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Abstract— Ethical dilemmas are a common challenge in
everyday driving, requiring human drivers to balance com-
peting 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
everyday 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 human 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 framework that
detects when AV behaviour misaligns with expected human
reasons to trigger trajectory reconsideration. The framework
integrates with motion planning and control systems to support
real-time adaptation, enabling decisions that better reflect
safety, efficiency, and regulatory considerations. Simulation
results demonstrate that this approach could help AVs respond
more effectively to ethical challenges in dynamic driving envi-
ronments by prompting replanning 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.

I. 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 [1], the
widespread adoption of these systems hinges on their capac-
ity to reflect human ethical judgment, particularly when con-
fronting morally ambiguous situations where multiple values
compete [2], [3]—situations commonly referred to as ethical
dilemmas. Examples include deciding whether to briefly
occupy the opposite lane to safely overtake cyclists [4],
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 appropriateness, 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.
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Much of the research has focused on extreme scenarios, such
as the well-known “trolley problem” [5]. While philosoph-
ically significant, trolley problems rarely happen in daily
driving, and despite the practical importance of everyday
dilemmas, they often receive less attention [1], [6]. [2] em-
phasises that everyday ethical decisions in automated driving
extend far beyond these extreme scenarios, requiring nuanced
contextual use of reasons, something current systems lack.
Similarly, [7] 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 human 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 systems designed with traditional motion
planning algorithms, which primarily optimise for trajec-
tory smoothness and collision avoidance without explicitly
integrating ethical considerations. Building on this under-
standing, recent ethical frameworks propose more holistic
approaches that better align with human moral intuitions. [§]
and [9] collectively emphasise that effective AV ethics must
integrate moral principles such as deontological ethics, virtue
ethics, and consequentialist considerations while maintaining
transparency in decision-making.

However, integrating these ethical principles into AV
decision-making remains challenging. While prior works
have focused on embedding such principles into control and
motion algorithms [1], [10], [11], current approaches fail to
make explicit when these principles are in conflict. Recog-
nising 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) [12],
[13] 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.
[13] laid the groundwork for achieving MHC. One of the
required conditions 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 [12], these
reasons can be understood as moral values or principles that
are reflected in human driving plans and intentions—such as

979-8-3315-4393-8/25/$31.00 ©2025 IEEE 21495

Authorized licensed use limited to: TU Delft Library. Downloaded on February 25,2026 at 11:41:34 UTC from IEEE Xplore. Restrictions apply.



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 sce-
narios that require balancing multiple, sometimes conflicting,
values.

Specifically, the primary contribution of this paper is a
modular human reasons-based supervision framework that
enables AVs to make ethically nuanced decisions in routine
yet ethically challenging scenarios. The framework contin-
uously 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 stake-
holder reason scores and predefined thresholds to iden-
tify when AV behaviour misaligns with human reasons;

2) We integrated the human reasons-based supervision
framework into an AV control architecture, 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 behaviour changes are
recommended in routine, ethically challenging situa-
tions.

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

The remainder of this paper is organised as follows:
Section II presents the detailed methodology and system
architecture, including the mathematical human reasons and
its integration into a motion planning framework. Section III
describes the experimental setup and simulation environment.
Section IV and V present and discuss the simulation results
and the impact of ethical supervision on vehicle behaviour.
Finally, Section VI concludes the paper and outlines direc-
tions for future research.

II. METHODOLOGY
A. 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 demonstration purposes, we consider a sce-
nario 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 vehicle’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' C R"™ with state vector
Xt = [Pt,vt,0swi]T, where py = [ps,py]T represents
position, v; denotes velocity, 6; is heading angle, and w;
is rotational velocity. The control space U C R™ consists of
ut = [as, 0;]7, representing acceleration and steering angle.

Our multi-agent ethical framework defines stakeholders
S = {si1,59,...,5,} with reason functions R, X x
U — [0,1] quantifying alignment with each stakeholder’s
perspective. This formulation means that each function R,
evaluates the vehicle’s state and control actions to produce
a score between O and 1, reflecting how well the AV’s
behaviour satisfies the ethical priorities of the respective
stakeholder. For the designed scenario, we identify three key
stakeholders: road policymakers (Spoticy), Vulnerable road
user (sy ry), and drivers (Sgriver)-

The navigation problem for the automated vehicle is
formulated as:

T—1
Z j(Xty ut)
t=0

min
UQ,---,UT—1
S.t. Xt+1 = f(Xt7 ut) (1)
Xt € Xsafe
ug € u

Rsi(xtvut) > Tsmvsi €S

Here, J(xt,ut) represents the cost function to be min-
imised over the control horizon T, evaluating the perfor-
mance of the AV’s state and control inputs at each time step t.
The function f(x¢,ut) denotes the system dynamics model
that predicts the next state x¢41 based on the current state
x¢ and control input ug. The set Xsqr. C X defines the safe
region of the state space where the vehicle must operate
to avoid collisions and other hazards. Finally, for each
stakeholder s;, 7s; denotes the threshold value specifying the
minimum acceptable reason score that the AV’s behaviour
must meet.

B. Framework Architecture

Our approach implements a multi-component and hierar-
chical framework with three main components:

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.
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2) Model Predictive Control: Optimises vehicle trajec-
tory 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: Eval-
uates the planned actions against ethical criteria and
triggers replanning when necessary if the criteria are
not met.

These elements are depicted in Fig. 1. The key innovation
in our approach is the definition 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 stake-
holders’ perspectives. Therefore, we begin by detailing the
components of the framework.

C. 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 [14]. These steps involve defining the
relevant stakeholders and articulating their reasons, as well
as specifying the features of the AV system that govern its
behaviour. While the original approach remains qualitative,
our work extends it by developing a quantitative 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 II-D.

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

e Road Policymaker: Represents regulatory authorities

whose reason is to ensure overall road safety through
regulatory compliance.

e Vulnerable Road User: Represents vulnerable road users

whose reason is to commute with safety and comfort.

e 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 reason models for each. For
each stakeholder, we define a reason model that quantifies
their satisfaction with the vehicle’s behaviour on a scale from
0 to 1, where 1 indicates full satisfaction and O indicates
complete dissatisfaction.

2) Mathematical Representation of Reason Models: A
key contribution of our framework is the operationalisation of
abstract human reasons using empirically supported, measur-
able parameters. While previous work has discussed human
reasons conceptually [14] or proposed initial variables [15],
these efforts have not established an empirically grounded
mapping to real-world driving 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 func-
tions that model how stakeholder satisfaction declines when
specific behavioural threshold are crossed. These modelling
choice are grounded based on both computational simplic-
ity and their ability to approximate human reasons. As
demonstrated by [16], 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 perceived acceptability.
Nevertheless, the proposed equations serve as a representa-
tive 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 Sec-
tion III. For example, the cyclist’s reason—related to comfort
and perceived safety—is represented using lateral distance
and tailgating time, based on findings from [17], [18]. Here,
comfort refers to the cyclist’s subjective experience of emo-
tional 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 im-
pact 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 [19], such conditions could lead to frustration under time
pressure. Meanwhile, the policymaker’s reason—regulatory
compliance—is satisfied when the AV stays within its desig-
nated lane. The reason’s score decreases as the AV crosses
into the opposite lane to overtake the cyclist. This reflects
findings from [20], where experts preferred the AV to over-
take gently and return to its lane promptly, indicating that
in such situations, any lane violation should be considered
minimal.

a) Policymaker’s Reason: The policymaker’s reason
score quantifies regulatory compliance — specifically, adher-
ence to lane regulations in this scenario:

1, if dyep > 0,

R olicymaker — (2)
poney ekr-den  otherwise,

where dye, 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); %k is a scaling
constant.
b) VRU’s Reason: The VRU’s reasons score is decom-
posed into safety assurance and comfort preservation.
- Safety Assurance:

) .f dV - VI > d vru s
Rsa(t) _ ) 1 eh-vru th,vru (3)

s = day . Otherwise,
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Fig. 1.

where d.eh.vra denotes the distance between the vehicle and
the VRU; dy, vry is the perceived safe distance threshold; ko
is a scaling constant.

- Comfort Preservation:

]-7 if tclose,vru < tth,vru or

RC;D (t> = dyeh-vru > dth,vrua 4)

-1 i
e*3 (tollow —tih,vru) 7 otherwise.

where fcosevru 1S the cumulative time during which
dyenvru < dinvrus tinyre 18 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:

Ryru(t) = Rsa(t) - Rep(t). 5)

where Ryry(t) combines the safety and comfort compo-
nents.

c) Driver’s Reason: The driver’s reason score is de-
fined as:

1, if Thehind,driver < tih.driver OF

Rdriver(t) = dveh—vru > dlh,driverz

L otherwise,

& %4 (toehind,driver — tthdriver)

(6)
where foehinddriver 1S the cumulative time during which
dyehvru < dthdriver; tehdriver 1S the time threshold for close
following that the driver considers acceptable; dyeh.yru 1S the
distance between the vehicle and the VRU; di griver is the
distance threshold below which the driver considers the AV
to be following too closely, leading to perceived inefficiency;
and k, is a scaling 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.

D. Motion Planning and Control Implementation

To demonstrate the generalisability and practical imple-
mentability of our framework, we integrate the human

Hierarchical control architecture with human reasons-based supervision for ethical AV decision-making

reason-based supervision framework into an AV feature
that governs its behaviour. In this research, we adopt an
established motion planning and control framework [21].
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.

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

Jpalh =wq - Jlength + w2 - Jsmoothness
(7

where Jiengim is the cost related to the length of the path
from the initial state to the goal state, aiming to motivate the
shortest path; Jymoothness 18 the cost related to the smoothness
of the path; Jopstacle_clearance 1S the cost for avoiding obstacles;
and Jiafficrule 1S 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 [22]. 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 [22].

2) 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 ¢ is represented as:

+ ws - Jobstacle,clea.rance + wy - Jlrafﬁc;ule

®)

comprising position coordinates (x,¥;), heading angle 6,
and longitudinal velocity v;. The control inputs are:

u(t) = [a, 6"

x(t) = [$t7yt79t7vt]T

©))
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where a; denotes acceleration and J; the steering angle.
Vehicle dynamics are modelled using a bicycle model as
follows:

& =wvcos(0+ ),y = vsin(d + B),é = %sin(ﬁ),i} =a
(10)
with slip angle 8 = arctan(lf tan(d)), wheelbase L, and
rear axle distance [,.. We discretise this continuous model
using time step 7T:

X(t + 1) = AdX(t) + Bdu(t) + dq (1
where the discrete system matrices are:
1 0 Tsco —Tsvisg
_ |0 1T Tisg Tsvicy
Ada=10 0 1 0 (12)
Ts tan(d;
0 0 % 1

with cg = cos(6;) and sp = sin(6;) for brevity. The input
matrix and disturbance term are:

0 0
0 0

T 0
Tsve
0 L cos? ()

By = 13)

TSUtSQQt
—TS’UtCQGt
0

_ Tsve by
L cos?(0y)

da= (14)

Our cost function integrates multiple objectives over pre-
diction horizon N:

N—1
T= (et B, +llell?, + lleavl?,,)
t=0
N-1 (15)
) (hwellk + Aueiz,)
t=0

+llxy = Xrerv G,

where e;- and e‘tl represent perpendicular and parallel tra-
jectory tracking errors, eg,, ; captures orientation and velocity
errors, and Auy = uy41 —uy. The matrices Q 1, Q, Qov, R,
R4, and Q) are weighting matrices that prioritize different
aspects of performance.

The optimisation operates under constraints:

Xpp1 = f(xg,w);up EUsxg € X (16)
where U defines input limitations:
Amin S ag S Amaxs 5min S 5t S 5maw (17)

3) Reason-Triggered Replanning: At each time step, the
system evaluates the reason scores for all stakeholders using
the formulations provided in Eq. 2 to Eq. 6. For each stake-
holder s; € S, the reason score R, (x¢,ut) is computed. If
any score falls below its corresponding threshold 7,

min Ry, (X¢, ut) < Ty, (18)

S, ES

Cyclist
Ego vehicle

— &

¥
Road infrastructure

Cyclist’s path f
Ego Vehicle’s path f

Fig. 2. Illustration of an ego vehicle approaching a cyclist on a narrow
bidirectional road, highlighting the ethical challenge in overtaking due to
road constraints.

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 incorporates a set of weights in its cost function
(Eq. 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 Jyafficrue, restraining the A* search
algorithm from generating paths through those areas. When
replanning is triggered due to misalignment with human rea-
sons, prohibited areas could temporarily receive lower costs,
allowing the A* algorithm to search through those areas and
provide a new trajectory with a different, potentially higher,
human-reasoning score. Since the replanning strategy is not
within the scope of this study, we refer the readers to the im-
plementation of our planner detailed in [22]. We would like
to highlight that the proposed evaluation framework remains
algorithm-agnostic and can assess trajectories generated by
any motion planning approach.

III. EXPERIMENT SETUP

To evaluate our human reasons-based supervision frame-
work, we test it in an ethically challenging cyclist overtaking
scenario, where an ego vehicle traveling in the right lane
encounters a slow-moving cyclist on a narrow road (Fig. 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:

e Road Policymakers enforce traffic regulations that pro-
hibit left-lane usage to ensure overall road safety.

e Cyclists require a safe and comfortable riding experi-
ence, which may be compromised by vehicles manoeu-
vring too closely.

o 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
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stakeholder are provided in Eq. 2 to Eq. 6. In our experi-
ments, we focus on comparing two configurations:

e Baseline Controller: The ego vehicle operates using a
standard baseline controller without the human reasons-
based supervision [21].

o Baseline Controller with Replanner: The baseline con-
troller is augmented with the human reasons-based
supervision framework, which triggers replanning when
the vehicle’s behaviour does not align with the prede-
fined ethical thresholds.

These experiments are designed to assess how integrat-
ing human reasons-based supervision framework impacts
decision-making in vehicle behaviour during ethically chal-
lenging situations; specifically in the context of safely over-
taking a cyclist on a bidirectional road. To calibrate our
reason models, we set the threshold values summarised in
Table I based on empirical studies of cyclist and driver
behaviour [18], [23].

TABLE I
PARAMETER VALUES FOR REASON MODELS

Parameter Value
dinyru (Cyclist’s perceived too-close distance threshold) 8§ m
tihyru (Max time cyclist tolerates close following) 5s
dih driver (Driver’s perceived too-close distance threshold) 12 m
tihdriver (Max time driver tolerates close following) 10 s
Ts; (Reason alignment threshold for all stakeholders) 0.7

IV. RESULTS

The results of validation for the controller with and with-
out the proposed human reasons-based supervision frame-
work are depicted in Fig. 3 and Fig. 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 plan-
ning 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.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.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.d), the system’s performance in aligning with human
reasons decreases over time (Fig. 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

L0 =4 T TT
'_|| \J \(—T/ | E ||i |
O os \ I i |
—_ (b) J || ||i | |
WV o051 \ T &
20 c T “‘ | |
255 O 041 — = Rpolicymaker l
. 0
© 1= Rariver \
g | == Reyclist ~. ~
0.0 =
205 0 1o 20 30
10 { Al Time [S]
150
155 E 125 (C)
205 E
¥ 10.0 4
0 ;’ 75
105 D 5o
15s| (]
o 2541
U oo
5s 0 10 20 30
-10 105 Time [S]
le—-13
0s = 2.0
- E" o
5s C L5
-204 Predicted .9
safestop @ 4o 10
point Q
Goal area 0s > 0.5
Simulated ___ Q
Trajectory D o1
-5 0 5 0 10 20 30
Time [s]
Fig. 3. Results of running the model in baseline controller

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, 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 hu-
man reason priorities but at the cost of temporary regula-
tory 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. 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 accumulation of the waiting time
of the driver and the cyclist. This triggers the planner to gen-
erate 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
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Fig. 4. Results of running the model in baseline controller with replanner

goal in just 18 seconds by overtaking the cyclist, significantly
reducing the driver’s waiting time. It is worth noting that the
deviations on the order of centimeters in both scenarios may
be attributed to the limitations and constraints of the MPC.

V. DISCUSSION

This study reveals three key contributions of the human
reasons-based supervision framework: (1) the ability to de-
tect 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
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 ap-
proach, prioritizing the policymaker’s reason for regulatory
compliance. This results in strict adherence to rules, but at the
cost of neglecting 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 intro-
duces a dynamic and adaptive approach 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 discom-
fort 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 se-
lect 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 threshold might delay intervention, lead-
ing 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 mech-
anism 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 environ-
ments, such as multi-policy decision-making (MPDM) pro-
posed by [24], [25], 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 motion planners that not only gen-
erate 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 prior-
ities, the proposed framework enables more human-centric
decision-making, which is essential for user trust and accep-
tance in real-world applications. Thanks to the framework’s
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modularity, its integration into existing automated 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 driving systems. The findings
demonstrate that while strict regulatory compliance ensures
safety and rule-following, mechanisms that detect misalign-
ment with human priorities and prompt reconsideration can
lead to decisions that better reflect the reasons of multiple
stakeholders. This insight paves the way for future develop-
ments in automated systems that are both technically robust
and socially and ethically aligned with human reasons.

VI. CONCLUSION

This study proposes a human based-reason supervision
framework to support automated vehicles (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 de-
tected. The key contributions demonstrated through this work
are: (1) A detection mechanism for identifying misalignment
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.
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