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Abstract
Passenger comfort and perceived safety, as two psychological states,
are crucial for user acceptance of automated driving. The accu-
rate measurement of these passenger states contributes to human-
centred designs for automated vehicles and developing predictive
models for providing personalised settings. However, practical chal-
lenges and best practices are rarely discussed in the literature. This
workshop aims to address this gap by creating a forum to synthe-
sise current practices and explore novel, effective measurement
approaches. The session includes expert talks on subjective, objec-
tive, and model-based measurement methodologies, and interac-
tive breakout sessions. Participants will critically evaluate existing
methodologies and design future multi-modal strategies, including
incorporating artificial intelligence (AI). The workshop will pro-
duce numerous outcomes, including the collaborative development
of a research outlook and a methodological paper for knowledge
sharing.

CCS Concepts
• Human-centered computing → HCI design and evaluation
methods; HCI theory, concepts and models.
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1 Introduction
Enhancing user experiences is crucial for the public acceptance of
automated vehicles (AVs). Research has investigated passengers’
psychological states, including comfort and perceived safety, to
inform AV design and develop predictive models [3, 4, 6–8, 10, 13].

Comfort in automated driving is a state of “subjective feelings
of ease and pleasantness”, influenced by “users’ expectations, their
communication with AVs, and the varying environmental and
traffic conditions” [13, p. 191]. Perceived safety is described as
“feeling relaxed, safe and comfortable” [8, p. 179]. These concepts
are closely linked, with research combining them, like “feeling
safe/natural/comfortable”, to evaluate an overall pleasant experi-
ence with automated driving [5]. [6] suggest that feeling safe and
relaxation contribute to a positive experience, which ultimately
enhances acceptance.

However, the subjective nature of these states presents chal-
lenges in their measurement. While a wide range of physical, psy-
chological, and physiological methods exists, their application is in-
consistent, and effective combinations are not well-explored. More-
over, the context of automated driving, such as limited cabin space,
engagement in non-driving-related activities (NDRAs), and chang-
ing external environment, adds further complexities.

1.1 Subjective evaluation
Self-reported data, through single or multi-item scales, are com-
mon for subjective evaluation. Participants indicate their level of
agreement or disagreement with one or multiple statements.

Single-item questions are practical and often used. For example,
research has used a five-point Likert scale ranging from 1 (very
comfortable) to 5 (very uncomfortable) [20] and an 11-point scale
ranging from 0 (completely uncomfortable) to 10 (completely com-
fortable) [12]. [6] used a 100-point scale to measure discomfort
during an automated ride; participants pressed a button on the
handset to indicate their discomfort level on a scale ranging from 0
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(comfortable) to 100 (uncomfortable). Similarly, [8] asked drivers
to rate their perceived safety by pressing a sensor on the steering
wheel, which provides visual feedback on an LED bar. Such pressure
was mapped to a scale ranging from 1 to 10. However, single-item
scales risk oversimplifying these complex states. Moreover, the
variation in scale length (e.g., 5, 11, and 100) and labelling (e.g., very
low versus completely uncomfortable) hinders the comparability
of results across studies.

Multi-item scales offer more depth and allow examination of
sub-constructs of comfort and perceived safety. [6] used a 32-item
questionnaire to assess four dimensions of comfort, including con-
venience, joy, and lack of convenience and joy. [11] identified three
items - feeling safe, relaxed, and anxious – to characterise per-
ceived safety in partially automated driving. However, commonly
accepted and validated scales for both states in the AV context are
lacking. Second, their length makes them impractical for capturing
the dynamic nature of these states in real-time during a drive.

1.2 Objective evaluation
Physiological metrics are used for real-time, non-intrusive moni-
toring of occupants during an automated ride. Research has shown
that in uncomfortable situations, such as an AV approaching an in-
tersection, heart rate decreases while pupil diameter increases and
eye blink rate decreases [1]. [16] found skin conductance responses
(SCRs) to be sensitive to discomfort in the changing driving envi-
ronment. Motion sickness has been correlated with electrodermal
activity, skin temperature, and heart rate, e.g., [17, 19]. Research
has also linked perceived safety to metrics, such as electrodermal
activity, heart rate variability, and pupil dilation [8, 15].

However, physiological measures also have limitations. Their use
relies on the assumed correlation with various cognitive and emo-
tional states, including stress, cognitive load, emotional arousal,
and fatigue. Moreover, these signals are susceptible to artefacts
caused by body movement, vehicle motion, and interactions with
in-vehicle systems [2, 9], leading to potential inaccuracies. Individ-
ual variations also challenge the generalisation of physiological
inferences [19].

1.3 Behavioural inferences
Users’ behaviour is sometimes used to infer psychological states.
For example, [14] suggested that passengers’ willingness to engage
in NDRAs might indicate comfort. Braking during the use of partial
automation could suggest lower perceived safety [8]. However, the
relationship between these behaviours and specific psychological
states is not yet clearly established.

1.4 Overall remarks
Accurate measurement of comfort and perceived safety is essen-
tial for creating design guidelines [7] and developing predictive
models for personalised AV experiences [10]. However, the prac-
tical challenges of these measurement techniques are often not
explicitly discussed in the literature, while reflections on the pros
and cons of different approaches could better inform future studies.
More importantly, the effective combination of different methods
to achieve accurate, real-time measurement of passenger states
remains underexplored.

The emerging artificial intelligence (AI) and large language mod-
els (LLMs) offer potential for better understanding users and their
intent [18]; however, the application of these tools to enhance pas-
senger state measurement in the automated driving context has
not been sufficiently investigated.

Taken together, a synthesis of current measurement approaches
and an exploration of new mixed methods are needed to establish
more generalisable measurements for these psychological states in
automated driving. This assists researchers in the AutoUI commu-
nity to better explore subjective experiences, which will ultimately
contribute to improved AV designs and the development of more
accurate predictive models.

2 Workshop goals
To address the lack of shared knowledge on effectively measur-
ing passenger psychological states, this workshop will facilitate
discussions on the practicalities of measuring passenger comfort
and perceived safety in automated driving. We aim to synthesise
current practices and collaboratively explore novel, effective, and
reliable approaches. Specifically, we aim to:

(1) Evaluate methodologies: Share and critically evaluate exist-
ing measurement approaches, creating a community knowl-
edge repository on their practical application.

(2) Identify future directions: Collaboratively brainstorm novel
and combined measurement strategies, including AI and
LLMs, for effective real-time assessment in automated driv-
ing.

To support these goals, we will bring together a multidisciplinary
group of researchers and practitioners, featuring insights from
invited experts. All interested participants are welcome.

3 Organisation
3.1 Pre-workshop
Dissemination activities, such as promoting the workshop on social
media, will be made to attract interested participants.

3.2 Tentative schedule for the workshop
The workshop is expected to last about 2.5 to 3 hours. Three organ-
isers (CP, PB, and YY) will moderate discussions and guide tasks.
We expect approximately 15 participants.

(1) Welcome and introduction (10 min)
• Introduction of organisers and speakers.
• Introduction of the workshop’s goals, activities, and sched-
ule.

• Dividing the audience into two breakout groups.
(2) Workshop session 1: Setting the scene (80 min, incl. 10 min

break)
• Organisers’ introduction (10 min):
Concise presentation providing definitions of comfort and
perceived safety, a brief overview of current measurement
approaches, and introducing the problem of lacking shared
best practices and challenges of existing methods.

• Expert talks (60 min):
Three speakers will discuss:
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(a) Advantages and limitations of subjective measurement
methods;
(b) Advantages and practical challenges of using objective
data (e.g., physiological and behavioural), such as signal
processing, artefact removal, and individual variations;
(c) Attempts and experiences of applying mathematical and
AI-based models for passenger state measurements.
Speakers are encouraged to share their experiences in com-
bining methods

(3) Workshop session 2: Discussions (40 min)

• Task 1: Critical assessment of the present (20 min)
Each group discusses measurement categories (e.g., subjec-
tive, objective). Based on the talks and their experience, par-
ticipants will identify: a) Challenges of each method. b) Ef-
fective solutions that have worked for them.
This will be written down on post-it notes and arranged on
a shared whiteboard.

• Task 2: Discovering future methodologies (20 min)
Each group works on the following task: Develop a multi-
modal approach to continuously measure comfort and per-
ceived safety in automated driving. This includes discussions
on how to effectively combine subjective, objective, and be-
havioural data, and the role of AI/LLMs in data collection or
real-time inference.

(4) Workshop session 3: Reflections (25 min)

• Each moderator summarises the output from each group. (20
min)

• Closing words (5 min)

4 Expected outcome
The primary outcome will be a shared, community-driven under-
standing of state-of-the-art in comfort and perceived safety mea-
surement, moving beyond published literature to include practical
experiences. This synthesis of current methodologies, challenges,
and potential best practices will provide participants with a clearer
methodological landscape, assisting researchers in the AutoUI com-
munity in selecting suitable methods. Second, this workshop will
collaboratively define a research agenda and produce a method-
ological paper for public dissemination. This paper will outline
key areas for future work, focusing on more robust, multi-modal
measurement approaches and leveraging AI. Finally, by bringing
together diverse experts and researchers, the workshop will build
a strong professional network, fostering future collaborations to
solve these critical measurement challenges.

5 Speakers
• Prof Riender Happee received the Ph.D. degree from Delft
University of Technology, The Netherlands in 1992. He in-
vestigated road safety and introduced biomechanical human
models for impact and comfort at TNO Automotive (1992-
2007). Currently, he investigates human interaction with
automated vehicles, focusing on safety, motion comfort and
acceptance at the Delft University of Technology, where he
is a Full Professor.

• Prof Marieke Martens is a full professor ‘Automated Vehicles
and Human Interaction’ at Eindhoven University of Technol-
ogy (TU/e). Since 1996, she has been working as a research
in the area of human factors and traffic behavior at TNO.
Marieke is primarily interested in research related to hu-
man behavior and automated driving, an innovation that is
primarily technology driven and has far from reached the
desired level of readiness to be safely introduced on a large
scale on public roads for the general public.

• Dr. Kumar Akash is a Principal Scientist at Honda Research
Institute USA, leading the Human and Social Science group
in San Jose, California. His academic background includes a
Ph.D. and M.S. in Mechanical Engineering from Purdue Uni-
versity and a B.Tech. from IIT Delhi. Dr. Akash’s research
centers on developing human-aware automated systems,
focusing particularly on modeling and optimizing human be-
havior and cognitive states to enhance interactions between
humans and intelligent automation.

6 Organisers
• Dr Chen Peng is a Research Fellow at the Institute for Trans-
port Studies, University of Leeds. Her research interests in-
clude user comfort in automated driving, automated driving
styles, communication strategies, inclusive designs in trans-
port, and human-technology interaction. She received her
PhD in human factors in automated driving as a Marie Curie
Fellow from the University of Leeds.

• Dr Pavlo Bazilinskyy is an assistant professor at TU Eind-
hoven focusing on AI-driven interaction between automated
vehicles and other road users. He finished his PhD at TU
Delft in auditory feedback for automated driving as a Marie
Curie Fellow, where he also worked as a postdoc. He was the
head of data research at NEXTdriver. Pavlo is the treasurer
of the Marie Curie Alumni Association (MCAA) and was a
director of the Research and Innovation unit of the Erasmus
Mundus Association (EMA).

• Yueteng Yu is is a PhD candidate in Human-Machine Inter-
faces (HMIs) for automated driving at Queensland University
of Technology. His research focuses on multimodal HMI, sit-
uation awareness, and user experience in Level 3+ automated
vehicles. He earned an MSc in Human-Computer Interaction
from the University of Nottingham and conducted research
with Tsinghua University’s HCI group. His experience spans
both academia and industry, including work as a UX re-
searcher with car manufacturers and as a Software Engineer.

• Professor Natasha Merat, OBE, is an experimental psychol-
ogist and research group leader of the Human Factors and
Safety Group at the Institute for Transport Studies, Univer-
sity of Leeds. She also leads the Automation theme at Leeds
and is responsible for the strategic direction of research
conducted at Virtuocity. Her main research interests are in
understanding the interaction of road users with new tech-
nologies. She applies this interest to studying factors such
as driver distraction and driver impairment, and she is an
internationally recognised expert in studying the human
factors implications of highly automated vehicles.

300



AutomotiveUI Adjunct ’25, September 21–25, 2025, Brisbane, QLD, Australia Peng et al.

Acknowledgments
The lead author’s time was supported by the Hi-Drive project,
which received funding from the European Union’s Horizon 2020
research and innovation programme under grant agreement No
101006664.

References
[1] Matthias Beggiato, Franziska Hartwich, and Josef Krems. 2019. Physiological

correlates of discomfort in automated driving. Transportation Research Part F:
Traffic Psychology and Behaviour 66 (2019), 445–458. doi:10.1016/j.trf.2019.09.018
Publisher: Elsevier Ltd TLDR: The research project KomfoPilot at Chemnitz
University of Technology aimed to investigate factors that influence comfort in
automated driving as well as to identify physiological indicators of discomfort to
provide a basis for developing a real-time discomfort detection algorithm..

[2] Brinnae Bent, Benjamin A. Goldstein, Warren A. Kibbe, and Jessilyn P. Dunn.
2020. Investigating sources of inaccuracy in wearable optical heart rate sensors.
npj Digital Medicine 3, 1 (Feb. 2020), 1–9. doi:10.1038/s41746-020-0226-6 Number:
1 Publisher: Nature Publishing Group.

[3] A. Brietzke, R. Pham Xuan, A. Dettmann, and A. C. Bullinger. 2021. Concepts
for Vestibular and Visual Stimulation to Mitigate Carsickness in Stop-and-Go-
Driving. In 2021 IEEE International Intelligent Transportation Systems Conference
(ITSC). 3909–3916. doi:10.1109/ITSC48978.2021.9564691

[4] Vadim Butakov and Petros Ioannou. 2015. Driving Autopilot with Personal-
ization Feature for Improved Safety and Comfort. IEEE Conference on Intel-
ligent Transportation Systems, Proceedings, ITSC 2015-Octob (2015), 387–393.
doi:10.1109/ITSC.2015.72 Publisher: IEEE ISBN: 9781467365956 TLDR: This paper
presents methodology that allows automatic autopilot personalization based on
driver performance models, which takes into account driver’s preferences for a
particular trip and manual parameters fine-tuning by the driver..

[5] Foroogh Hajiseyedjavadi, Erwin R. Boer, Richard Romano, Evangelos Pascha-
lidis, Chongfeng Wei, Albert Solernou, Deborah Forster, and Natasha Merat.
2022. Effect of environmental factors and individual differences on subjective
evaluation of human-like and conventional automated vehicle controllers. Trans-
portation Research Part F: Traffic Psychology and Behaviour 90 (Oct. 2022), 1–14.
doi:10.1016/j.trf.2022.07.018

[6] Franziska Hartwich, Matthias Beggiato, and Josef F. Krems. 2018. Driving com-
fort, enjoyment and acceptance of automated driving–effects of drivers’ age
and driving style familiarity. Ergonomics 61, 8 (2018), 1017–1032. doi:10.1080/
00140139.2018.1441448 Publisher: Taylor & Francis TLDR: Younger drivers
showed higher comfort, enjoyment and acceptance with familiar automated-
driving styles, whereas older drivers preferred unfamiliar, automated driving
styles tending to be faster than their age-affected manual driving styles..

[7] FranziskaHartwich, Cornelia Hollander, Daniela Johannmeyer, and Josef F. Krems.
2021. Improving Passenger Experience and Trust in Automated Vehicles Through
User-Adaptive HMIs: “The More the Better” Does Not Apply to Everyone. Fron-
tiers in Human Dynamics 3, June (2021). doi:10.3389/fhumd.2021.669030 TLDR:
Investigating the effects of user group-specific HMI effects on passenger experi-
ence shows the potential of increasing the system transparency of higher-level
automated vehicles through HMIs to enhance users’ passenger experience and
trust and consolidates previous findings on varying user requirements based on
individual characteristics..

[8] Xiaolin He, Jork Stapel, Meng Wang, and Riender Happee. 2022. Modelling
perceived risk and trust in driving automation reacting to merging and braking
vehicles. Transportation Research Part F: Traffic Psychology and Behaviour 86,
January (2022), 178–195. doi:10.1016/j.trf.2022.02.016 Publisher: Elsevier Ltd.

[9] Md-Billal Hossain, Hugo F. Posada-Quintero, Youngsun Kong, Riley McNaboe,
and Ki H. Chon. 2021. A Preliminary Study on Automatic Motion Artifact
Detection in Electrodermal Activity Data Using Machine Learning. Annual
International Conference of the IEEE Engineering in Medicine and Biology Society.
IEEE Engineering in Medicine and Biology Society. Annual International Conference
2021 (Nov. 2021), 6920–6923. doi:10.1109/EMBC46164.2021.9629513

[10] Pascal Jansen, Mark Colley, Svenja Krauß, Daniel Hirschle, and Enrico Rukzio.
2025. OptiCarVis: Improving Automated Vehicle Functionality Visualizations
Using Bayesian Optimization to Enhance User Experience. doi:10.1145/3706598.
3713514 arXiv:2501.06757 [cs] TLDR: OptiCarVis facilitates a comprehensive
design space exploration, enhancing in-vehicle interfaces for optimal passenger
experiences and broader applicability, and demonstrates OptiCarVis’s efficacy
in significantly improving trust, acceptance, perceived safety, and predictability
without increasing cognitive load..

[11] Sina Nordhoff, Jork Stapel, Xiaolin He, Alexandre Gentner, and Riender Happee.
2021. Perceived safety and trust in SAE Level 2 partially automated cars: Re-
sults from an online questionnaire. PLoS ONE 16, 12 December (2021), 1–21.
doi:10.1371/journal.pone.0260953 ISBN: 1111111111 TLDR: It is recommended to
evaluate the development of perceived safety and trust in time, and revisit the
influence of driver engagement and non-driving related task engagement, which

emerged as new constructs related to trust in partial automation..
[12] Daniela Paddeu, Graham Parkhurst, and Ian Shergold. 2020. Passenger comfort

and trust on first-time use of a shared autonomous shuttle vehicle. Transportation
Research Part C 115, March (2020), 102604. doi:10.1016/j.trc.2020.02.026 Publisher:
Elsevier.

[13] Chen Peng. 2024. Understanding and Improving User Comfort in Automated
Driving. phd. University of Leeds. https://etheses.whiterose.ac.uk/34995/

[14] Chen Peng, İbrahim Öztürk, Ruth Madigan, Sina Nordhoff, Sascha Hoogendoorn-
Lanser, Marjan Hagenzieker, and Natasha Merat. 2025. How do passengers of
automated vehicles experience comfort on road? An interview study. doi:10.
13140/RG.2.2.21680.67844

[15] Jaume R. Perello-March, Christopher G. Burns, Stewart A. Birrell, Roger Wood-
man, and Mark T. Elliott. 2022. Physiological Measures of Risk Perception in
Highly Automated Driving. IEEE Transactions on Intelligent Transportation Sys-
tems 23, 5 (May 2022), 4811–4822. doi:10.1109/TITS.2022.3146793

[16] Vishnu Radhakrishnan, Natasha Merat, Tyron Louw, Michael G. Lenné, Richard
Romano, Evangelos Paschalidis, Foroogh Hajiseyedjavadi, Chongfeng Wei, and
Erwin R. Boer. 2020. Measuring drivers’ physiological response to different vehicle
controllers in highly automated driving (HAD): Opportunities for establishing
real-time values of driver discomfort. Information (Switzerland) 11, 8 (2020), 1–14.
doi:10.3390/INFO11080390 TLDR: The results suggest that SCR values are more
sensitive than HRV-based measures to continuously evolving situations that
induce discomfort, which may help improve acceptance of AV controllers..

[17] Clemens Schartmüller and Andreas Riener. 2020. Sick of Scents: Investigating
Non-invasive OlfactoryMotion SicknessMitigation in AutomatedDriving. In 12th
International Conference on Automotive User Interfaces and Interactive Vehicular
Applications (AutomotiveUI ’20). Association for Computing Machinery, New
York, NY, USA, 30–39. doi:10.1145/3409120.3410650 TLDR: Results indicate
that the issued scents were detrimental to the well-being of participants in the
comparisons between post-task (baseline, scented) and pre-test measurements,
with symptoms in the lavender-scented group being perceived as slightly less
harsh than in the ginger-sented group..

[18] Chirag Shah, Ryen White, Reid Andersen, Georg Buscher, Scott Counts, Sarkar
Das, Ali Montazer, Sathish Manivannan, Jennifer Neville, Nagu Rangan, Tara
Safavi, Siddharth Suri, MengtingWan, Leijie Wang, and Longqi Yang. 2025. Using
Large Language Models to Generate, Validate, and Apply User Intent Taxonomies.
ACM Trans. Web (May 2025). doi:10.1145/3732294 Just Accepted TLDR: An end-
to-end pipeline that uses an LLM with Human-in-the-Loop (HITL) to produce,
refine, and apply labels for user intent analysis in log data, which demonstrates
its effectiveness by uncovering new insights into user intents from search and
chat logs from the Microsoft Bing Web search engine..

[19] Joseph Smyth, Stewart Birrell, Roger Woodman, and Paul Jennings. 2021. Ex-
ploring the utility of EDA and skin temperature as individual physiological cor-
relates of motion sickness. Applied Ergonomics 92, January 2020 (2021), 103315.
doi:10.1016/j.apergo.2020.103315 Publisher: Elsevier Ltd TLDR: This study is
in agreement that these measures are related to MS but evidenced a total lack
of reliability for these measures at an individual level for both simulator and
on-road experimentation..

[20] Nidzamuddin Md Yusof, Juffrizal Karjanto, Jacques Terken, Frank Delbressine,
Muhammad Zahir Hassan, and Matthias Rauterberg. 2016. The exploration of
autonomous vehicle driving styles: Preferred longitudinal, lateral, and vertical
accelerations. AutomotiveUI 2016 - 8th International Conference on Automotive
User Interfaces and Interactive Vehicular Applications, Proceedings (2016), 245–252.
doi:10.1145/3003715.3005455 ISBN: 9781450345330 TLDR: This paper describes
a new approach in exploring preferred driving styles for autonomous vehicles
through simulation of autonomous driving in real road conditions, and indicates
that the preferences of assertive drivers for the driving style of an autonomous
vehicle may not match their own driving style..

301

https://doi.org/10.1016/j.trf.2019.09.018
https://doi.org/10.1038/s41746-020-0226-6
https://doi.org/10.1109/ITSC48978.2021.9564691
https://doi.org/10.1109/ITSC.2015.72
https://doi.org/10.1016/j.trf.2022.07.018
https://doi.org/10.1080/00140139.2018.1441448
https://doi.org/10.1080/00140139.2018.1441448
https://doi.org/10.3389/fhumd.2021.669030
https://doi.org/10.1016/j.trf.2022.02.016
https://doi.org/10.1109/EMBC46164.2021.9629513
https://doi.org/10.1145/3706598.3713514
https://doi.org/10.1145/3706598.3713514
https://doi.org/10.1371/journal.pone.0260953
https://doi.org/10.1016/j.trc.2020.02.026
https://etheses.whiterose.ac.uk/34995/
https://doi.org/10.13140/RG.2.2.21680.67844
https://doi.org/10.13140/RG.2.2.21680.67844
https://doi.org/10.1109/TITS.2022.3146793
https://doi.org/10.3390/INFO11080390
https://doi.org/10.1145/3409120.3410650
https://doi.org/10.1145/3732294
https://doi.org/10.1016/j.apergo.2020.103315
https://doi.org/10.1145/3003715.3005455

	Abstract
	1 Introduction
	1.1 Subjective evaluation
	1.2 Objective evaluation
	1.3 Behavioural inferences
	1.4 Overall remarks

	2 Workshop goals
	3 Organisation
	3.1 Pre-workshop
	3.2 Tentative schedule for the workshop

	4 Expected outcome
	5 Speakers
	6 Organisers
	Acknowledgments
	References

