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Accurately measuring comfort and perceived safety in automated vehicles (AVs) is critical for understanding user experience,
accommodating various needs, and eventually contributing to the public acceptance of AVs. However, methodological practices vary
largely across the field. To address this gap, we organised a workshop at AutomotiveUI 2025, where three expert talks covered subjective
measurements, objective and physiological measures, and Al-driven models, followed by two structured group discussion sessions on
current practices and future methodologies. This work-in-progress synthesises key insights from both the expert talks and community
discussions. Critical themes include, for example, the need for context-specific, deliberate selection of subjective measures; the promise
and practical limitations of physiological signals; the ground truth challenge that complicates subjective-objective combination; and
the emerging role of artificial intelligence (AI) for real-time inference and multimodal combination. We offer these insights to provide

the community with a common methodological landscape and to promote more robust practices.
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1 Background

Comfort and perceived safety are two closely related yet conceptually different psychological states shaping user
experience in automated vehicles (AVs), with both affecting public acceptance and adoption of AVs [3, 7, 10, 13].
Despite their importance, measuring these states presents substantial challenges. They are subjective, highly individual,
and context-dependent [12]. They overlap with other constructs such as trust and acceptance [5, 11, 13]. Moreover,
existing measurement approaches each have certain limitations. Subjective measures (e.g., Likert scales) lack cross-study
comparability, and objective physiological signals are often susceptible to artefacts and individual variation [1, 12].
The emerging Al-based approaches remain largely underexplored for measurement purposes. Reliable measurement is
critical for understanding users’ comfort and perceived safety, developing robust indicators, and informing adaptive AV
designs. To address the lack of shared knowledge on how to effectively measure these psychological states, we organised
a workshop at the 17th International ACM Conference on Automotive Interfaces and Interactive Vehicular Applications
(AutomotiveUI 2025) in Brisbane, Australia [12]. Three invited talks on different perspectives were provided, followed
by two structured group discussion sessions. This Work-in-Progress (WiP) reports the key insights and community
perspectives emerging from the workshop, with the aim of providing the AutomotiveUI community with a shared

methodological landscape to guide future research and practice.

2 Method
2.1 Workshop structure

The workshop started with an introduction session to the workshop by the first author, followed by three expert talks,
and finally two structured group discussion sessions. The expert talks covered 1) conceptual grounding of perceived
safety and subjective measurement methods; 2) objective, physiological, and model-based measures; and 3) Al-driven
real-time sensing pipelines for passenger state detection. The first discussion session focused on participants’ past
experiences with subjective and objective measures, such as instrument selection, lessons learned, and challenges
encountered. The second discussion session focused on forward-looking strategies for multimodal measurement,
including the potential role of artificial intelligence (AI) and/or large language models (LLMs) for real-time inference.
Of the more than 40 attendees, approximately 22 participated in the discussion sessions, which were divided into four
groups with the organisers as facilitators. Attendants wrote down their insights briefly on post-it notes and discussed
each topic in sequence. All participants were informed that their contributions would be used for publication to share

with the wider community and were free to withdraw at any time.

2.2 Approach to synthesising insights

Regarding the experts’ talks, the main moderator wrote a summary of each presentation, and the experts had a chance
to provide edits and feedback for the summary to ensure it correctly reflected the essence of their talks. Regarding the
discussion sessions the written notes were transcribed and categorised based on their thematic features. This follows the
procedure of reflective thematic analysis [2, 15], where written notes with similar semantic meanings were categorised
together. Due to the ambiguity of some notes, 14 out of 83 notes from session 1, and 11 out of 56 notes from session 2
were not categorised. A full list, including original written notes, is available at (link removed for review). A generative
Al tool (Claude Sonnet 4.6) was used to assist with digitising handwritten notes, and all outputs were manually checked

and corrected by the first author. It was also used as a reflective tool to support the categorisation process.
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Fig. 1. Example of the output from the discussion sessions. The rest can be found in the supplementary file (link removed for review).

3 Experts’ perspectives
3.1 Topic 1: Subjective measures

Perceived safety was characterised as subjective, highly individual, non-binary, and dynamic. It changes over time,
context, and experience, and is linked to emotions such as fear, relaxation, and excitement rather than being a simple
binary state. The concept is embedded in a dense network of related constructs, including trust, uncertainty, expec-
tations, acceptance, perceived control, comfort, and reliability, suggesting that the high intercorrelation adds risks
in measurement. Scales are often defined with simple instructions like rate "perceived safety” on a scale from 1-10.
This leaves ample room for interpretation, which may hamper interpretation and induce major variance between
respondents. This can be resolved by labelling several levels like "Very unsafe / Safe / Very safe". Such labelling could
describe the perceived safety of the AV user, but could also capture social acceptability of AV behaviour for other users
with labels such as "Aggressive / Socially acceptable / Overly compliant". Labels can also link to user behaviour or
acceptance, like "I would overrule automation / I would be alert and actively monitor / I would take my eyes off the road".
Key recommendations for subjective measurement included: anchoring items to a specific context and scenario rather
than asking general questions; collecting relevant participant background (e.g., technology optimism, AV experience) as
potential moderators; and including a baseline condition to assist interpretation. Continuous measures in time, using
sliders, rotary knobs, button-press, offer temporal sensitivity but introduce practical challenges, including response
delay, scale directionality (e.g., whether up or down corresponds to safer), compliance failures in naturalistic settings,

and the need for manual reset between trials. Issues of button pressing include the difficulty in distinguishing variations
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within participants and the possibility of too few pressing points (due to many reasons, e.g., feeling unsafe, distracted, or
misunderstanding the instruction). A continuous rotary knob paradigm produced clear event-linked response profiles in
a simulator but suffered compliance failures on the road, where users prioritised monitoring the vehicle over reporting
perceived safety [5, 14]. The overall recommendation was to treat all measures as imperfect and select and combine

them deliberately.

3.2 Topic 2: Objective measures and computational models

Drawing on simulator and on-road studies, key findings include: skin conductance, also known as electrodermal activity
(EDA), was one of the most sensitive physiological correlate of perceived safety, responding reliably to driving events;
pupil diameter showed moderate correlations at critical moments [5]; heart rate increased during events but did not
correlate with criticality; and facial emotion recognition largely failed, as the majority of participants showed neutral
facial expressions at safety-critical events, with fear being the least detected emotion [4]. These findings highlight the
need for calibration using known low- and high-risk events, given substantial individual variation. Computational
models predicting perceived risk from vehicle kinematics are shown to well match subjective results in controlled
simulator experiments. Human-machine Interfaces (HMIs) communicating the AV’s perception and intent were shown to

enhance perceived safety [6], which suggests that measurement, modelling, and interface design are deeply interrelated.

3.3 Topic 3: Al-driven models

This topic focused on a progression, moving from self-reports (closest to ground truth but intrusive and infeasible for
real-time use) through physiological correlates to continuous Al models capable of sensing passenger states continuously
and informing system behaviour. Perceived safety is positioned as the foundational layer of a hierarchy of passenger
states, with trust and prosocial wellbeing building above it. A central insight was that labelling and windowing are the
hardest part of building Al sensing models: the Selective Windowing Attention Network (SWAN) addressed this by
learning which temporal windows matter, automatically identifying safety-critical moments rather than assuming fixed
windows [9]. To address the small-dataset problem, self-supervised pretraining across 288 participants from multiple
public datasets, followed by fine-tuning on a smaller target dataset, achieved 79.2% accuracy in predicting prosocial
behaviour [8]. Key practical recommendations included: aligning labels with events, using subject-independent data
splits for generalisation, reporting F1 and AUC (Area Under the Curve) under class imbalance, and treating measurement

as a closed loop that feeds back into system behaviour.

4 Community perspectives
4.1 Good practices and challenges

4.1.1 Subjective measures. Participants discussed a range of approaches in designing and selecting subjective measures.
Instrument selection should be grounded in the literature, with preference given to validated, widely cited scales.
Regarding scale format, numerical rating scales were seen as more practical than open-ended responses, though
standard Likert scales (e.g., 0-5 segments) can be limiting. Whether continuous or discrete scales are preferable remains
unclear. Retrospective reporting afterwards was seen as more feasible, but it may be affected by memory. Qualitative
and think-aloud methods were valued as complements to quantitative scales, especially for exploring reasons behind

trust or distrust, although additional effort in analysis is introduced.
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Table 1. Themes and categories of notes derived from the discussion session 1

Theme Category of notes

Choices & good practices (Sub) Instrument selection
Scale format and granularity
Timing of administration
Think-aloud and qualitative options
Validity threats & challenges (Sub) Social desirability & different behaviour
Language and cultural barriers
Questionnaire fatigue and usability
Confounds
Selection and practical considerations (Ob) Physiological signals
Behavioural signals
Practical constraints
Study context/setting
Linking subjective and objective measures Multimodal approaches
Ground truth challenge

Threats to the validity were identified. Social desirability emerged as a concern, as participants may give overly
positive responses to please the researchers or behave differently when being observed (Hawthorne Effect). Language
and cultural barriers pose a further challenge, particularly when translating established scales across languages, where
interpretation or response may change. Questionnaire fatigue and poor usability were also noted, with long surveys or

items that are difficult to understand may lead to unreliable responses.

4.1.2  Objective measures. Physiological signals (e.g., EDA, EEG, ECG, EMG, facial expression, and thermal imaging) and
observable behaviours (e.g., brake hovering, steering wheel contact) were identified as valuable proxies for subjective
states. However, practical constraints were raised. Many physiological devices are expensive, sensitive to movement
artefacts, or culturally unsuitable (e.g., EEG with hijab-wearing participants), and using too many objective measures
simultaneously can feel obtrusive. Simulator settings can provide controlled data collection, while real-world and field

settings introduce noise and more complexities, but add ecological validity.

4.1.3 Linking subjective and objective measures. Combining subjective and objective measures is valued but raises a
fundamental ground truth problem. Since objective signals are indirect proxies, it is often unclear what is actually being
measured or whether a stable baseline can be established. This uncertainty extends to Al-based inference. The question

of how emotions or cognitive states manifest in measurable signals remains a conceptual challenge.

4.2 Discovering future methodologies

4.2.1 Measurement Approach. Participants broadly favoured multimodal measurement, suggesting that combining
methods adds redundancy, builds rigour, and allows objective measures to validate subjective ones. Subjective ratings can
be used to "scale" objective measures and compensate for individual variation, in particular for physiological measures.
However, instrument combination raises practical challenges around synchronisation and data stream misalignment,
particularly when subjective measures rely on retrospective recall. Think-aloud protocols and naturalistic data were
noted as potentially problematic to analyse due to noise and the disruptive nature of verbalisation. A sequenced
approach (subjective — objective — subjective) was proposed as one way to enhance measure combination. On
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Table 2. Themes and categories of notes derived from the discussion session 2

Theme Category of notes

Measurement approach Multimodal measurement
Instrument combination and challenges
Sampling frequency
Physiological/behavioural tools
Ground truth and baseline

Individual differences Individual difference
Optimisation for same user

Role of AI Al for real-time inference
Al as qualitative analysis tool
Conversational Al as a probe

sampling, (near)continuous measurement in time was seen as preferable given the dynamic nature of comfort and
perceived safety across an AV journey. However, the appropriate sampling frequency remains an open question. Probing
subjective rating after individual events creates specific insight and enhances the statistical significance of effects.

Establishing ground truth and stable baselines was highlighted as an overarching challenge.

4.2.2 Individual Differences. Participants agreed that comfort and perceived safety are highly individual, varying
across demographics, cultures, and personal baselines. It poses challenges for questionnaire design and generalisation.
Balancing the preferences of multiple users was also raised as a particular challenge. Two approaches for single-user
optimisation were discussed: allowing users to configure their own measurement settings and profiles, and building

systems that learn incrementally from the same individual through feedback loops.

4.2.3 Role of Al. Participants identified multiple roles for Al in this context. For real-time inference, fine-tuned
vision-language models were noted as capable of detecting facial features and signs of distracted driving, and Al could
continuously record in-cabin conversations. For qualitative analysis, Al was discussed as a potential secondary coder
for transcription and semantic analysis, although the validation of Al-assisted coding remained unclear. Conversational
Al as an active probe, engages participants in dialogue during a drive as a secondary task, which could capture users’

experiences with low effort.

5 Discussion and Conclusion

The expert talks and community discussions revealed several shared themes. No single measurement method is perfect
and sufficient; a deliberate multimodal combination is valuable; and the ground truth problem (i.e., what comfort and
perceived safety actually are and how they manifest in measurable signals) remains a central challenge. Experts shared
concrete guidance on signal selection and model design, while community discussions explored practical barriers, such
as cultural constraints and questionnaire fatigue. The role of Al was explored, including real-time inference and an
analytical assistant for qualitative data.

This work has limitations. The thematic analysis of post-it notes was exploratory rather than systematic, and some
notes were difficult to interpret without additional context from the original discussion. Future work should focus on
developing and validating multimodal measurement protocols with particular attention to ecological validity, individual
differences, and ground-truth establishment.
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