this section, ‘torque’ refers to these thresholded values.

Reaction time

Reaction time (RT ) was defined as the delay between the automation initiating an evasive ma-
noeuvre toward a potential collision with a motorcyclist and the participant’s takeover response.
Formally,

RT = tH− tA,

where tA denotes the automation initiation time and tH denotes the human response time.
Because the automation acts first, reaction time is defined such that tH > tA.

Reaction time was computed for both Haptic Shared Control (HSC) and Traded Control
(TC). The automation initiation time tA was defined identically for both control modes, whereas
the human response time tH was operationalised differently depending on the control strategy.

The automation initiation time (tA) was identified as the moment when the automation torque
began a rapid change indicating the onset of an evasive manoeuvre. Specifically, tA was de-
fined as the first time at which the gradient of the automation torque exceeded a threshold of
0.18 Nm/s:

tA = min
(

t | dτA(t)
dt

> 0.18 and t < tpeak

)
,

where τA(t) denotes the automation torque and tpeak is the time of the first local maximum
of the torque gradient following manoeuvre onset. The first peak was selected because it cor-
responds to the moment when the automation action becomes most perceptually salient to the
driver.

The definition of human response time (tH) depended on the control mode:

• Haptic Shared Control (HSC): tH was defined as the first moment after tA at which
conflict between human and automation was detected,

tHSC
H = min(t |C(t)> 0 and t > tA) ,
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where C(t) denotes the interaction conflict signal between human and automation inputs,
as defined in C.3.

• Traded Control (TC): tH was defined as the first moment after tA at which automation
authority A(t) dropped below a predefined threshold θ, indicating transfer of control to
the human driver. The automation authority signal A(t) is defined in C.3:

tTC
H = min(t | A(t)< θ and t > tA) .

According to ?, sufficient control can be interpreted as the driver’s ability to intervene and
redirect the vehicle toward safety without being constrained by the automation. Shorter reaction
times therefore indicate faster driver responsiveness once the automation initiates a potentially
unsafe trajectory.

Figure 1 and 2 illustrate the extraction procedure. Panel (a) shows detection of tA from
the automation torque gradient, while panel (b) illustrates identification of tH based on conflict
onset (HSC) or authority reduction (TC).

C.3 Conflict

Conflict (C(t)) in steering torques was defined as instances where human and the automation
applied torques in opposite directions. Formally:

C(t) =−τH(t) · τA(t)

where τH(t) is the human-applied torque and τA(t) is the automation-applied torque. Posi-
tive conflict values indicate opposing torques.

We included this metric because conflict can signal a lack of cooperation between human
and automation. According to Cavalcante Siebert et al. (2023), shared representation, where
human and AI agents maintain mutually compatible task, facilitates cooperation. High conflict,
by contrast, suggests misalignment and poorer coordination.

To ensure consistency with the controller design used in the experiment, we used the same
torque threshold that TC used to trigger authority handover to the human. This event-based
operationalisation aligns with the prior work that interprets increased opposing steering torques
as a proxy for human–automation conflict (Boink et al., 2014). Figure 3 illustrates both the
temporal evolution of the conflict signal and its spatial distribution along the driven trajectory,
highlighting where human corrective actions emerged during interaction with the automation.

Maximum steering torque

Maximum steering torque was defined as the highest torque value applied by the human driver
(τH(t)) during a trial. This metric reflects how much physical effort the driver exerted to override
or resist the automation, defined as the following definition:

Maximum steering torque = max(τH(t))
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Figure 1: Illustration of reaction-time calculation for Haptic Shared Control. (a) Detection of
automation initiation time tA from the automation torque gradient dτa(t)

dt . (b) Identi-
fication of human response time tH based on conflict onset. (c) Illustration of ego
vehicle and bike position over time. The pair of positions of the ego and bike for the
same time stamp is shown by the orange line between them. The black dashed line
is the ego vehicle reference trajectory. The time stamps denote two representative
sampling instants: an earlier reference moment and the instant at which the distance
between the ego vehicle and the bike is minimal.
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Figure 2: Illustration of reaction-time calculation for Traded Control. (a) Detection of automa-
tion initiation time tA from the automation torque gradient dτa(t)

dt . (b) Identification of
human response time tH based authority reduction. (c) Illustration of ego vehicle and
bike position over time.
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Figure 3: Illustration of human–automation conflict during a representative trial under Haptic
Shared Control (HSC). (a) Temporal evolution of the conflict signal C(t) over the
entire driving trial. Peaks indicate periods of opposing steering torques between the
human driver and the automation. (b) Spatial distribution of conflict values along
the ego vehicle trajectory. Conflict magnitude is colour-coded, where darker red in-
dicates higher conflict intensity. Black markers denote traffic participants. Markers
positioned on the left side of the trajectory indicate vehicles travelling in the same
direction as the ego vehicle, whereas markers on the right indicate opposing traffic.
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.

We included this measure because high torque demands may indicate poor cooperation: if
drivers must exert stronger force against the system, they are likely to feel less “in control”
and less as though they are “working together” with the automation. Accordingly, we hypothe-
sised negative associations between maximum steering torque and perceptions of both sufficient
control and cooperation.

Prior research supports this interpretation. For example, Ercan et al. (2018) found that
drivers applied maximum torque when resisting lane-keeping or lane-departure assistance, sit-
uations directly related to perceived control and cooperation.

Steering reversal rate

Steering reversal rate was calculated as the number of steering reversals per second as defined
by Markkula & Engström (2006), where a steering reversal is defined as the portion of the
interactions where the rate of change of the steering angle is zero, and the difference in steering
angle at the two extremes is greater than 1°.

We included steering reversal rate as a behavioural metric as it is a widely accepted metric
for control effort while driving (Markkula & Engström, 2006; Mars et al., 2014).

Take overs

We defined two ways to calculate the number of takeovers because haptic shared control (HSC)
and traded control (TC) differ in nature. For HSC, a takeover occurs when the conflict value
changes from zero to positive. For TC, a takeover occurs when authority A(t) falls below a set
threshold after previously being above it. After defining these triggers, we counted the number
of takeover events per trial.

In our framework, authority represents how much control the automation currently has,
ranging from 0 (driver full control) to 1 (automation full control). Authority is calculated from
the driver’s steering torque: if the driver applies strong torque, authority decreases, showing that
the driver is taking over. If the driver applies little torque for some time, authority increases,
showing that the automation regains control. In this way, authority provides a continuous mea-
sure of who is in control at any given moment.

Formally, authority is expressed as:

A(t) = 1−
(

1+ e−c1 (x(t)−c2)
)−1

,

where x(t) is an internal signal that is updated based on the driver’s torque input. When the
human torque τh exceeds a threshold, x decreases sharply (leading authority to drop). When τH
stays well below the threshold, x increases gradually (leading authority to rise). The constants
c1 and c2 control the steepness and midpoint of the transition.

We used the number of takeovers as an indicator of how drivers perceive the AV to collab-
orate with them. Prior work by Hwang et al. (2025) indicates that when drivers are engaged in
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more complex secondary tasks, their takeover performance deteriorates, with slower responses
and lower success rates. Extending this logic, drivers who perceive the automation as competent
or “understanding” may become less prepared to intervene, resulting in fewer takeovers. This
complacency can be seen as an extreme version of collaboration, in which a greater portion of
the driving task is left to the automation. Taken together, this supports the use of the number of
takeovers to capture drivers’ perception of collaboration with the AV.

Trajectory deviation

Trajectory deviation (T D) was defined as root mean square error (RMSE) between the actual
trajectory of the ego vehicle and automation’s trajectory during a trial:

T D =

√
1
N

ΣN
i=1[(xactual(i)− xre f ( j))2− (yactual(i)− yre f ( j))2]

where xre f ( j) and yre f ( j) are the reference trajectory points closest in position to the actual
xactual(i) and yactual(i).

Prior work (Griesche et al., 2016) shows that most drivers prefer to drive in their own style
or in a style similar to it. Extending this finding, we expected that if drivers felt responsible
for operational control but found the automation’s trajectory deviated from their preferred style,
they would be more likely to take over. This takeover would increase trajectory deviation but,
at the same time, might strengthen their perceived sense of responsibility. Figure 4 illustrates
the spatial deviation between the actual and reference trajectories.

Jerk

Jerk (J) was defined as a measure of driving smoothness, obtained by differentiating the vehi-
cle’s acceleration and calculating its root mean square (RMS) across one trial::

J =

√
1
N

ΣN
i=1( j2

x,i + j2
y,i)

where jx,i and jy,i denote the jerk samples in the longitudinal and lateral directions, respec-
tively. High jerk values indicate abrupt changes in acceleration, which can reflect uncomfortable
driving or difficulties in controlling the automation. Accordingly, higher jerk were interpreted
as reduced perceptions of sufficient control. Figure 5 illustrates the spatial distribution of jerk
values along the driven trajectory.

Overtaking time

Overtaking time was defined as the total duration the vehicle spent in the overtaking lane during
a trial. We calculated the signed lateral offset di of the vehicle from the road centerline at each
sample by taking the Euclidean distance to the nearest centerline point and assigning a sign
using the centerline’s local normal:
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Figure 4: Illustration of trajectory deviation calculation. The solid blue line shows the actual
ego-vehicle trajectory, while the dashed black line denotes the automation reference
trajectory. Deviation values are computed as the pointwise Euclidean distance be-
tween the actual and reference trajectories and are colour-coded along the driven path.

di = ||pi− cnearest||× sign((pi− cnearest) ·nnearest)

where pivehicle position (xi,yi)at time i, cnearest is nearest point on road centerline, nnearest
perpendicular unit vector at nearest road point, and · is a dot product. Positive values of di
indicate that the vehicle is in the overtaking lane. Overtaking time was then calculated by
summing the durations of all contiguous intervals where di > 0:

Tover =
K

∑
k=1

(
t
i(k)x
− t

i(k)e

)
,

where i(k)x and i(k)e are the enter and exit indices of overtaking intervals and ti are the recorded
timestamps. For each time point i, we calculated the vehicle’s lateral distance di from the
road centerline by finding the nearest centerline point and computing the signed perpendicular
distance. The sign was determined using the dot product with the road’s perpendicular vector,
where positive values indicate the overtaking lane.

Although not included in the hypotheses, we included overtaking time post-hoc as a cue for
collaboration. In both HSC and TC, automation followed its own overtaking trajectory and typ-
ically merged back after passing. Longer overtaking times therefore suggest that drivers either
resisted the automation’s intent to return to the driving lane (HSC) or withheld authority to pro-
long the maneuver (TC), indicating reduced collaboration. Shorter overtaking times are more
consistent with alignment with the automation’s planned trajectory, supporting the perception
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Figure 5: Illustration of jerk calculation. The ego-vehicle trajectory is colour-coded according
to jerk magnitude, computed from the time derivative of vehicle acceleration. Colours
represent pointwise jerk values along the trajectory, while the reported mean and RMS
jerk values are calculated over all samples in the trial.

of working together. Figure 6 illustrates the identification of overtaking intervals based on the
signed lateral offset and the aggregation of these intervals used to compute overtaking time.

Time to Collision

Time to collision of the ego vehicle to the target vehicle was calculated using the algorithm
proposed by Jiao (2023) to calculate two-dimensional TTC. The minimum TTC value per trial
was used for the analysis, as it would represent the most critical part of the interaction. In
many cases, the velocities of the vehicles were never directed towards a collision and resulted
in infinite values of the minimum TTC. Before we ran the statistical analysis we winsorised the
data by replacing infinite values with the 0.99 percentile values of the non-infinite values.
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Figure 6: Illustration of overtaking time calculation. The ego-vehicle trajectory is colour-coded
according to driving state, where red segments indicate periods in which the vehi-
cle occupies the overtaking lane (di > 0) and blue segments indicate normal driving.
Overtaking is determined using the signed lateral offset from the road centerline, com-
puted at each time step. Total overtaking time is obtained by summing the durations
of all contiguous overtaking intervals.
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